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Temporal Alpha Dissimilarity of ADHD Brain
Network in Comparison With CPT and CATA
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Abstract— Attention deficit hyperactivity disorder
(ADHD) is a chronic neurological and psychiatric disorder
that affects children during their development. To find
neural patterns for ADHD and provide subjective features
as decision references to assist specialists and physicians.
Many studies have been devoted to investigating the neural
dynamics of the brain through resting-state or continuous
performance tests (CPT) with EEG or functional magnetic
resonance imaging (fMRI). The present study used
coherence, which is one of the functional connectivity (FC)
methods, to analyze the neural patterns of children and
adolescents (8-16 years old) under CPT and continuous
auditory test of attention (CATA) task. In the meantime,
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electroencephalography (EEG) oscillations were recorded
by a wireless brain-computer interface (BCI). 72 children
were enrolled, of which 53 participants were diagnosed
with ADHD and 19 presented to be typical developing (TD).
The experimental results exhibited a higher difference
in alpha and theta bands between the TD group and the
ADHD group. While the differences between the TD group
and the ADHD group in all four frequency domains were
greater than under CPT conditions. Statistically significant
differences (p<0.05) were observed between the ADHD
and TD groups in the alpha rhythm during the CATA
task in the short-range of coherence. For the temporal
lobe FC during the CATA task, the TD group exhibited
statistically significantly FC (p<0.05) in the alpha rhythm
compared to the ADHD group. These findings offering new
possibilities for more techniques and diagnostic methods
in finding more ADHD features. The differences in alpha
and beta frequencies were more pronounced in the ADHD
group during the CPT task compared to the CATA task.
Additionally, the disparities in brain activity were more
evident across delta, theta, alpha and beta frequency
domains when the task given was a CATA as opposed to a
CPT. The findings presented the underlying mechanisms
of the FC differences between children and adolescents
with ADHD. Moreover, these findings should extend to
use machine learning approaches to assist the ADHD
classification and diagnosis.

Index Terms— Attention deficit hyperactivity disorder,
electroencephalography, Conners continuous performance
test 3, Conners CATA, wireless wearable brain–computer
interface, functional connectivity.

I. INTRODUCTION

ATTENTION deficit hyperactivity disorder (ADHD) is a
chronic neurological and psychiatric disorder that was

reported to affect children during their development. The
global prevalence of ADHD ranges from 2% to 7% [1].
Children with ADHD exhibit symptoms of hyperactivity,
impulsivity, inattention and combinations of these types. The
ADHD symptoms can persist in adulthood. To reduce the
impact of ADHD on families and academic performances,
early diagnosis and intervention are crucial for improving lives
of children with ADHD [2]. Clinicians typically use diagnostic
criteria from the Diagnostic and Statistical Manual of Psychi-
atric Disorders, 5th edition (DSM-V) and questionnaires such
as the Disruptive Behaviour Disorder Rating Scale (DBDRS)
or the Swanson, Nolan, and Pelham version IV (SNAP-IV) to
determine whether a child has ADHD [3], [4]. The treatment
of ADHD may include medication (e.g. Ritalin) or behavioral
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therapies, depending on the condition of each child with
ADHD. Regarding the clinical assessment tools for ADHD,
such as the Conners Continuous Performance Test 3rd edition
(CPT 3 or CPT), the Conners Continuous Auditory Test
of Attention (CATA), the Kiddie Continuous Performance
Test (k-CPT) and the Integrated Visual and Auditory Contin-
uous Performance Test (IVA-2), were used in clinical trials to
provide additional information for clinicians assessing ADHD
symptoms [5], [6], [7].

Electroencephalography (EEG) is a neuroscientific tool that
uses electrodes placed on the scalp to measure electrical
activity in the brain [8], [9]. EEG has several advantages:
(1) availability, (2) real-time monitoring, (3) non-invasive and
harmless, (4) efficient, and (5) inexpensive [10]. The functional
connectivity (FC) analysis using resting-state EEG has been
used to identify the characteristics and EEG indicators of
ADHD [11]. Other studies have applied EEG to various
cognitive tasks, such as the emotional face recognition task,
and used classification algorithms to identify ADHD in chil-
dren [12], [13], [14], [15], [16], [17], [18], [19], [20], [21].
resting-state EEG FC analysis has been reported as a neu-
romarker in adults with ADHD [22], [23]. G. Michelini et
al. used resting-state EEG to measure information transmis-
sion efficiency associated with symptom intensity [24]. The
neurofeedback (NF) treatment of children with ADHD has
also been evaluated the connectivity of resting-state EEG [2].
S. Wang et al. and S. Coeli et al. used the coherence connec-
tivity measure and graph analysis approach on EEG to explore
the FC changes during CPT in a group of ADHD and
typically developing (TD) children to study the changes and
suggested that there were less efficient network integrations
within children with ADHD [25], [26].

The FC analysis approaches regarding coherence, phase-
locking value (PLV) and phase lab index (PLI), each represent
methods for analyzing synchronization and connectivity in
EEG or other neural signals. They have distinct advantages
and are applicable in different contexts. Coherence is suitable
for overall connectivity analysis in whole-brain networks,
for it provides information about relative phase consistency
at different frequencies. It is commonly used to describe
coordinated oscillations between two signals in the frequency
domain [62]. PLV offers a measure of phase synchronization
between two signals, particularly accurate for describing
instantaneous phase synchrony. PLV is sensitivity to phase
synchrony of non-periodic or non-sinusoidal signals. It is
Useful for studying transient phase synchrony, especially in
event-related analyses [12]. PLI offers a measure of phase
synchronization between two signals, particularly accurate for
describing instantaneous phase synchrony. PLI is sensitivity
to phase synchrony of non-periodic or non-sinusoidal
signals. PLI is useful for studying transient phase synchrony,
especially in event-related analysis [63]. Bearden et al. [27]
in resting state EEG using the functional magnetic resonance
imaging (fMRI) data of children with ADHD [28], [29], [30],
and FC of default mode network (DMN) and dorsal attention
network (DAN) in children with ADHD [31], another example
was that [32] combined resting state functional magnetic
resonance imaging (rsfMRI) and FC to study the default mode

network (DMN). In [32], the event-related potential (ERP)
was investigated from childhood to adulthood during cognitive
tasks; in another paper, a deep learning model was applied
to classify ADHD [24] by using a publicly available fMRI
database of adolescents with ADHD. The study also used the
FC approach to increase model accuracy. FC analysis has also
been used to evaluate neurofeedback treatment in adolescents
with ADHD [13]. Studies have investigated the FC of rsfMRI
and individual severity of ADHD symptoms in adults [33].
Their results showed that a more severe form of hyperactivity
was associated with higher FC in certain brain regions,
including the left putamen, right caudate nucleus, right
central operculum and a portion of the right postcentral gyrus,
which is located within the auditory/sensorimotor network.
Their findings broadened the understanding of the role of the
striatum in the development of ADHD, particularly in relation
to hyperactivity. The authors used resting-state fMRI neu-
roimaging in a deep learning (DL) algorithm to classify ADHD
or healthy controls. They showed the importance of increasing
model accuracy by applying FC [34]. Riaz et al. used rsfMRI
and FC to investigate resting-state networks (RSNs) within the
DMN and frontal control in children diagnosed with ADHD
and found that FC increased in the right inferior frontal
gyrus (IFG) and bilateral medial prefrontal cortex (mPFC)
under the DMN [35]. In addition, studies have investigated
changes in FC in ADHD patients with comorbid social
phobia [36] and used rsfMRI to evaluate the effectiveness of
neurofeedback treatment in adults with ADHD [37].

The EEG is gradually took into considerations of tools
for studying the functioning of the nervous system. The
aforementioned studies have focused on analyzing functional
correlations with resting state or other cognitive tasks of
fMRI neuroimaging technique from children, adolescence and
adult with ADHD. However, there is still a need to further
investigate the specific FC patterns and their relationships
with ADHD symptoms using these techniques. The present
study aims to contribute to the current understanding of
ADHD by investigating FC patterns using EEG in children
and adolescents with ADHD.

II. RELATED WORKS

Literatures on the application of EEG measures with
CPT discussed an ADHD assessment protocol using brain
activation measures (nir-HEG/Q-EEG) and executive mea-
sures (CPTs) [38]. Another explores the use of EEG-based
long short-term memory (LSTM) networks to identify neuro-
logical state changes indicative of ADHD in children [39]; [40]
examines the relationship between alpha oscillations, attention
and inhibitory control in adult ADHD using EEG neuro-
feedback. [41] investigates between-group differences and
associations with sluggish cognitive tempo symptoms in chil-
dren with and without ADHD symptoms using EEG; [42] uses
a multimodal fNIRS and EEG study to investigate executive
dysfunction in medication-naïve children with ADHD. Refer-
ence [43] proposes an EEG-based decision support system for
the diagnosis of adults with ADHD. Reference [44] presents a
phase-space reconstruction of EEG signals for the classifica-
tion of ADHD and control adults. Reference [45] conducts a
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systematic review on whether electroencephalography (EEG)
can identify ADHD subtypes. References [9], [46], and [47]
provides a systematic review and meta-analysis of the sus-
tained effects of neurofeedback in ADHD. An example of
using multiple method combinations of children with ADHD
(<7 years old), such as: DBDRS, k-CPT and EEG [51],
one of the combinations furnished the best probability scores,
indicating that the assessment with EEG and behavioral data
ought to bring attention to the clinical diagnosis. The analysis
of CPT, CATA, and combination of CPT and CATA were
compared. The results showed that the combination performed
higher sensitivity, specificity and more values than using single
test [52].

Regarding auditory tasks, [48] aimed to investigate the
effects of mindfulness training on attention-related EEG mea-
sures in adolescents with ADHD, and the results showed
that mindfulness training was associated with increased
theta power and enhanced event-related potential ampli-
tudes related to attention processes, suggesting that mind-
fulness may enhance attentional processes in adolescents
with ADHD. However, the authors also highlighted some
methodological considerations, such as the need for larger
sample sizes and control groups to further support the
findings.

To the best of our knowledge, most of the previous studies
on ADHD have used fMRI neuroimaging to analyze the FCs
in individuals of different ages. While some studies have
used EEG measures to classify ADHD primarily in resting
conditions with eyes closed or open, others have focused on
applying EEG to CPT. However, to our knowledge, no studies
have investigated FC using both EEG and CATA as measures.
The study can contribute as follows:

1. The study used a combination of CPT, CATA and EEG
to investigate FC in ADHD, which is a novel approach
compared to previous studies that used resting-state EEG
or fMRI data.

2. The paper demonstrated that the addition of CATA to the
FC analysis can provide important insights into temporal
lobe differences.

3. The study showed that short-range FC in the alpha
band was statistically significant during CPT, which can
be used as a reference for critical decision making in
clinical settings.

4. The use of EEG as a measurement tool in combination
with clinical assessment tools such as CPT and CATA
was found to be fast, convenient and safe.

III. MATERIALS AND ANALYSIS PROCEDURE

The clinical assessment tools and recorded EEG oscillations
were used to study the FCs of brain dynamic activities.
The strength of using EEG during clinical assessment tests
was that the participants were able to coordinate in the pro-
cess of clinical diagnosis, and children, parents or guardians
were more acceptable of the non-invasive EEG recording
tools. To investigate the brain activity changes of FC with a
non-invasive neuroimaging measurement, EEG during clinical
assessment tools, we enrolled children and adolescents with
ADHD and TD peers to perform CPT and CATA. During

TABLE I
DEMOGRAPHY OF PARTICIPANTS

their task, their EEG oscillations would be recorded by a
brain-computer interface (BCI) for the FC analysis in this
study.

A. Experiment Procedure
In this study, children with ADHD were recruited as the

experimental group and children with TD were recruited as
the control group to investigate the difference in FC between
the two groups. Recruited participants were instructed to sit
at a desk and press the button when targets appeared. While
the recruited participants performed the test, participants were
put on a wireless wearable BCI, which included the EEG cap
with sponge electrodes to receive and record the EEG signals,
as shown in Fig. 1. The differences in FC between the control
and experimental groups during different tasks were observed
using Conners CPT 3 and Conners CATA.

Throughout the experimental procedure, shown in Fig. 2.
The time spent in the procedure was modified according to the
level of understanding of the participants, until the participants
were able to recognize and follow the task instructions. The
tasks given in the experiment were CPT 3 and CATA. The
order effects could produce biases, where the presentation
order of stimuli or tasks affects responses of participants.
By reducing order effects, counterbalancing could minimize
potential confounds associated with the sequence [53], [54].
In order to eschew the order effect due to the fixed order of
the tasks and optimize the experimental procedure, the order of
these two tasks was randomly counterbalanced. A one-minute
rest period was added between tasks to allow participants to
avoid overexerting themselves during the two fourteen-minute
tasks. Participants were given one minute to rest after the
second task of the experiment.

B. Participants
The experiment was conducted by enrolling school-aged,

8 to 16 years old, including boys and girls, participants
with TD and ADHD. Diagnosis of ADHD was confirmed
based on DSM-V criteria and questionnaires from parents
and educators. The age range followed the age suggestions
of CPT and CATA [5]. Table I presented a total of 72 chil-
dren were enrolled in this study, 53 (42 boys, mean±SD
age: 9.595±6.626, 11 girls, mean±SD age: 9.09±6.626)
of whom were enrolled in the experimental group of
school-aged participants with ADHD. The ADHD participants
were taking Ritalin or participating in behavioral therapies.
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Fig. 1. Experimental setting in this study. The participants take Conners CPT 3 and CATA task, the procedure was recorded using the wireless
wearable brain-computer interface (BCI) for the further analysis. While taking the CPT 3 task, participants were instructed to focus on the screen,
and pressed the space button when the target showed. When the non-target shows, participant need to not press the space button. The CATA task
would play a low tone or a high tone, participants were asked to press the button when hearing a low tone and a high tone.

Fig. 2. The experiment procedure includes resting, CPT 3, and CATA task. The resting state took one minute, and both CPT 3 and CATA task
takes fourteen minutes. The CPT and CATA task orders were randomly switched for counterbalancing. ADHD participants were diagnosed by the
physicians based on DSM-V criteria. ADHD and TD participants would rest for one minute. Before performing the CPT and CATA task, physicians
would elucidate the method of operating tasks. CPT 3: Conners Performance Task 3, CATA: Conners continuous auditory test of attention.

Additionally, 19 children with TD and no history of
psychiatric disorders were enrolled in the control group
(14 boys, mean±SD age: 11.857±2.626; 5 girls mean±SD
age: 8.4±2.626). Physician from child psychiatry department
confirmed all the clinical diagnosis according to the DSM-V
criteria and SNAP-IV questionnaires in clinical setting. All
parents or guardians consented participants to engage tests.
Our participant enrollment was approved by the institutional
review boards (IRB) of Kaohsiung Chang Gung Memorial
Hospital and Chang Gung University College of Medicine.

C. Equipment
In this study, the EEG recordings of the participants were

obtained using the BCI system (fig. 1 and fig. 3) during
their CPT 3 and CATA tasks. Collaborated with the medical
device developer: Artise Biomedical Co., Ltd. The BCI utilized
in this study is a wearable wireless 32-channel EEG cap
with semi-dry sponge electrodes for data collection. The
BCI system conformed the international 10-20 system, the

locations of the electrodes were distributed as follows: Fp1,
Fp2, AF3, AF4, F7, F3, Fz, F4, F8, FT7, FC3, FCz, FC4,
FT8, T7, C3, Cz, C4, T8, TP7, CP3, CPz, CP4, TP8, P7,
P3, Pz, P4, P8, O1, Oz, O2. The reference electrode of
32-channel wireless EEG cap was located on the mastoid
(A1 and A2) as reference for the remaining electrodes. Before
started recording, the electrodes adjusted until the electoral
impedances were below 100 k�. The sampling rate of the BCI
is 1000 Hertz. The Bluetooth transmission device is placed
on the neck area (fig. 1), and the collected EEG signals are
transmitted to the BCI for data recording and the storage was
completed via the Bluetooth module.

D. Continuous Performance Test 3
The Conners Continuous Performance Test 3 (CPT 3) is

a task-oriented computerized assessment of attention-related
problems in individuals aged 8 years and older [4], it is stan-
dardized and can be used in clinical setting. Participants need
to respond (press space button) once the target shows on the
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Fig. 3. The electrode distributions of the BCI. BCI: brain-computer
interface.

screen, while they were asked to hold their impulse when the
non-target appears. The CPT 3 task lasts for fourteen minutes.
Participants would go through six blocks of target/non-target
tasks, shown as Fig. 1 and 2. Three sub-blocks were in each
main block. Each main block has one, two and four seconds
of inter-stimulus intervals (ISIs) randomly assigned to the
three sub-blocks, allowing the child to focus on the entire
CPT 3 task completely and thoroughly. The CPT 3 task
would measure scores: (1) Inattentiveness; (2) Impulsivity;
(3) Sustained Attention, and (4) Vigilance.

E. Conners Continuous Auditory Test of Attention
The Conners Continuous Auditory Test of Attention (CATA)

is a test for individuals aged from eight to sixteen or older
ages. Enrolled participants were instructed to being heedful
to a pair of a low tone and a high tone. CATA procedure
demonstrated on the right side of Fig. 1 and Fig. 2. Upon
hearing the pairs, participants taught to respond (press the
space button) in less than no time. In Fig. 1 and 2, the warned
trials and unwarned trials randomly appeared during the task.
In the warned trials, the warning tone (low tone) would appear
first for 1000 milliseconds, then the target tone (high tone)
would appear after warning tone and 1000 milliseconds of
pause (no sound), then the trial continued the inter-stimulus
interval for 2000 milliseconds. Participants were instructed
to respond and press the space button in the warned trials.
In the unwarned trials, there was only a high tone, which is
the non-target in CATA task. Participants need to pay attention
whether there were low tone appears in trials during the CATA
task.

F. Preprocessing
In order to mitigate the affecting factors resulting from

environmental artifacts, eye movements, muscle movements,
and other physiological artifacts during EEG signal record-
ings from the scalp of participants while performing
tasks [46]. Removing these artifacts were essential prepro-
cessing steps for further observing the EEG oscillations.

Fig. 4. The processing pipeline in this study involved several steps.
First, the EEG data were divided into three states: resting state, CPT
task state, and CATA task state. Next, the signal was filtered with a
bandpass filter ranging from 1 to 50 Hz, and independent component
analysis (ICA) was applied to remove artifacts. Finally, coherence anal-
ysis was conducted. CPT for continuous performance test, CATA for
continuous auditory test of attention, and ICA for independent compo-
nent analysis.

The EEG signal preprocessing pipeline displayed as Fig. 4.
The preprocessing steps including band-pass filtering (range
from 0 to 50 Hertz) for preliminary remove artifacts, and the
independent component analysis (ICA), which is provided by
the EEGLAB toolkit, to further eliminate these abovemen-
tioned artifacts and for facilitating further analysis of EEG
oscillations.

G. Task Segments Extraction
To extract task segments from the original signals, event

markers were initially placed at the beginning of tasks with
the assistance of physicians. However, since the tasks used in
this study did not have event markers to record specific times
of stimuli or responses for investigating event-related poten-
tials (ERPs) and extracting epochs [48], this study followed
the pipeline presented in Fig. 4 to separate the task segments
from the original signals.

H. Band-Pass Filtering and Frequency Band Separations
The band-pass filtering step involved applying a high-pass

finite impulse response (FIR) filter with a cutoff frequency
of 1 Hz to allow signals higher than 1 Hz to pass, followed
by a low-pass FIR filter with a cutoff frequency of 50 Hz to
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TABLE II
FC DIFFERENCES BETWEEN ADHD AND TD GROUPS DURING CPT AND CATA TASK CONDITIONS

allow signals lower than 50 Hz to pass. The signals primarily
retained to the EEG oscillations the desired frequency range.
After band-pass the signal of each participants, The EEG sig-
nals were extracted into delta rhythms (1-3 Hz), theta rhythms
(4-7Hz), alpha rhythms (8-12Hz), and beta rhythms (13-30Hz).
Subsequently, the extracted EEG signals were further divided
into delta rhythms (1-3 Hz), theta rhythms (4-7 Hz), alpha
rhythms (8-12 Hz), and beta rhythms (13-30 Hz). Delta
rhythms are associated with deep sleep states and can be
affected by artifacts such as muscle movements from the neck
or jaw. Theta rhythms are generated during unconscious activi-
ties and deep meditation. Alpha rhythms are typically observed
during resting or idling states and are associated with con-
sciousness and moderate activity. Beta rhythms, on the other
hand, are often found in frontal or central areas [49], [50]
and are associated with spontaneous activity, such as problem-
solving and attention [55].

I. Functional Connectivity During Task Conditions
FC is a methodology to investigate the cognitive functions

and behavior emerge from brain network activations and
interactions in human cortex [56]. In this study, FC approach
was utilized to analyze alpha band oscillations in adolescents
with ADHD during closed eyes resting condition [57] and
more frequency bands. The calculated boundary for FC was
set between 0 and 1, representing the cross-signal density and
similarities in frequency domain.

coherencexy ( f ) =

∣∣∣∣∣ Sxy( f )√
Sxx ( f )Syy( f )

∣∣∣∣∣
2

(1)

Sxx ( f ) denotes the power density of x, Syy( f ) is the power
density of y, Sxy( f ) is the cross-spectral density between x
and y. The coherencexy ( f ) boundary is between 0 and 1.
This formula is to evaluate the linear relations of x and y
in specific frequency band: delta, theta, alpha, beta frequency
rhythm.

J. Statistical Analysis
The statistical analysis was performed using MATLAB

R2020a (MathWorks, Natick, MA, USA). Demographic and
EEG data were compared using independent t-tests between
two independent conditions: CPT and CATA, for two groups
(ADHD and TD). The t-test was used to evaluate whether
the differences between the mean values of the two samples
were caused by random variation or if there were statistically
significant (p-value < 0.05). The effect size was calculated
using Cohen’s d.

For the analysis of the four regions (short-range, long-
range, frontal, temporal, and occipital), separate t-tests were
performed for each region between the two conditions
(CPT and CATA) for both groups (ADHD and TD). The
p-values were reported in Table II and the effect sizes were
calculated using Cohen’s d.

In summary, the statistical analysis included independent
t-tests to compare demographic and EEG data between condi-
tions and groups, and separate t-tests for each region between
conditions and groups. All statistical tests were two-tailed, and
the level of significance was set at p < 0.05.

IV. RESULT

In this study, the recorded EEG signals were segmented
into CPT task segments and CATA task segments for both
groups. Then applied band-pass filtering method, the ICA
approach to remove artifacts, and the FC analysis for these
task segments. The FC analysis was used to study region-of-
interest (ROI) contrary to analyzing the entire brain area [58].
Specifically, short-range FC investigated the metabolic and
time-cost, and prevail with FC strength. Compared to long-
range FC, it investigated larger metabolic and time-cost [59].
The FC measures for EEG can utilized to explore associa-
tions in delta, theta, alpha and beta rhythms in this study.
In Fig. 5 and 6, the coherences were illustrated as connectivity
matrix, and the difference column was to show the differences
between ADHD/TD groups under CPT/CATA task. In Fig. 5,
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Fig. 5. The FC of TD and ADHD group under CPT task. There was a
greater difference in alpha and theta frequencies between the TD group
and the ADHD group. FC: functional connectivity; TD: typical develop-
ment; ADHD: attention deficit hyperactivity disorder; CPT: continuous
performance test.

Fig. 6. The FC of TD and ADHD group under CATA task, the differences
between the TD group and the ADHD group in all four frequency
domains were greater than under CPT conditions. FC: functional con-
nectivity; TD: typical development; ADHD: attention deficit hyperactivity
disorder; CATA: continuous auditory test of attention.

coherence was applied to observe the FC of TD and ADHD
group under CPT task condition. A greater difference was
observed in alpha and theta frequencies between the TD group
and the ADHD group. While the FC of TD and ADHD group

under CATA task, there were greater disparities than CPT task
observed in all four frequency domains between these two
groups, shown in Fig. 6.

A. Frontal Lobe Functional Connectivity
The analysis of frontal lobe FC during the CPT task showed

subtle differences in the four frequency bands, and the rhythm
differences in FC during the CATA task were also indistinct.
However, the TD group exhibited higher FC compared to
the ADHD group during the CATA task, but not during the
CPT task.

B. Temporal Lobe Functional Connectivity
The analysis of temporal lobe FCs, as presented in Table II,

indicated higher disparities in FCs across all frequency bands
between the two groups during the CATA condition. Further-
more, in addition to the temporal lobe FCs during the CATA
task, the TD group exhibited statistically significantly higher
FC (p<0.05) in the alpha rhythm compared to the ADHD
group, which contrasts with the results of the CPT task.

C. Overall Functional Connectivity Presentations
Between Two Groups

The FCs in the four frequency bands for the CPT task
were higher in the TD group compared to the ADHD
group, as displayed in Fig. 7. Fig. 7 and Fig. 8 the coher-
ence range from 0.7 to 1 were illustrated as head diagrams.
Fig. 7 (a) to (d) are the 4 frequency bands of the ADHD group.
While Fig. 7 (e) to (h) are for the TD group. Fig. 8 illustrated
in the same manner. Similarly, the CATA task showed more
abundant FCs in the TD group compared to the other group.
Using FCs is sufficient for distinguishing ADHD in both
tasks. However, there were fewer FCs observed in the CPT
task compared to the CATA task in both groups, displayed
in Fig. 7 and 8. Table II showed that in the CPT condition,
the alpha band of both groups in the short range had the most
statistically significant FC, indicating that CPT could be used
as a tool to differentiate between the two groups. The results
also suggested that the temporal region could be considered as
a potential neurological indicator for EEG analysis with CPT.
In the CATA condition, statistically significant differences
were observed in the alpha band of the temporal region
between the two groups, which was effective in both CPT and
CATA tasks. The above findings indicate that both CPT and
CATA tasks can distinguish between the two groups using FC
analysis. Notably, the alpha rhythm of short-range FC during
the CPT task and the alpha frequency band during the CATA
task exhibited noteworthy differences between the ADHD and
TD groups, as shown in table II.

D. The FC of TD and ADHD Group Between
CPT and CATA Task Condition

As illustrated in Fig. 5, our analysis revealed notable dif-
ferences between the two groups in delta, theta, alpha, and
beta frequencies during the CPT task. In the “difference”
column on the right side, it was observed that the differences



1340 IEEE TRANSACTIONS ON NEURAL SYSTEMS AND REHABILITATION ENGINEERING, VOL. 32, 2024

Fig. 7. FC in four frequency band for ADHD and TD during CPT task. FC: functional connectivity. ADHD: attention deficit hyperactivity disorder.
TD: typical development. CPT: Conners continuous performance test.

Fig. 8. FC in four frequency band for ADHD and TD during CATA task. FC: functional connectivity. ADHD: attention deficit hyperactivity disorder.
TD: typical development. CATA: Conners continuous auditory test of attention.

between the two groups were more prominent in alpha and
theta frequencies compared to delta and beta frequencies.
Furthermore, in Fig. 6, the disparities in brain activity between
the two groups were more evident across all four frequency
domains when the task given was a CATA, as opposed
to a CPT.

In simpler terms, when comparing the brain activity of
individuals with ADHD to TD, we found that the differ-
ences in alpha and beta frequencies were more pronounced
in the ADHD group during the CPT task compared to the
CATA task. Additionally, the disparities in brain activity were
more evident across delta, theta, alpha and beta frequency
domains when the task given was a CATA as opposed
to a CPT.

V. DISCUSSION
According to our best knowledge, this is the first study to

observe the FC dynamics and differences between ADHD and
TD children and adolescents during the CPT and CATA tasks.
To ensure reliable results, we applied rigorous preprocessing
techniques, including band-pass filtering from 1 to 50 Hertz
and ICA to remove artifacts such as eye movements, muscle
motions, and physiological artifacts from the EEG signals
acquired during the tasks. The primary signals were fil-
tered within reached to the EEG oscillations. In this study,
we used the FC to investigate the cognitive functions and
behavior emerge from brain network interactions during tasks.
FC analysis was used to investigate the cognitive functions and
behavioral outcomes arising from brain network interactions
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during the tasks, specifically focusing on delta, theta, alpha,
and beta band rhythms in adolescents with ADHD. Our results
showed the statistically significant differences between the two
groups in the temporal lobe and short-range during the CATA
task. By analyzing the differences in various frequency bands
between the two groups in the FC matrix during different tasks,
we found that during the CPT task, the TD group showed
statistically greater differences in the alpha and theta bands
compared to the ADHD group. Alpha and theta changes have
applied to the alpha/theta ratio (ATR) as an evaluation index
for neurofeedback [60], [61]. During the CATA task, the FC
of the TD group was statistically greater than the ADHD
group in all frequency bands, Debnath et al. [58] indicates that
the interindividual differences of ADHD in the predominant
frequency of alpha-band oscillations. The beta rhythm is
associated with thinking, attention and problem-solving [17].
Smit et al. found that the theta oscillations can be considered as
the neural “working language”. They observed that the groups
differ in dynamical theta power during conflict monitoring.
The theta power in conflict monitoring relates to behavior and
complaints in daily life [64]. A. Bestmann et al. investigated
the sigma (link to cognitive abilities) relationship of children
with ADHD during their sleep [65]. K. Machida et al. found
that the sigma were not able to classify participants. In select-
ing the frequency bands for our study, we drew upon existing
research findings that demonstrated the relevance of specific
frequency bands to cognitive functions and ADHD. The study
by Bestmann et al. [66] provided insights into the associations
between cognitive performance and sigma power during sleep
in children with ADHD. These results indicate that the differ-
ences between the two groups can be more clearly observed
during the CATA task. Given the clinical use of CPT and
CATA as assessment tools, our study, using EEG data acquired
through the convenience and non-invasive approach, combined
with FC evaluation through CPT and CATA, provides valuable
information on the differences between the two groups during
these tasks compared to most studies that use resting fMRI
evaluation.

Results demonstrated that the short-range and temporal lobe
FC throughout the CATA task presented statistically significant
differences (p<0.05) between ADHD and TD groups in alpha
rhythm. There were no statistically significant differences
within the short-range FC during CPT condition delta, beta,
alpha and beta bands between two groups. Four bands of
long-range for TD group performed more connectivities than
ADHD group in CATA condition. During CPT task, no statisti-
cally significant long-range FC dissimilarities between ADHD
and TD groups. Though both tasks showed no statistically
significant dissimilarities among all frequency bands, the
dissimilarities between two groups in CATA still performed
higher than the CPT task. The frontal lobe FC in CPT task
presented that the dissimilarities of four bands were tenuous,
and the FC differences throughout the CATA task were also
indistinct. TD group presented more FC than the ADHD
group in CATA task, other than in CPT task. The temporal
lobe FCs showed that there were more CATA FCs disparities
in all frequency bands between two groups during CATA
condition. Additionally, the TD group performed statistically

significantly more FC (p<0.05) in the alpha rhythm to the
ADHD group within the temporal lobe FC through CATA
condition, opposite to the CPT task. Previous research has
shown that there were distinct variations in alpha and beta
frequency between the TD group and the ADHD group when
observed through EEG under CPT conditions. However, when
the same groups were studied through EEG under CATA
conditions, it was found that the differences between the two
groups were even more pronounced across all four frequency
domains. This suggests that the CATA conditions may have
a greater impact on the EEG of individuals with ADHD,
and that this difference is even more statistically significant
than under CPT conditions. The results suggest that CATA
combined with CPT can be used as an auxiliary feature for
the evaluation of ADHD. The findings of this study could
serve as a valuable auxiliary diagnostic reference in clinical
settings for ADHD. Additionally, it provides a foundation
for future research to investigate the underlying mechanisms
of FC differences between participants with ADHD and TD
participants. This study recommend using the CATA, which is
mainly based on auditory stimuli, as a reference in addition
to the more commonly used CPT visual test, to help detect
ADHD in more children at an early stage and take actions.

VI. CONCLUSION

This study focused on investigating the FC of EEG during
the combination of Conners CPT and Conners CATA task in
ADHD and TD group. Most of the literature on ADHD utilized
resting-state EEG or fMRI data for analysis and research, there
are limited studies that use a combination of CPT, CATA and
EEG to investigate the advantages of adding CATA with FC.
The results showed that the alpha band of short-range FC
was most statistically significant in CPT, while CATA had
statistically significant difference (p<0.05) in the temporal
lobe. Therefore, the combination of CPT and CATA can be
used as a reference for critical decision making and can be
used for multi-measure evaluation with the clinical process.
This paper (1) applied a fast and convenient measurement
instrument and method: EEG of FC with CPT and CATA, (2)
compared to previous studies that mostly used resting-state
as the basis for FC analysis, this study uses recording and
analysis while the participants participated in clinical assess-
ment tools: CPT and CATA, which was a measurement that
physicians adapted into the clinical assessment process, and
(3) the study also identified CATA testing as a potential
neuromarker for ADHD, providing new research directions
and reference for diagnosis and auxiliary diagnosis of ADHD,
and contributing to a deeper understanding of the neurobio-
logical mechanisms of ADHD. Therefore, this study offering
new possibilities for techniques and diagnostic methods in
finding more ADHD features. Future research should also
be conducted to replicate these findings and investigate the
underlying mechanisms of the FC differences between partic-
ipants with ADHD and TD participants. Moreover, machine
learning methods, deep learning methods or other artificial
intelligence approaches should extend to assist the ADHD
classification, heterogeneity types detection, prediction and
diagnosis.
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