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Short Communication

Detection of ADHD From EOG Signals Using Approximate Entropy and
Petrosain’s Fractal Dimension
Abstract

Background: Previous research has shown that eye movements are different in patients with attention
deficit hyperactivity disorder (ADHD) and healthy people. As a result, electrooculogram (EOG)
signals may also differ between the two groups. Therefore, the aim of this study was to investigate
the recorded EOG signals of 30 ADHD children and 30 healthy children (control group) while
performing an attention‑related task. Methods: Two features of approximate entropy (ApEn) and
Petrosian’s fractal dimension (Pet’s FD) of EOG signals were calculated for the two groups. Then,
the two groups were classified using the vector derived from two features and two support vector
machine (SVM) and neural gas (NG) classifiers. Results: Statistical analysis showed that the
values of both features were significantly lower in the ADHD group compared to the control group.
Moreover, the SVM classifier (accuracy: 84.6% ± 4.4%, sensitivity: 85.2% ± 4.9%, specificity:
78.8% ± 6.5%) was more successful in separating the two groups than the NG (78.1% ± 1.1%,
sensitivity: 80.1% ± 6.2%, specificity: 72.2% ± 9.2%). Conclusion: The decrease in ApEn and
Pet’s FD values in the EOG signals of the ADHD group showed that their eye movements were
slower than the control group and this difference was due to their attention deficit. The results of
this study can be used to design an EOG biofeedback training course to reduce the symptoms of
ADHD patients.
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Introduction
Attention deficit hyperactivity disorder
(ADHD) is a common mental disorder
in childhood and adolescence, commonly
known as three symptoms of attention
deficit, hyperactivity, and impulsivity
and affects the quality of social life of
children. This disorder causes antisocial
behaviors, educational and emotional
problems, learning disabilities in the
affected person, and increases the risk of
drug addiction, motor vehicle accidents,
etc., in adulthood.[1‑5] Accordingly, timely
diagnosis, rehabilitation, and treatment of
people with this disorder are important,
and many researchers have focused on
providing rehabilitation programs to treat
ADHD patients.[3]
The ADHD is typically diagnosed using
various versions of the ADHD criteria
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published in the Diagnostic and Statistical
Manual of Mental Disorders (DSM‑5) by
the American Psychiatric Association.[6]
The diagnostic accuracy of ADHD through
these criteria is strongly influenced by the
accuracy of the responses of the child’s
relatives and their understanding of
psychological questions.[7] Therefore, some
researchers have turned to finding strategies
independent of child’s responses, in the
diagnosis of ADHD.[7‑14]
In the meantime, Lubar examined the brain
signals of healthy individuals and ADHD
patients, and observed that there was a
significant difference between the activities
of theta and beta frequency bands in the
ADHD patients.[11] This result led many
researchers to diagnose ADHD using EEG
signal processing. They extracted a variety
of features such as power in different
frequency bands, entropy, Lyapunov
exponent, correlation dimension, and AR
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model coefficients from EEG signals of ADHD patients
and healthy individuals and showed that the two groups
were well separable using various combinations of these
features.[7‑10,12]
On the other hand, other researchers have shown that eye
movements were influenced by the amount of attention,
and thus monitoring eye movements may be useful in
detecting attention‑related disorders.[13‑19] For this reason,
to date, various studies have been conducted to evaluate
the eye movements of ADHD patients in comparison with
healthy individuals.[13‑25]
The eye‑tracking system or EOG signal processing
is mainly used to monitor eye movements. Studies
using the eye‑tracking system showed that binocular
coordination was weaker in ADHD patients than in
healthy controls.[22] Compared to healthy individuals, the
ADHD patients showed less ability to suppress unwanted
saccades.[21] The mean micro‑saccade rate in the ADHD
patients was significantly higher when performing an
attention‑related cognitive task, especially near the onset
of stimulation, than in healthy controls.[18] It has been
shown that there was a significant relationship between
attention‑related eye vergence and orienting visuospatial
attention.[26] Thus, there was a significant difference in
attention‑related eye vergence between the two groups.[17]
In addition, the visual search pattern of ADHD patients
was different from that of healthy individuals, and the
ADHD patients revealed poorer performance in detecting
a change than controls.[23] Moreover, during the Stroop test,
there was a significant difference between the total time
spent on the target stimulus and the distracter stimulus and
the number of fixations on these stimuli in the two groups.
In this test, the ADHD patients switch between the two
stimuli more frequently than healthy controls and exhibit a
poorer performance in ignoring the distracter stimuli.[24] In
addition, it has been shown that the saccades were inhibited
in healthy individuals before the onset of predictable
stimulation, but not in the ADHD patients.[25]
The use of the eye‑tracking system is more common in the
monitoring of eye movements than the use of EOG signals.
However, there are studies that also used the EOG signal
to examine the differences in eye movements in ADHD
patients and the healthy controls.[13,14,19,20] For example, poor
ability of ADHD patients to suppress unwanted saccades
using EOG signal analysis has also been concluded.[20]
EOG analysis has also been shown that healthy people
have performed better in image follow‑up, compared
to those with ADHD.[27] Decreased values of ApEn and
SampEn entropies in the vertical EOG signal have shown
a delay in attention or lack of desire to pay attention to
the surrounding environment.[28] It has been found that
standard deviation and energy of wavelet detail coefficients
were significantly higher in ADHD children as compared
to healthy controls.[13] The values of low‑frequency (0.5–

4.125 Hz) band power, fractal dimension, and entropy
were also found significantly lower in the EOG signals
of the ADHD children, compared to the healthy
individuals.[19] Moreover, the scaling exponent detrended
fluctuation analysis (DFA) was found significantly higher in
ADHD children.[14,19] Petrosaian’s fractals dimension (Pet’s
FD) and approximate entropy (ApEn) were found as the
most effective features to separate the EOG signals of the
groups. The two groups were also classified using scaling
exponent and Growing Neural Gas (NG) classifier with an
average detection accuracy of 72.22% ± 2.8%.
The present study focused to diagnose ADHD with a simpler
and cheaper recording and processing steps. EOG signal
recording is possible even only with a single channel and is
more cost‑effective than multi‑channel EEG recording and
eye‑tracking system. However, there is insufficient research
into the diagnosis of ADHD by the EOG signal. To date,
only one study has been performed on the classification of
the two groups’ EOG signals using the scaling exponent.[14]
In addition, it has been shown that the combination of Pet’s
FD and ApEn was more effective in separating the two
groups’ EOG as compared to the scaling exponent.[19]
Moreover, ApEn can quantify the complexity, predictability,
and irregularity of the signals.[29] The Pet’s FD also shows
the amount of complexity and self‑similarity of a time
series over a period of time.[30] Both features have been used
successfully in goals such as diagnosing different diseases,
quantifying the cognitive workload, separating skilled and
unskilled people using the EEG signals.[31‑34] Therefore, it
is possible that the accuracy of EOG classification of the
two groups will be improved by using these two features.
Therefore, the present research has focused on calculation
of the Pets’ FD and ApEn values of EOG signals in two
groups of ADHD and healthy children and to determine
their differences by statistical tests. In addition, the two
groups are classified by the calculated features and two
classifiers (support vector machine [SVM] and NG). These
classifiers have been selected based on the results of
previous studies that have shown good results in classifying
biological signals in different states.[35,36]
Proposed approach
Constitute necessary data
Participants
This study used the database of research by Mohammadi
et al., including EEG and EOG signals of 30 healthy
children (25 boys and 5 girls, with mean age of
9.85 ± 1.77 years) and 30 ADHD children (22 boys
and 8 girls, with mean age of 9.62 ± 1.75 years).
A psychiatrist diagnosed the ADHD children using the
DSM‑IV criteria, which consisted of 25 children with
ADHD‑C (hyperactive with attention deficit), three children
with ADHD‑I (with attention deficit), and two children with
ADHD‑HI (hyperactive). Raven`s Progressive Matrices
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Test was used to select the subjects, and children over
moderate level were selected for the study. Children in both
groups had no history of other mental disorders and brain
injuries such as epilepsy, learning disabilities, and taking
medications such as benzodiazepine and barbiturate.[7]
How to record electrooculogram signals
The desired database has been recorded at the Psychiatric
and Clinical Psychology Research Center, Roozbeh
Psychiatric Hospital, Tehran University of Medical
Sciences (TUMS), Tehran, Iran, using the SD‑C24 device.
The EEG signals were recorded using 20 electrodes in
accordance with 10–20 international standard System,
and electrodes A1 and A2 located in the earlobes were
used as reference. The EOG signal was recorded using
two electrodes located above and below the right eye.
The sampling frequency was set to 256 Hz. During the
recording, all signals were filtered with a band‑pass filter
with a frequency range of 0.3–30 Hz. To reduce noise and
artifacts, the signal recording operation was performed in
a conserved room and subjects were asked to avoid extra
movement, especially in the head area.[7]
Figure 1: An example of pictures shown to each child[7]

Study methodology
A number of images, including some figures of animals
or cartoon characters, were shown to each subject. The
number of figures in each image ranged from 5 to 16, and
the size was large enough for subjects to easily see and
count. Some of these figures were at the top of the image
and others at the bottom of the image. The subject must
first count the number of figures at the top of the image and
then count the number of figures at the bottom of the image,
finally summing this number together and announcing the
total. Immediately after the response, the next image was
displayed to the child. This process was repeated for 17
different images and the subject’s EEG and EOG signals
were recorded while performing this process[7]; Figure 1
shows an example of these images. The study methodology
was approved by the Ethical Committee of TUMS.
Data preprocessing
In the present study, the EOG signals were examined
visually and parts of the signal containing large artifacts
such as blinking and muscle movement artifacts were
excluded. Since there is an effect of brain activity on the
EOG signal, we tried to remove the effect of the EEG signal
from the EOG to observe the pure effect of the EOG signal.
Independent component analysis method was used for this
purpose. Thus, the matrix containing the 21‑channel EEG
of each subject (20 EEG channels, along with the A1,
A2, and EOG signals) was subdivided into independent
components, and all the components containing the effect of
eye movement and EMG signal artifacts were excluded. The
signals were then reconstructed. The reconstructed EOG
signal was, in fact, the brain activity recorded through the
EOG channel. This brain component was subtracted from
256

the raw EOG signal to obtain a purer EOG. The resulting
signal was then subdivided into fragments with a length of
20 s with 10 s of overlap for next processing and termed
the cleaned EOG signal. Figure 2 shows an example of raw
EOG signal, EEG component recorded at the EOG channel
location and cleaned EOG for a healthy subject.
Calculation of features for the studied electrooculogram signals
Approxiamte entropy
Approxiamte entropy (ApEn) is a measure of irregularity
and unpredictability (uncertainty) of a time series
introduced by Richmann in 2000.[29,37] The higher the ApEn
value, the greater the irregularity and the unpredictability
of the time series; the ApEn is calculated for the x time
series (x(1), x(2),…, x(N)) as follows:
ApEn(m,r,N)
=

N ‑m‑1
1
1 N ‑m
logcim (r) ‑
∑
∑ logcim+1 (r)
N ‑ m+1 i=1
N ‑ m i=1



(1)

Where, m is embedding dimension, r shows tolerance and N
represents the number of time series data. Cm (r) shows the
correlation integral and indicates the probability that two
sets of data points of an embedding dimension m having a
distance less than r. Similarly, Cm + 1(r) is defined for two
sets of data points of an embedding dimension m + 1.[37] In
the present study, m = 1 and r are considered to be 25% of
the standard deviation of each signal.[33]
Pet’s fractal dimension
The fractal dimension is a criterion for quantifying complexity
and self‑similarity and is defined as a ratio of the change
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Figure 2: An example of a raw electrooculogram signal, the recorded brain component in the place of electrooculogram channel and the cleaned
electrooculogram for a healthy subject[13,14]

in detail to the change in scale. There are several methods
for calculating the fractal dimension, which was calculated
by the Pet’s method in this study. In this method, a binary
sequence is generated by assigning + 1 or − 1 depending on
whether the result of the subtraction is positive or negative,
respectively. Then, Pet’s FD was calculated as follows:
D=

log(n)
log(n)+log(


n
)
n+0.4N Ä

(2)

Where, n is the number of time‑series samples and NΔ
is the number of sign changes in the generated binary
sequence.[38]
Statistical analysis of calculated features
Kolmogorov–Smirnov test was used to assess the normal
distribution of the features. According to the results of
this test, the distribution of all features was nonnormal.
Therefore, Mann–Whitney U‑test was used to detect
differences between the two groups.
Classification of electrooculogram signals in two groups
Neural gas
In this study, NG method was used to classify the EOG
signals in two groups. The NG is one of the competitive
artificial neural networks introduced by Martinetz and
Schulten in 1991.[39] The number of neurons in this network
remains constant during training and all neurons are
updated based on their similarity to the input pattern. The
training algorithm of this network is as follows:
1. At the beginning of the task, the number of neurons (N)
is specified and a random weight is assigned to each
2. An input vector (ξ) is exhibited to the network and its
similarity is computed relative to each neuron
3. The weights are updated using the following equations:
∆wi = ε (t).hλ (ki ).( ξ ‑ wi ) 

(3)

hλ (k)
= exp( ‑k λ(t) )

(4)

ε (t)= ε i ( ε f ε i )t t 

(5)

λ(t)= λi ( λ f λi )t t 

(6)

max

max

Where, wi is the weight of ith neurons, ε(t) and λ(t)
represents the time‑dependent training coefficients, and k is
the order of the neurons.
1. The time parameter is increased (t = t + 1)
2. If t <tmax, it will move to step (2), and the previous
process will be repeated.
To classify using the NG network, the coordinates of the
neurons are first determined, as stated. Then, an input vector
is selected, and its distance to each neuron is independently
measured. Next, the closest neuron to the target input
vector is designated, and this vector is placed in the cluster
corresponding to the winning neuron. This process is also
repeated for the rest of the training vectors. Finally, the
members of all clusters are identified. To determine the
label of each cluster, the number of members of each group
is counted among the cluster members, and the cluster
label is determined according to the most labels among the
cluster members. After labeling the neurons, they are used
in the network test phase. Thus, a feature vector is measured
from the selected test data, and its distance to each neuron
is measured. The winning neuron is then selected with the
least distance and the label of the test feature vector is
determined by the label of the winning neuron.[35,36]
In the present study, learning coefficients ɛi, ɛf, λi and λf
were set to 0.5, 0.005, 10 and 0.01, respectively.[35,36,40]
Support vector machine network
SVMs are networks whose training is supervised and used for
data classification and regression analysis purposes. Vapnik in
1963 for the first time proposed the SVM as a linear classifier.
Later in 1992, Boser et al. proposed a nonlinear SVM in
which a nonlinear classifier was constructed using a nonlinear
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kernel. The standard soft‑margin SVM model was also
proposed by Cortes and Vapnik in 1993.[41,42] In the present
study, nonlinear SVM with radial basis function (RBF) kernel
was applied to classify the data.

Analysis of experimental results
Statistical analysis
The mean values of ApEn and Pet’s FD of raw and cleaned
EOG signals were calculated in two groups [Figure 3].
As can be seen, the mean ApEn value of the EOG signals
in the control group (1.028 ± 0.20) was significantly
higher than in the ADHD group (0.84 ± 0.25) (P < 0.001).
In addition, the control group (1.16 ± 0.05) had a
higher mean Pet’s FD of EOG signals than the ADHD
group (1.12 ± 0.06) (P < 0.001). According to the results,
no considerable difference was observed between the
results of the raw and cleaned EOG signals.
Classification of the electrooculogram signals in two
groups
The EOG signals of the two groups were classified using
two‑dimensional feature vector consisted of ApEn and
Pet’s FD values and two separate classifiers (NG network
and SVM algorithm).

To select the kernel type for SVM, the ROC curves were
plotted for SVMs with linear, RBF, and polynomial (order 3)
kernels [see Figure 4]. Accordingly, the SVM model with
RBF kernel showed a higher diagnostic performance in
terms of area under the ROC curve.
A 10‑fold cross‑validation structure was used to classify
and evaluate the calculated features. Thus, 90% of the
ADHD’s feature vectors were used for training and 10%
for classifiers testing. It was observed that if 90% of
the control group’s samples were used for training in
the training of the SVM, the sensitivity of the algorithm
was considerably lower compared to its specificity.
Therefore, the number of control group’s samples was
varied from 10 to 127 (total control group’s samples) and
for each set of samples in the control group, sensitivity,
specificity (detection accuracy for the remaining samples
in the control group) and total classification accuracy
averages were measured. For example, if 10 samples from
the control group were considered for network training
and evaluation, the remaining samples in the control group
were 117. It was observed that if the control group samples
used in the SVM training increase, its sensitivity decreases.
Therefore, only 10 samples from the control group were
used to train the SVM and 117 samples were used to
calculate the specificity.

Figure 3: The mean approximate entropy and Petrosian’s fractal dimension values of both raw and cleaned electrooculogram signals of the two groups
(***: P < 0.001)
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Figure 4: The ROC curves were plotted for SVMs with linear, radial basis function (RBF) and polynomial (order 3) kernels

The appropriate size for the NG network was also set to
20 neurons and training was obtained at 50 epochs. 90% of
the feature vectors of the two groups were used for training
and 10% for classifiers testing. Table 1 presents the mean
detection accuracy of 10‑time classification of EOG signals
using the both classifiers.
As can be seen in Table 1, the SVM classifier was more
successful in classifying the two groups than the NG
network.

Discussion
Statistical analysis of the calculated features
In this study, we examined the differences in EOG signals
between ADHD and healthy children. The results showed
that the ApEn values of the EOG signals were significantly
higher in the control group than in the ADHD group while
performing an attention‑related task. The decrease in ApEn
values of the vertical EOG signal indicates slower eye
movements and unwillingness to pay attention or delay in
attention to the surroundings of the subject.[28] Therefore, the
eye movements of ADHD group were slower than control
group and this difference was due to their attention deficit.
The results of a previous study showed that the relative
power of the low‑frequency range (0.5–7.5 Hz) of the
EOG signals in the ADHD group was significantly higher
than in the control group, and the relative power of the
high‑frequency range (7.5–15 Hz) of their EOG signals was
lower compared to the control group. The higher relative
power of the low‑frequency range and the lower relative
power of the high‑frequency range in the EOG signals of
ADHD group also indicate slower eye movements compared
to the control group.[19] Therefore, this result is consistent
with the finding in the present study.[19]
The results obtained in the present study also indicate
a significant decrease in the value of the Pet’s FD of the

Table 1: The mean detection accuracy of classification of
electrooculogram signals using support vector machine
and neural gas classifier

Sensitivity (%)
Specificity (%)
SVM
85.2±4.9
72.2±9.2
NG
76.2±5.8
78.4±10.2
SVM - Support vector machine; NG - Neural gas

Accuracy (%)
84.6±4.4
78.1±1.1

EOG signals in the ADHD group. The fractal dimension
indicates the complexity of the signal. If only a small
number of low frequencies dominate a signal, the fractal
dimension value of that signal will decrease. Conversely,
the wider the signal spectrum, the higher the fractal
dimension;[43,44] previous research has shown that the major
activity of EOG signals in the ADHD group and the control
group was in the range of 0.5–4.125 Hz and 4.125–15 Hz,
respectively.[19] As a result, the lower fractal dimension of
the EOG signals in the ADHD group is consistent with a
narrower frequency range and less dominant frequencies.
This result also confirms slower eye movements due to
attention deficit disorder in the ADHD group.
In the present study, the raw EOG signal and the EOG
signal after exclusion of the component related to the EEG
signal were investigated, separately. The results show that
there was no significant difference between the two raw and
cleaned EOG signals in the separation of the two groups.
Therefore, there is no need to remove the EEG component
from the EOG and that extracting a feature from the raw
EOG signal can determine the difference between the two
groups.[19]
Classification of the electrooculogram signals using the
calculated features
The EOG signals were classified in the ADHD and control
groups using feature vector consisted of ApEn and Pet’s
FD values. The results showed that the SVM classifier was
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more successful in separating the EOG signals than the NG
classifier in two groups.
The detection accuracies of two groups’ EOG signals using
SVM and NG classifiers were obtained as 84.6 ± 4.4% and
78.1 ± 1.1%, respectively. There is insufficient research
to compare the classification accuracy of eye movements
in the two groups (with both methods of EOG processing
and eye‑tracking system). In a previous study, the scaling
exponents of the EOG signals in the two groups were
classified by Growing NG classifier with a detection
accuracy of 72.2% ± 2.1%. As a result, the obtained
detection accuracy of the EOG signals in the two groups
using feature vector consisted of ApEn and Pet’s FD values
was improved as compared to the previous research.
The importance of processing ocular signals of the two
groups
Most research on eye movements in ADHD patients
and healthy individuals has used eye‑tracking systems,
while the EOG signal is an appropriate indicator of one’s
mental activity and is commonly referred to as an external
reflection of unconscious behaviors. In fact, the EOG signal
is considered to be an information‑rich signal and can
indicate a level of fatigue or even attention.[28,45‑47] If the
same results can be obtained with eye‑tracking system by
processing EOG signals, it will be possible to distinguish
between the two groups with a simpler and cheaper system.
The present study investigated the EOG signals of ADHD
patients and controls without the need to extract signal
peaks and calculate the degree of deviation. There is hope
for a cheap, simple, and reliable system to differentiate
ADHD patients and healthy individuals by extracting
diverse features from the entire EOG signal.
Moreover, one of the nonpharmacological treatments for
ADHD is EEG signal biofeedback or neurofeedback. In
this way, the EEG signals of the subjects are recorded and
their brain activity is feedbacked in the form of an audio
or video feedback to try to modify or alter their brain
activity.[48‑50] Given the differences observed between the
ApEn and Pet’s FD values of the two groups, it is likely
that EOG biofeedback alone or in combination with
neurofeedback may be effective in treating or reducing the
symptoms of ADHD people. Some types of neurofeedback
training methods require the classification or clustering
of data related to the initial group (ADHD people) and
the target group (healthy people).[51‑54] In conclusion, the
results of this study could be useful in designing an EOG
biofeedback course for the treatment of ADHD disorder.

Conclusion
The current study investigated the differences in ApEn
and Pet’s FD values of EOG signals between the ADHD
and control groups. According to the results, a significant
decrease was observed in the values of ApEn and Pet’s FD
of EOG signals in the ADHD group. Moreover, the two
260

groups were classified using the vector derived from ApEn
and Pet’s FD and two SVM and NG classifiers. The two
groups were separated using the SVM and NG classifiers
with detection accuracy of 84.6% ± 4.4% and 78.1% ±
1.1%, respectively. Therefore, the SVM classifier was more
successful in separating the two groups than the NG.

Acknowledgment
We, hereby, express our sincere thanks to Prof. Ali Motie
Nasrabadi for providing the database.
Financial support and sponsorship
None.
Conflicts of interest
There are no conflicts of interest

References
1.

Küpper T, Haavik J, Drexler H, Ramos‑Quiroga JA,
Wermelskirchen D, Prutz C, et al. The negative impact of
attention‑deficit/hyperactivity disorder on occupational health
in adults and adolescents. Int Arch Occup Environ Health
2012;85:837‑47.
2. Reinhardt MC, Reinhardt CA. Attention deficit‑hyperactivity
disorder, comorbidities, and risk situations. J Pediatr (Rio J)
2013;89:124‑30.
3. Strahler Rivero T, Herrera Nuñez LM, Uehara Pires E,
Amodeo Bueno OF. ADHD rehabilitation through video
gaming: A systematic review using PRISMA guidelines of the
current findings and the associated risk of bias. Front Psychiatry
2015;6:151.
4. Tajik‑Parvinchi D, Wright L, Schachar R. Cognitive rehabilitation
for Attention Deficit/Hyperactivity Disorder (ADHD):
Promises and problems. J Can Acad Child Adolesc Psychiatry
2014;23:207‑17.
5. Gholami R, Esteki M, Nosratabadi M. Relationship between IVA
measures and QEEG pattern in children with attention‑deficit/
hyperactivity disorder. J Neuropsychol 2017;3:25-8.
6. American Psychiatric Association. Diagnostic and Statistical
Manual of Mental Disorders (DSM‑5®). 5th ed. American
Psychiatric Pub. 2013.
7. Mohammadi MR, Khaleghi A, Nasrabadi AM, Rafieivand S,
Begol M, Zarafshan H. EEG classification of ADHD and normal
children using non‑linear features and neural network. Biomed
Eng Lett 2016;6:66‑73.
8. Abibullaev B, An J. Decision support algorithm for diagnosis
of ADHD using electroencephalograms. J Med Syst
2012;36:2675‑88.
9. Ghassemi F, Hassan‑Moradi M, Tehrani‑Doost M, Abootalebi V.
Using non‑linear features of EEG for ADHD/normal participants’
classification. Procedia Soc Behav Sci 2012;32:148‑52.
10. Marcano JL, Bell MA, Beex AA. Classification of ADHD and
Non‑ADHD subjects using a universal background model.
Biomed Signal Process Control 2018;39:204‑12.
11. Lubar JF. Discourse on the development of EEG diagnostics
and biofeedback for attention‑deficit/hyperactivity disorders.
Biofeedback Self Regul 1991;16:201‑25.
12. Jalali P, Sho’ouri N. Neurofeedback training protocol based on
selecting distinctive features to treat or reduce ADHD symptoms.
Clin EEG Neurosci 2021;52:414‑21.

Journal of Medical Signals & Sensors | Volume 12 | Issue 3 | July-September 2022

[Downloaded free from http://www.jmssjournal.net on Saturday, July 30, 2022, IP: 176.102.243.7]
Sho’ouri: Detection of ADHD from EOG signals

13. Ayoubipour S, Hekmati H, Sho’ouri N, editors. Analysis of EOG
Signals Related to ADHD and Healthy Children Using Wavelet
Transform. 2020 27th National and 5th International Iranian
Conference on Biomedical Engineering (ICBME), IEEE; 2020.
14. Sho’ouri N. Diagnosis of attention deficit hyperactivity disorder
using detrended fluctuation analysis of EOG signal. Iran J
Biomed Eng 2020;14:161‑70.
15. Mahone EM, Mostofsky SH, Lasker AG, Zee D, Denckla MB.
Oculomotor anomalies in attention‑deficit/hyperactivity disorder:
Evidence for deficits in response preparation and inhibition.
J Am Acad Child Adolesc Psychiatry 2009;48:749‑56.
16. Gargouri‑Berrechid A, Lanouar L, Kacem I, Ben Djebara M,
Hizem Y, Zaouchi N, et al. Eye movement recordings in children
with attention deficit hyperactivity disorder. J Fr Ophtalmol
2012;35:503‑7.
17. Solé Puig M, Pérez Zapata L, Puigcerver L, Esperalba Iglesias N,
Sanchez Garcia C, Romeo A, et al. Attention‑related eye
vergence measured in children with attention deficit hyperactivity
disorder. PLoS One 2015;10:e0145281.
18. Fried M, Tsitsiashvili E, Bonneh YS, Sterkin A,
Wygnanski‑Jaffe T, Epstein T, et al. ADHD subjects fail to
suppress eye blinks and microsaccades while anticipating visual
stimuli but recover with medication. Vision Res 2014;101:62‑72.
19. Sho’ouri N. EOG biofeedback protocol based on selecting
effective features to treat or reduce ADHD symptoms. Biomed
Signal Process Control 2021;70:102748.
20. Munoz DP, Armstrong IT, Hampton KA, Moore KD. Altered
control of visual fixation and saccadic eye movements
in attention‑deficit hyperactivity disorder. J Neurophysiol
2003;90:503‑14.
21. Hanisch C, Radach R, Holtkamp K, Herpertz‑Dahlmann B,
Konrad K. Oculomotor inhibition in children with and without
attention‑deficit hyperactivity disorder (ADHD). J Neural
Transm (Vienna) 2006;113:671‑84.
22. Granet DB, Gomi CF, Ventura R, Miller‑Scholte A. The
relationship between convergence insufficiency and ADHD.
Strabismus 2005;13:163‑8.
23. Türkan BN, Amado S, Ercan ES, Perçinel I. Comparison of
change detection performance and visual search patterns among
children with/without ADHD: Evidence from eye movements.
Res Dev Disabil 2016;49‑50:205‑15.
24. Vakil E, Mass M, Schiff R. Eye movement performance on the
stroop test in adults with ADHD. J Atten Disord 2019;23:1160‑9.
25. Dankner Y, Shalev L, Carrasco M, Yuval‑Greenberg S.
Prestimulus inhibition of saccades in adults with and without
attention‑deficit/hyperactivity disorder as an index of temporal
expectations. Psychol Sci 2017;28:835‑50.
26. Solé Puig M, Pérez Zapata L, Aznar‑Casanova JA,
Supèr H. A role of eye vergence in covert attention. PLoS One
2013;8:e52955.
27. Latifoğlu F, Esas MY, Demirci E. Diagnosis of attention‑deficit
hyperactivity disorder using EOG signals: A new approach.
Biomed Tech (Berl) 2020;65:149‑64.
28. Wang H, Wu C, Li T, He Y, Chen P, Bezerianos A. Driving
fatigue classification based on fusion entropy analysis combining
EOG and EEG. IEEE Access 2019;7:61975‑86.
29. Pincus SM, Keefe DL. Quantification of hormone pulsatility
via an approximate entropy algorithm. Am J Physiol
1992;262:E741‑54.
30. Mandelbrot BB. The Fractal Geometry of Nature. Macmillan;
1983.
31. Taghavi M, Boostani R, Sabeti M, Taghavi SM. Usefulness of
approximate entropy in the diagnosis of schizophrenia. Iran J

Psychiatry Behav Sci 2011;5:62‑70.
32. Sabeti M, Katebi S, Boostani R. Entropy and complexity
measures for EEG signal classification of schizophrenic and
control participants. Artif Intell Med 2009;47:263‑74.
33. Sho’ouri N, Firoozabadi M, Badie K. Neurofeedback
training protocols based on selecting distinctive features and
identifying appropriate channels to enhance performance
in novice visual artists. Biomed Signal Process Control
2019;49:308‑21.
34. Shourie N, Firoozabadi M, Badie K. Analysis of EEG signals
related to artists and nonartists during visual perception, mental
imagery, and rest using approximate entropy. Biomed Res Int
2014;2014:764382.
35. Shourie N. Cepstral analysis of EEG during visual perception
and mental imagery reveals the influence of artistic expertise.
J Med Signals Sens 2016;6:203‑17.
36. Shourie N, Firoozabadi SM, Badie K. A comparative
investigation of wavelet families for analysis of EEG signals
related to artists and nonartists during visual perception, mental
imagery, and rest. J Neurother 2013;17:248‑57.
37. Richman JS, Moorman JR. Physiological time‑series analysis
using approximate entropy and sample entropy. Am J Physiol
Heart Circ Physiol 2000;278:H2039‑49.
38. Petrosian A. Kolmogorov Complexity of Finite Sequences
and Recognition of Different Preictal EEG Patterns. IEEE
Symposium on Computer‑Based Medical Systems. Texas: IEEE;
1995. p. 212‑7.
39. Martinetz TM, Schulten KJ. A neural gas network learns
topologies. Artificial Neural Networks. 1991. p. 397‑402.
40. Shourie N, Firoozabadi SM, Badie K, editors. Information
Evaluation and Classification of Scaling Exponents of EEG
Signals Corresponding to Visual Perception, Mental Imagery
& Mental Rest for Artists and Non‑Artists. Biomedical
Engineering (ICBME), 2011 18th Iranian Conference of; 2011:
IEEE; 2011.
41. Cortes C, Vapnik V. Support‑vector networks. Mach Learn
1995;20:273‑97.
42. Boser BE, Guyon IM, Vapnik VN, editors. A Training Algorithm
for Optimal Margin Classifiers. Proceedings of the Fifth Annual
Workshop on Computational Learning theory. ACM; 1992.
43. Accardo A, Affinito M, Carrozzi M, Bouquet F. Use of the
fractal dimension for the analysis of electroencephalographic
time series. Biol Cybern 1997;77:339‑50.
44. Gómez‑Herrero G, De Clercq W, Anwar H, Kara O,
Egiazarian K, Van Huffel S, et al., editors. Automatic Removal
of Ocular Artifacts in the EEG Without an EOG Reference
Channel. Proceedings of the 7th Nordic Signal Processing
Symposium‑NORSIG 2006. IEEE; 2006.
45. Bulling A, Ward JA, Gellersen H, Tröster G. Eye movement
analysis for activity recognition using electrooculography. IEEE
Trans Pattern Anal Mach Intell 2011;33:741‑53.
46. Schmidt J, Laarousi R, Stolzmann W, Karrer‑Gauß K. Eye blink
detection for different driver states in conditionally automated
driving and manual driving using EOG and a driver camera.
Behav Res Methods 2018;50:1088‑101.
47. Zhu X, Zheng WL, Lu BL, Chen X, Chen S, Wang C, editors.
EOG‑Based Drowsiness Detection Using Convolutional Neural
Networks. 2014 International Joint Conference on Neural
Networks (IJCNN). IEEE; 2014.
48. Barth B, Mayer K, Strehl U, Fallgatter AJ, Ehlis AC. EMG
biofeedback training in adult attention‑deficit/hyperactivity
disorder: An active (control) training? Behav Brain Res
2017;329:58‑66.

Journal of Medical Signals & Sensors | Volume 12 | Issue 3 | July-September 2022

261

[Downloaded free from http://www.jmssjournal.net on Saturday, July 30, 2022, IP: 176.102.243.7]
Sho’ouri: Detection of ADHD from EOG signals

49. Steiner NJ, Frenette EC, Rene KM, Brennan RT, Perrin EC.
Neurofeedback and cognitive attention training for children with
attention‑deficit hyperactivity disorder in schools. J Dev Behav
Pediatr 2014;35:18‑27.
50. Vernon D, Frick A, Gruzelier J. Neurofeedback as a treatment
for ADHD: A methodological review with implications for future
research. J Neurother 2004;8:53‑82.
51. Hadavi H, Sho’ouri N, editors. Soft Boundary‑Based Neurofeedback
Training Procedure: A Method to Control EEG Signal Features
during Neurofeedback Training Using Fuzzy Similarity Measures.
2019 26th National and 4th International Iranian Conference on
Biomedical Engineering (ICBME). IEEE; 2019.

262

52. Sho’ouri N. Soft boundary‑based neurofeedback training based
on fuzzy similarity measures: A method for learning how to
control EEG Signal features during neurofeedback training.
J Neurosci Methods 2020;343:108805.
53. Sho’ouri N. A new neurofeedback training method based on
feature space clustering to control EEG features within target
clusters. J Neurosci Methods 2021;362:109304.
54. Sho’ouri N. Hard Boundary‑Based Neurofeedback Training
Procedure: A Modified Fixed Thresholding Method for More
Accurate Guidance of Subjects within Target Areas during
Neurofeedback Training, Clinical EEG and Neuroscience;
2021. [Article in Press].

Journal of Medical Signals & Sensors | Volume 12 | Issue 3 | July-September 2022

