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ABSTRACT

Analyzing electroencephalography (EEG) complexity could provide insight into neural
connectivity and its relationships with attention-deficit/hyperactivity disorder (ADHD)
symptoms. | calculated multiscale entropy (MSE) within the EEG signal to evaluate the
variability in brain activity and tested for differences between adults with ADHD and their peers
during resting and go/nogo task states. MSE transitions (MSE-A) from the resting state to the
active task state also examine the brain’s ability to flexibly change from a resting state to an
active state. Thirty unmedicated adults with ADHD were compared to thirty match-paired
healthy peers on the MSE in the resting and active task states as well as the MSE-A. The MSE
from Individuals with ADHD was smaller than their peers’ in the resting state. Significant
differences of the MSE-A were also observed between individuals with ADHD and their peers,
specifically at frontal sites. Interestingly, individuals without ADHD performed better with
decreasing MSE, showing higher accuracy, shorter reaction time, and a smaller standard
deviation of reaction time. Significant correlations between MSE-A and task measurements were
also confirmed in adults without ADHD, while greater MSE-A corresponded to better task
performance. These findings suggest MSE could not only provide insight into brain activity
complexity differences between adults with ADHD and their peers but also allow us to gain a
better understanding of the relationship between brain activity complexity and behavioral

performance.
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1 INTRODUCTION

1.1 Overview of ADHD
1.1.1 Description of ADHD

Attention-deficit/hyperactivity disorder (ADHD) is among the most common childhood
neurodevelopmental disorders characterized by persistent behavioral symptoms of inattention,
hyperactivity, and impulsivity (American Psychiatric Association (APA), 2000). Such ADHD
symptoms describe children’s difficulty to keep focus, excess movement not fitting to the setting,
and hasty acts occurring at the moment without thought. Each of these characteristics manifests
in different settings and impacts on children’s daily life and school performance.

ADHD was first identified and described as an abnormal defect of moral control in
children by British pediatrician Sir George Still, in which affected children had difficulty in
behavior control but displayed a normal intelligence level (Still, 1902). In 1952, the first edition
of Diagnostic and Statistical Manual of Mental Disorders (DSM) was issued by APA, which
didn’t include ADHD. Hyperkinetic impulse disorder was recognized by APA in the second
edition of the (DSM-I11) in 1968. In the third edition of the (DSM-II1) issued by APA in 1980,
attention deficit disorder (ADD) was first defined and divided into two subtypes ADD with
hyperactivity and ADD without hyperactivity. In 1987, the term ADHD was first introduced in
DSM-I11-R with the elimination of ADD without hyperactivity. In the 1990s, ADHD started to
attract more attention from researchers. The number of children diagnosed with ADHD increased
significantly and new medications were developed. With the publication of DSM-IV, the term
ADHD was kept with the introduction of three subtypes, including Inattentive Type,
Hyperactive-Impulsive Type, and Combined Type. To date, the publication of DSM-V made

several modifications to ADHD diagnostic criteria and used the term “presentation” instead of
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“subtype” (Epstein & Loren, 2013). Although there’s general agreement that ADHD was mostly
studied in children, the research of adolescents and adults with ADHD is getting more attention
during the past few decades (Riccio et al., 2005; Kooij et al., 2010).

ADHD should be evaluated through a series of interviews by a qualified mental health
care professional for parents and the child, who has shown academic or behavioral problems and
symptoms like inattention, hyperactivity, or impulsivity. A report from the child’s school
regarding academics, social, and behavioral functioning is also necessary for ADHD diagnosis.
These evaluations would provide necessary information to determine whether the individual
meets the criteria for ADHD (Soffer et al., 2008; Sibley & Kuriyan, 2016; Hartung et al., 2019).

According to the American Psychiatric Association, a child needs to meet at least six
symptoms of the criteria listed in DSM-V to be diagnosed for inattention and/or hyperactivity-
impulsivity. Besides, such symptoms should be present before age 12 years and in two or more
circumstances, such as school, home, or work.

1.1.2 ADHD impact at an individual level

Based on the statistics results from the CDC (Centers for Disease Control and Prevention
(CDC), 2019), the population of children diagnosed with ADHD increases through the decades.
According to a national survey in 2016, the estimated number of children diagnosed with ADHD
is 6.1 million (9.4%), whose age is between 2 to 17 years old (Danielson et al., 2018). The
estimated number of children diagnosed with ADHD varies markedly across different age
categories and the effect of ADHD on the life of an individual also varies among different age
groups corresponding to different ADHD stages (Kewley, 2001). In preschool, children with
ADHD may stand out due to the appearance of poor concentration, high levels of activity, and

impulsiveness. During primary school years, children with ADHD would experience academic



failure, rejection by peers, and low self-esteem, who may also face difficulties with family
members at home (Harpin, 2005). As children with ADHD enter puberty, there might be a
reduction in symptoms related to hyperactivity, as well as symptoms like inattention and
impulsivity will remain difficult for individuals with ADHD, because of the change of emotional
and social for adolescence, and increase of hormones. Besides the development of a distorted
sense of self in the ADHD population (Krueger & Kendall, 2001), higher risk for developing
aggressive and antisocial behavior are observed, such as conflict with parents and negative
communication (Edwards et al., 2001; Harpin, 2005).

ADHD symptoms won’t disappear when individuals grow into adulthood. Recent studies
have shown a great portion of individuals diagnosed with ADHD in childhood (50% to 60%)
would continue to show symptoms and have difficulties later in life (Gentile et al., 2006; Okie,
2006). According to diagnostic interview data from the National Comorbidity Survey
Replication (NCS-R, Kessler, et al., 2006), there are about 4.4% of adults in the US who have
ADHD. In adulthood, behavior symptoms of ADHD appear to blur (Riccio et al., 2005) the
presentation difference evidenced in children. For example, hyperactivity may manifest as
restlessness and inattention may present as low concentration (Soros et al., 2019). Adults with
ADHD are likely to deal with the following difficulties: a lack of motivation, poor attention to
details, low frustration tolerance on certain levels, and deficient self-regulation. They would also
struggle to complete their education and work, and more likely to engage in substance use and
criminal activities (Wender et al., 2001; Mostert et al., 2018).

Compared with the child literature, relatively less is known about ADHD in adults,
especially college students. College students with ADHD display an academic profile that differs

from most individuals with ADHD (Weyandt & DuPaul, 2006; Woltering et al., 2013), who have



relatively good academic outcomes, appear to be minimally impaired on tests of
neuropsychological function compared to their peers (Barkley, 2002; Weyandt & DuPaul, 2006).
But college students with ADHD are struggling to complete their college education successfully
(DuPaul et al., 2009), who are constantly at greater risk for academic and psychological
difficulties (Weyandt & DuPaul, 2006). College students with active ADHD symptoms were
found more likely to be engaged in substance use than healthy students (Upadhyaya et al., 2005),
such as tobacco, marijuana, and alcohol. Furthermore, in a study by Shaw-Zirt et al., (2005),
college students with ADHD showed lower levels of social skills and adjustment compared with
the control group.
1.1.3 ADHD impact on society

The families of children with ADHD have to deal with a great number of behavior and
education problems, which would not only impact on the children, but also the parents and
siblings. Such disturbances would require parents to spend more time and energy, which are also
frequently associated with extra stress in family and marital functioning (Harpin, 2005). In a
survey of 66 families (Podolsk & Nigg, 2001), parents of children with ADHD expressed more
role dissatisfaction than the control group. ADHD may cause a chronic and pervasive impact on
the child and long-term stress to parents. Families affected by ADHD are at greater risk of
mental health problems. Mothers of children with ADHD are found more likely to have
depression (Faraone et al., 1995; Lee et al., 2013), but not for fathers (Segenreich et al., 2009;
National Research Council, 2009). In Pelham & Lang’s study (1999), parents of ADHD children
are associated with increased alcohol consumption due to the extra stress.

Several studies (Birnbaum et al., 2005; Zhao et al., 2019; Minkoff, 2009) have indicated

that ADHD would not only create increased mental stress on family members but also cause a



significant economic burden on the family. There are two parts included in the economic burden.
First, the cost of healthcare management for the family and, secondly, the economy in general,
through reduced productivity, increased accidents and increased criminal activity. Raising a child
with ADHD for example (Zhao et al., 2019), individuals with ADHD incur a total economic
burden throughout child development that is more than five times greater compared with
children without ADHD. The rough estimation of the annual societal cost of illness (COI) of
ADHD in children and adolescents is $124.5 billion US dollars (Zhao et al., 2019).

The economic burden caused by ADHD in the healthcare system cannot also be ignored,
which may be related to frequent prescription refills, doctor visits, and counseling sessions.
According to IMS Health, sales of prescription drugs for ADHD treatment have more than
doubled, from $4 billion in 2007 to $9 billion in 2012 (Hayden et al., 2016). In one consumer
reports survey, thirty five percent of parents mentioned their costs of treating ADHD is
completely covered by their child’s health plan. Fourteen percent of school-age children covered
by Medicaid are diagnosed with ADHD. In other words, taxpayers are paying for ADHD
treatment.

Children with ADHD require more attention or supervision from parents at home, who
also need help from their teachers in the school. Children with ADHD experience more obstacles
in their study than the average student because they have difficulty in paying attention, sitting
still, and controlling their impulses. But studies have indicated teachers have a limited
understanding of ADHD related behaviors (Ek et al., 2011). With accurate diagnosis and proper
understanding of their behavior, children with ADHD would receive help and be treated more

effectively in the school (Nelson & Williamson, 2004).



There are several things schools could offer for students with ADHD, such as behavioral
classroom management and organizational training. In the standard classroom environment,
students are expected to sit still and patiently wait their turn to participate in class activities,
which is relatively difficult for children with ADHD. The behavioral classroom management
strategies encourage students’ positive behaviors in the classroom through a reward system
(Morisoli & McLaughlin, 2004; Evans et al., 2014). Organizational training teaches students
skills for time management and planning, and methods to organize school materials to improve
learning and reduce distractions. Special education and classroom accommodations are also
recommended for students with ADHD, which would reduce distractions and workload for
students (Moore et al., 2018).

According to a study from Robb et al. in 2011, students with ADHD incur a higher cost
to the U.S. education system, amounting to about $5.007 to society per student as compared to
$318 for students without ADHD.

In addition to the impact on the family, healthcare system, and education system, there is
a long-term risk for children with ADHD to develop antisocial behavior and get involved with
criminal activity in their adulthood (Fletcher & Wolfe, 2009; Mohr-Jensen & Steinhausen,
2016). Impulsivity, known as lack of self-control, may be the most important factor for the
development of antisocial behavior (Vazsonyi et al., 2017).

In Silva et al.’s study (2014), community correction and incarceration records were more
frequent among children and adolescents with ADHD compared with their healthy peers.
Furthermore, boys with ADHD were more likely to have a community correction record than
girls with ADHD. Early diagnosis and management of ADHD could reduce the over-

representation of children with ADHD within the juvenile justice system. In a long-term study of



childhood ADHD on criminal activities (Fletcher & Wolfe, 2009), children who have shown
symptoms of ADHD are more likely to get involved in criminal activities and dangerous
behavior than other individuals as young adults.

Several studies have shown that ADHD in childhood is a risk factor for substance abuse
(Wilens et al., 1998; Wilens, 2004; Biederman et al., 2006; Mochrie et al., 2020), who would get
substance dependence more rapidly and last longer than their healthy peers. Several explanations
have been found to explain this relationship, such as poor self-regulation, impaired reward
system, demoralization experience, and self-medication.

1.1.4 Theories regarding ADHD

As mentioned above, ADHD is one of the most common neurodevelopmental disorders,
which has a significant impact on individuals, family, and society. There are several
psychological theories developed for ADHD (Zentall, 2005; Johnson et al., 2009), including
Optimal Stimulation Theory, State Regulation Model Theory, Dynamic Developmental Theory,
and Executive Dysfunction Theory.

The Optimal Stimulation Theory (OST) describes an individual’s desire for stimulation
as a living creature seeking food, which suggests an individual tries to maintain an optimal level
of stimulation.

According to Zentall’s study (2005), individuals seek stimulation when they are bored
and individuals are under stress or anxiety when they are overstimulated. OST suggests
hyperactive behavior in individuals with ADHD is for stimulation optimization, not for too much
stimulation. Teachers report the most incidents of hyperactivity for students with ADHD in the
classroom during periods of inactivity, which is not noted during periods of excessive

hyperactivity. In Johnson et al. ’s work (2009), students with ADHD performed poorly when the



stimuli were presented slowly and they worked better when the information was presented
rapidly.

In the State Regulation Model Theory (SRMT), the non-optimal energetic state is used to
explain the deficits in children with ADHD, which is based on research using Cognitive-
Energetic Models (Sanders, 1983; Metin, 2013). The SRMT postulates if the children with
ADHD have difficulties regulating their energetic state, which is related to the arousal,
activation, and effort levels of the children (Van De Voorde et al., 2010). An effort is necessary
to perform cognitive tasks and to compensate for suboptimal states of arousal. Children with
ADHD might not be able to keep an optimal activation state due to an inefficient effort. Several
psychophysiological studies have been carried out to confirm the validity of this theory. Higher
heart rate variability and reduced parietal P3 amplitude were found during slow reaction
conditions (conditions with increased reaction time and poor performance) among children with
ADHD in the go/nogo task experiment, both of which suggest inefficient effort allocation
(Borger & van der Meere, 2000; Wiersema et al., 2006).

In the Dynamic Developmental Theory (DDT), the behavioral manifestations of ADHD
are explained from a neurotransmitter level through to a societal level, which suggests the two
main mechanisms to explain all ADHD core symptoms: “altered reinforcement of novel
behavior” and “deficient extinction of inadequate behavior” (Sagvolden et al., 2005). The DDT
postulates that the time window for reinforcement to take effect is shorter for individuals with
ADHD, which suggests the desired behavior is not reinforced in time and related to several
symptoms of ADHD. The DDT also presumes the extinction procedure is faulty and associated
with ADHD symptoms because of the lower tonic level of dopamine, which is also tested by

several studies (Sagvolden et al., 1998; Aase, H., & Sagvolden, 2005).



Executive Dysfunction is one term that describes deficits in several cognitive functions,
such as planning, reasoning, working memory, inhibition control et al. (Alvarez & Emory, 2006;
Mesulam, 2002). Executive functioning relates to neural circuits that link the frontal sites with
the parietal region, the basal ganglia, and the thalamus (Middleton & Strick, 2002; Bradshaw &
Sheppard, 2000). Extensive studies have revealed structural differences between children with
ADHD and their peers in fronto-parietal and fronto-striatal circuits (Seidman et al., 2005). The
Executive Dysfunction Theory (EDT) postulates the symptoms of ADHD as a result of deficits
in executive function control, which is associated with abnormalities in certain neural circuits.
Although many studies have adopted the EDT, the understanding of the neural mechanism of
ADHD is still limited, due to the poor comprehension of cognitive and motor processes related to
tasks (Johnson et al., 2009).
1.1.5 Executive function deficits in ADHD

As mentioned in the previous paragraph, executive function is defined as a series of
cognitive processes that are necessary for behavior control, such as attention control, inhibition
control, working memory, and cognitive flexibility. ADHD is usually characterized by three core
symptoms, including inattention, hyperactivity, and impulsivity. Several authors highlight the
role of executive function impairments in individuals with ADHD (Barkley, 1997; Castellanos &
Tannock, 2002). Furthermore, impairments in several domains of executive function have been
observed consistently in the adult ADHD population, including attention, inhibition, reasoning,
planning, and working memory (Barkley, Murphy & Fischer, 2010). Due to the lack of support
from teachers and parents, adults with ADHD are relying more on their executive function and

dealing with more demand for self-regulation, time management, responsible behavior,



organization, social skills, planning for the future (Barkley & Murphy, 2011; Schoemaker et al.,
2012; Craig et al., 2016).

Cognitive flexibility, as one executive function, is defined as the mental ability to switch
between two different concepts, which plays a key role in individuals’ ability to adapt to
changing environments (Scott, 1962; Gabrys et al., 2018).

As shown in Figure 1, several domains of executive function act coherently to cognitive
flexibility (Dajani & Uddin, 2015), which allows individuals to identify how the surrounding
environment has changed by directing attention. After detecting new stimuli, individuals need to
inhibit their previous response and generate new strategies, which might involve working
memory and switching attention.

In a recent study (Roshani et al., 2020), the ADHD group had significantly low cognitive
flexibility and worse task performance than the control group. Several fMRI studies have shown
brain regions which are related to cognitive flexibility, are less active in individuals with ADHD

(Leber et al., 2008; Wixted et al., 2016).

Cognitive

Flexibility

Task Inhibition Working Attention
Switching Control Memory Initialization

Figure 1 Cognitive processes, adapted from (Dajani & Uddin, 2015).
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Extensive research has been done to investigate the neural mechanism of ADHD and
demonstrate abnormal neural connectivity is associated with executive dysfunction symptoms in
the ADHD population (Bollmann et al., 2015; Biskup et al., 2016; Petrovic and Castellanos
2016; Kumar et al., 2016). Deficient inhibitory control, such as inhibition of a prepotent response
or an ongoing response, has been postulated to be a core deficit in ADHD (Barkley, 1997;
Hervey et al., 2004). Deficits in two types of attention (e.g. Selective Attention (Mason et al.,
2005) and Sustained Attention (Egeland et al., 2009)) have also been described for individuals
with ADHD (Mueller et al., 2017). A better theoretical understanding of the neural mechanisms
underlying the difficulties associated with ADHD, and the college student subpopulation, in
particular, may inform the development of diagnosis protocol and interventions designed to
increase academic achievement in this population (Barkley, 1997).

1.2 EEG analysis of ADHD

Electroencephalography (EEG) is a hon-invasive neuroimaging technology, which
measures electrical activity by placing electrodes on the scalp (Gibbs & Gibbs, 1941; Michel &
Murray, 2012; Britton et al., 2016). Characterizing EEG data has provided valuable information
on cognition and mental health (Banquet, 1973; Woodman, 2010; Luck, 2014). Since Jasper et
al. (1938), electroencephalography (EEG) has been used in ADHD research for more than 80
years, in which a slowing of the EEG rhythms was observed at frontal-central sensors
(Lenartowicz & Loo, 2014). Currently, the EEG analysis in ADHD mainly focuses on the
temporal (Event-Related Potential, ERP) and frequency domains (Frequency Spectrum).

1.2.1 ERP analysis in ADHD
Event-related potential measures the brain response to a specific sensory, which is

achieved by averaging EEG over trials (Sur & Sinha, 2009; Woodman, 2010). Compared with
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behavior measurements, ERP could reliably capture the neural activity related to cognitive
progress, because (1) The invariable latency and shape of the ERP wave characterize related
cognitive progress; (2) The noise contained in the EEG signal can be averaged out by the phase
cancellation. Compared with fMRI analysis, ERP has a high temporal resolution. In other words,
peak amplitudes or latency features in ERP waveforms could provide insight into time-locked
events.

ERP is widely used in studies about cognitive processing deficits in individuals with
ADHD (Woltering et al., 2013; Jahanshahloo et al., 2017; Leontyev et al., 2018). Concrete
evidence for deficits in inhibitory control in individuals with ADHD is found in the go/nogo
experiment, which has been widely used to study the response control process. The previous
investigation on the EEG recorded from college students with ADHD during a go/nogo task
showed significant reductions in P3 amplitude as well as a trend for reduced N2 amplitude in
nogo trials where subjects successfully inhibited a response (Woltering et al., 2013).

1.2.2 Neural oscillation in ADHD

Neuronal oscillations are an important mechanism enabling coordinated communications
in a neural network (Buzsaki & Draguhn, 2004), which are widely studied in EEG data. In
general, there are three kinds of information in neural oscillation, such as frequency, phase, and
amplitude. Neural oscillation is normally studied by calculating frequency spectrum over specific
frequency bands, including delta (1-4 Hz), theta (4-8 Hz), alpha (8-12 Hz), beta (13-30 Hz),
low gamma (30—70 Hz), and high gamma (70-150 Hz) frequency bands. Compared with the
ERP approach, the frequency spectrum is able to not only analyze brain activity during the
resting state, when there’s no time-locked event happening but also analyze event-related brain

activity, which requires the time-frequency spectrum analysis. The time-frequency approach
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could provide information on the time and frequency domain at the same time with limited
resolution (Roach & Mathalon, 2008; Sharma et al., 2017).

In a study related to ours (Woltering et al., 2012), EEG oscillation power during the
resting state revealed that college students with ADHD showed a distinct neural pattern,
suggesting that oscillatory power, especially alpha band, is a useful index for reflecting
differences in neural communication of ADHD in early adulthood. Abnormal oscillatory activity
over the alpha band was also found during the attention and working memory tasks
(Lenartowicz, 2018). Furthermore, the most robust neural oscillation features associated with
ADHD are increased power in the theta band or decreased power in the beta, which is combined
and developed as the theta/beta ratio to assist ADHD diagnosis (Barry, 2003; Arns et al., 2013).
1.2.3 Disadvantage of tradition EEG analysis

Although traditional EEG analysis approaches could provide valuable information on
cognition and mental health (Banquet, 1973; Woodman, 2010; Luck, 2014), there are certain
disadvantages for them. The ERP method is unable to analyze EEG components not
synchronized by time or phase, which will be averaged out through phase cancellation (Beres.
2017) and the frequency spectrum analysis is not sensitive to non-sinusoidal EEG oscillations,
which shows up as harmonics in Fourier transform (Lozano-Soldevilla et al., 2016). Besides
these limitations, both of these methods are based on linear operations, such as averaging and
Fourier transform, which could not extract nonlinear dynamical features from EEG data. Lack of
nonlinear methods of analyzing EEG is a major barrier to understanding dynamic neural

processes.
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1.3 EEG complexity
1.3.1 Background knowledge

The brain can be seen as a nonlinear dynamical system at multiple levels, from ionic
currents in neurons to constant fluctuations in functionally specialized neural assemblies, to
long-range interactions across assemblies through the brain (McKenna et al., 1994; Freeman,
1994; Faisal et al., 2008; Goldman 8et al., 2019). A neural assembly is defined as a group of
neurons that are reciprocally connected (Harris, 2012), which would allow the whole assembly to
be activated together. Characterization of the nonlinear property of the dynamical system is
fundamental to understand brain function.

This dynamical neural network is still poorly understood (Mclntosh et al., 2008). In
Takahashi’s work (2013), the human brain is characterized by “dynamical neural
communications in functionally specialized assemblies” and ““ long-range mutual interactions
across these assemblies”. Consequently, the application of nonlinear analysis to the brain’s
activity would provide new insights into its function.

The electroencephalogram (EEG) signal is noisy, constantly varying, and can provide
rich information about the underlying neural dynamical system generating thoughts and behavior
(Gao et al., 2011). Researchers have typically assumed that variations in the EEG signal
represent noise (Frank et al., 1999; Mclntosh et al., 2008), however, a growing body of research
reveals that the complexity in EEG is essential for several cognitive processes, such as sensory
differentiation, learning and decision making (Pinneo, 1966; Garrett et al., 2013; Liu et al.,
2019). EEG complexity has proven valuable in characterizing brain dynamics during different
mental states (Mclntosh et al., 2008; Li et al., 2008; Bassett and Gazzaniga, 2011). As shown in

Armbruster-Geng et al. 's work (2016), increased brain signal variability in the left inferior
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frontal junction region is correlated with better task performance and higher cognitive flexibility,
which has a negative effect on cognitive stability.

There are several EEG complexity measurements used in the research of
neuropsychology and mental disorders, such as the Correlation dimension, Omega complexity,
Lyapunov exponent.

The correlation dimension is the one most widely used complexity measurement, which
represents the degree of freedom of a dynamic system (Boon et al., 2008). A higher correlation
dimension during resting state was observed in the lower 2-8 Hz frequency ranges among
individuals with Alzheimer's disease (van Walsum et al., 2003).

The omega complexity is considered as one indicator of spatial complexity, which is
calculated as “Shannon entropy of the eigenspectrum of the covariance matrix of neural signals”
(Wackermann, 1996; Jia et al., 2018). Increased omega-complexity was observed in the 0.5-25
Hz frequency ranges among individuals with Alzheimer's disease (Czigler et al., 2008).

The Lyapunov exponent is one of the most commonly applied tools to predict the
influence of perturbations on the solution of a system, which can be considered dynamic
measures of attractor complexity (Valenza et al., 2014). An alteration of the Lyapunov exponent
was observed during sleep in depression patients (Roschke et al., 1994).

1.3.2 Theoretical framework for EEG complexity

A number of theories explain the functionality of EEG complexity, such as dynamic
range (Shew et al., 2009), Bayesian optimization (Beck et al., 2008), and itinerant dynamics
(Friston et al., 2012) theory.

In the dynamic range theory (Shew et al., 2009), increased brain signal variability

indicates a greater dynamic range, which means the brain has a greater range of responses to a
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larger range of stimuli. The greater dynamic range could be generally beneficial and allow the
brain to adapt to a new environment efficiently. According to Shew et al., (2009), one healthy
brain could achieve optimal dynamic range when the balance between synaptic excitation and
inhibition is achieved. With a greater dynamic range, the brain could have higher information
capacity and processing ability.

Under the theory of Bayesian optimality (Beck et al., 2008), a group of neurons will
converge one response that approaches the theoretical optimal selection from a group of potential
responses. If a group of neurons fires up at the same time when a specific stimulus is
encountered, individuals would be less capable to adjust to different circumstances that involve
the same stimulus. In other words, individuals won’t be able to make appropriate responses to
the same stimulus under different circumstances. Increased brain signal variability relates to a
broader probability distribution for networks to make optimal responses, given certain stimulus
input. In general, the variability in brain activity could support the neural network to be more
reliable and adaptable to converge responses in the existence of stimulus uncertainty.

Finally, in the itinerant dynamic theory (Friston et al., 2012), the brain tends not to settle
to any particular state but instead explores from one state to the next across moments, which is
described as itinerancy dynamic or wandering dynamic. There are several connectionist
conceptualizations of how the itinerancy dynamics emerge and manifest in the complex neural
system. For instance, a group of relatively weak attractors, such as Milnor attractors, stay close
to each other and enable the itinerancy, while there’s no attractor dominating the circumstance
(Friston et al., 2012). Another theory refers to the itinerancy dynamics of multi-stability in the
system. In such a scenario, the noise related to the attractor, which is stronger than Milnor

attractors, would drive the system from one attractor to another across moments. In general, the
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itinerancy dynamics would represent the certain flexibility of the brain and drive the system to
detect novelty, explore alternative states, and converge optimal responses to stimuli. Increased
variability in the brain activity suggests larger itinerancy of the neural system which could
translate into more flexible formation and utilization of functional modules. In the proposed
study, I will largely adopt the itinerancy theory as it relates to attention to my theoretical
framework.

1.3.3 EEG complexity during different states

In Pinneo, (1966), brain activity was divided into tonic and phasic activity. The tonic
activity represents the brain’s default activity and provides the substrate for brain function
(Arduini, 1963), which is typically studied through spontaneous brain activity during resting
states. The phasic activity represents the stimulus-driven brain activity, which is a relatively
small portion of evoked brain activity during active task states (Lashley, 1951). As mentioned by
Arieli et al. (1996), “the effect of a stimulus might be likened to the additional ripples caused by
tossing a stone into a wavy sea”. Many extant studies suggest such “ripples” in brain activity can
be a functional extension beyond the tonic and phasic activity. The investigation of EEG
complexity during resting and active task states could evaluate the tonic activity and phasic
activity respectively.

During the resting state, participants are not performing specific cognitive tasks or
responding to external sensory stimuli. The spontaneous brain activity measured on the scalp
during the resting state is constructed by electrical activities from distributed sub-networks (Deco
et al., 2011). Each sub-network is representing one functional module and the configuration of
these functional modules can be seen as a representation of the spontaneous brain network (Deco

and Jirsa, 2012).
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EEG complexity during resting states has been related to maturation and
psychopathology (Li et al., 2008; Fair et al., 2009). For example, EEG complexity during resting
states increases with the maturation of the nervous system (Meyer-Lindenberg, 1996; Lippé et
al., 2009). Related to mental health, EEG complexity from abstinent heroin addicts,
schizophrenia, and the depression groups during resting states was higher than those from
healthy subjects (Li et al., 2008; Zhao et al., 2017). Studies show that increased EEG complexity
in the resting state may lead to higher sensitivity to negative emotion and reflect distorted
sensory perception. Taken together, these findings suggest that increased EEG complexity during
resting state may represent larger itinerancy of the brain, suggesting excessive dynamical
instability of the perception system (Friston et al., 2012), which might explain a non-optimal
degree of cognitive flexibility.

During an active task state, participants are performing cognitive tasks, by processing
stimuli or making responses. The evoked brain activity measured on the scalp contains tonic
activity and phasic activity, and the phasic activity is largely dependent on the stimuli (McIntosh
et al., 2008; Garrett et al., 2013). The evoked brain activity is constructed by electrical activities
from distributed functional sub-networks, and the landscape of these functional modules appears
driven by task requirements (Knyazev, 2007; Broyd et al., 2011; Sokhadze et al., 2012).

EEG complexity during active task states has also been related to maturation, cognitive
performance, and mental health. In a study by Mclintosh et al. (2008), the EEG complexity in a
face memory task not only increased with maturation but also positively correlated with task
performance. In a study on executive function (Grundy et al., 2019), participants performed a
bivalency effect task-switching paradigm. Increased EEG complexity was found associated with

increased task difficulty and better adaptation to task demands. In a study by Catarino et al.,
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(2011), participants with Autism Spectrum Disorder (ASD) and their peers performed the face
and chair detection task, in which they were asked to press a button when they saw a repeated
image of the corresponding category. In the Autism group, lower EEG complexity was found at
temporoparietal and occipital regions compared with the healthy control group. Taken together,
these findings suggest that increased EEG complexity during tasks may represent larger
itinerancy of the brain to satisfy high-level task requirements, which might suggest an optimal
degree of cognitive flexibility and decision optimization (Garrett, et al., 2013).
1.4 Multiscale entropy

Multiscale entropy (MSE) is one physiological signal analysis method, which is
becoming popular in EEG research. Interpreting the MSE within EEG could extract dynamic
features and provide insight into the neural mechanisms of mental disorder, such as ADHD.
MSE measures the temporal complexity of finite-length sequences by estimating the sample
entropy of the data downsampled by different time scales (Richman and Moorman, 2000;
Richman et al. 2004). MSE at small scales and large scales represented information processing
within local and distributed neural networks across brain regions, which corresponded to
functional connectivity at low and high frequencies (Mclntosh et al., 2014; Wang et al., 2018).

Sample entropy was introduced by Richman & Moorman (2000), which captures the
unpredictability of the data and evaluates the appearance of repetitive patterns (Escudero et al.,
2006). In other words, sample entropy evaluates the conditional probability that two consecutive
data sequences, which are similar to each other, will keep the similarity within the same
tolerance when the next point is included. Sample entropy would assign high values to random

signals and low values to highly deterministic signals.
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MSE could access the information represented by the unpredictability in the data over
different time scales, in which the coarse graining procedure is necessary. The coarse graining
generates new data sequences by averaging the original data points within non-overlapping
windows whose length is corresponding to time scales. Regarding the nature of the coarse
graining procedure, MSE is designed to evaluate the high frequency temporal complexity across
fine scales (e.g., 1-6) and low frequency temporal complexity across coarse scales (15-20),
which could reveal local information processing and long-range interaction with other regions
respectively (Vakorin et al., 2011; McDonough & Nashiro, 2014; Wang et al., 2016).

1.5 Innovation and hypothesis

During the last decade, several studies applied MSE to better understand cognitive
functioning and mental health. For example, bilingual individuals were found to have higher
MSE than monolinguals in occipital regions during a task-switching experiment (Grundy et al.,
2017). Lower MSE was found in patients suffering from traumatic brain injury (TBI), while
increased MSE indicated improved behavioral improvement in TBI patients (Beharelle et al.,
2012). Furthermore, there’s concrete evidence suggesting that individuals with Mild Cognitive
Impairment (MCI) had lower MSE than their healthy peers and higher MSE than patients with
Alzheimer's disease (Mclintosh, 2018).

To the best of my knowledge, MSE has only been applied to a few ADHD studies.

In a study by Chenxi et al. (2016), MSE was used to explore the dynamical complexity of
the brain over different scales. Thirteen children diagnosed with ADHD and thirteen gender and
age match paired healthy peers were recruited to conduct multi-source interference tasks. MSE in
the delta, theta, alpha, and beta frequency bands were calculated across twenty time scales. MSE

in the delta and theta frequency bands was higher among children with ADHD compared to their
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peers, while MSE in the alpha frequency band was lower. These findings of MSE over different
frequency bands could reveal aberrant neural connectivity associated with ADHD, which
suggested weakened long-range connection and enhanced local connection.

In Boroujeni et al. s work (2019), several nonlinear features of EEG were introduced to
distinguish children with ADHD and their peers, including Lyapunov exponent, fractal
dimension, correlation dimension, sample entropy, fuzzy entropy, and approximate entropy.
Fifty children diagnosed with ADHD and twenty six healthy children were recruited to
participate in the Continuous Performance Test. EEG data were collected under three different
conditions, including eyes closed resting state, eyes open resting state, and cognitive task state.
Sample entropy and other nonlinear features were calculated to train classifiers for ADHD
diagnosis and yield high accuracy.

Previous studies propose different MSE patterns between children with ADHD and
control groups (Chenxi et al. 2016), but whether the difference in MSE is also found between
adults with ADHD and their peers has not been explored. Furthermore, there’s an urgent need to
fill the gap between abnormal MSE patterns and executive function deficits within a theoretical
framework. And as far as we know, MSE transition from the resting to active task state has not
been reported, which could reveal the transition between tonic activity and phasic activity
(Pinneo, 1966; Radulescu, 2010; Mastrovito, 2013). In the current study, college students were
recruited to participate in two resting sessions and a series of go/nogo tasks (Woltering et al.,
2012; Woltering et al., 2013), while EEG was recorded to investigate the brain signal

complexity.
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To determine if MSE was a promising candidate for a neurocognitive endophenotype of

adult ADHD, my study aimed to calculate and analyze MSE across different mental states, by

testing three main hypotheses:

1) In the resting state, MSE from the ADHD group was expected to be lower than that from

2)

3)

the comparison group. The MSE in the resting state could provide information about
cognitive flexibility (Chén et al., 2019). Cognitive flexibility was found significantly
lower in individuals with ADHD than the healthy control group (Roshani et al., 2020),
which was also negatively correlated with the level of hyperactivity/inattention symptoms
(Farrant et al., 2014). Decreased cognitive flexibility was found to be associated with
reduced brain activity variability (Armbruster-Geng et al., 2016), which suggested lower
MSE from the ADHD group in the resting state.

In the go/nogo task state, MSE from the ADHD group was expected to be higher than
that from the comparison group. The MSE in a series of continuous go/nogo tasks could
provide information about cognitive stability (Mestanikova et al., 2015). Individuals with
ADHD would have difficulty sustaining attention during tasks (Nowacek & Mamlin,
2007). Brain activity variability had a detrimental effect on cognitive stability
(Armbruster-Geng et al., 2016), which suggested a larger MSE from the ADHD group in
the go/nogo task state.

From the resting state to the active task state, the MSE transition in the comparison group
was expected to be larger than that from the ADHD group. Individuals with ADHD
would have difficulty coming to attention and difficulty sustaining attention (Nowacek &

Mamlin, 2007). Furthermore, | presumed individuals with ADHD would not be able to
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change their brain flexibly for cognitive tasks, which suggested individuals with ADHD

would have a smaller change of MSE than their healthy peers.

Additionally, brain activity variability was found correlated with task performance
measurements, such as accuracy, reaction time, and standard deviation of reaction time, for
healthy individuals (Mclntosh et al., 2008; Armbruster-Geng et al., 2016). MSE in the active task
state was expected to be correlated with behavior performance, while this relationship would not
be found in individuals with ADHD. Change of MSE from the resting state to an active task state
would represent the ability to change the brain to satisfy task requirements, which was expected
to be related to behavioral performance in the comparison group.

The application of EEG multiscale entropy analysis in ADHD could evaluate EEG
complexity over different time scales and identify their relationships with behavior performance,
cognitive flexibility, and cognitive stability. The comprehensive interpretation of the MSE
complexity over different mental states could provide insight into the neural mechanism of

ADHD.
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2 METHODOLOGY

2.1 Participants

For this study, 73 students were recruited from the University Student Service with
attention-deficit/hyperactivity disorder (ADHD). For the healthy comparison group (COMP), 30
healthy students were recruited through campus advertisements. Table 1 shows basic information
regarding the sample’s demographics.

Inclusion criteria for the ADHD group were (1) A previous diagnosis of ADHD, and (2)
Registration at the college Student Disability Services, which required supporting documentation
proof. All participants were asked to finish the Adult ADHD Self Report Scale (ASRS v1.1,
Kessler et al., 2005) to assess their current symptoms of ADHD. Three exclusion criteria (for
control and ADHD group) were defined as (1) Uncorrected sensory impairment; (2) Major

neurological dysfunction; (3) Mood affecting medication rather than a prescription for ADHD.
I also used the ASRS and Cognitive Failures Questionnaire (CFQ) to support my
classification of ADHD subjects. Participants in the ADHD group had evidence of a DSM-1V
diagnosis of ADHD as provided by the university student disability services.
To investigate the difference of MSE between adults with ADHD and their peers, 30
unmedicated college students with ADHD were pair-matched with 30 peers on gender (15 male,

15 female) and age (mean age 23, sd = 3).
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Table 1 Demographic data for all groups

COMP ADHD All

Male 15 39 54

Female 15 34 49
Age 23 (3.4) 24 (3.6) 23.7 (3,7)

2.2 EEG data acquisition

The EEG data used for examining the MSE in the resting state and active task state was
acquired in one experiment, including two resting sessions and one task session (a series of
go/nogo tasks).

Participants were asked to sit in a comfortable chair in front of a screen and wore a 129 -
electrode EEG net (Electrical Geodesic Inc., EGI). Participants sat in front of a 17-inch VGA
monitor at a distance of approximately 80cm. EEG data were collected by the standard procedure
(Ferree et al., 2001; Kappenman and Luck, 2010), which used a 0.1-100Hz bandpass hardware
filter, 500 Hz sampling rate, and electrode Cz reference.

After becoming familiar with the environment, instructions on a screen explained the task
to participants. There was one resting session before the task session and one resting session after
the task session. In each resting session, there were six 40-second intervals (i.e., 240 seconds in
total and 120 seconds for eyes-opened or eyes-closed condition). Before each interval, a sound
signaled when they were to alternate closing or opening their eyes. Participants were encouraged
to relax, prevent excessive blinking, and keep the eyes fixated on a central cross to prevent eye-

movements during the eyes-opened condition.
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After the first resting session, participants started to perform the go/nogo task, which is
identical to the one reported in (Liu et al., 2017). The go/nogo task was presented by E-prime
software (Psychological Software Tools, Pittsburgh, PA). Participants were instructed to press a
button as soon as a letter appeared on the screen during the go condition and hold their response
when a letter was repeated for the second time during the nogo condition. Participants finished a
practice block of 21 trials before the actual task started.

The schematic outline of the go/nogo task is shown in Figure 2. Stimulus pseudo-
randomly appeared on the screen for at least 450ms or less if the subject pressed the button
earlier correctly in the go trial or incorrectly in the nogo trial. After one successful trial, an
800ms clear time was introduced before another stimulus to avoid intertrial influence. After one
unsuccessful trial, a red bar appeared in the center of the screen for 300ms as error feedback,
which encouraged participants to keep pressing the button as fast as they could, and as a result,
build up a strong response tendency. In the case of incorrect go trial, a 500ms clear time was
introduced after the red bar appearance. In the incorrect nogo trial, an extra 400ms clear time was
presented between the response and the red bar, which was followed by another 500 ms of clear-

time.
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Go Stim 800 ms
‘ 450 ms
ISI o

Go Stim

800 ms
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Nogo Stim 800 ms
450 ms
ISI
Go Stim

ISI

Go stimulus: A letter that is not repeated from its immediate
proceeding trial

Nogo stimulus: A letter that is repeated from its immediate
proceeding trial

Figure 2 Schematic outline of the go/nogo task. The maximum duration of go and nogo stimuli
is 450 ms. However, the stimulus presentation is terminated as soon as a response is performed,

adapted from (Liu et al., 2017).
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2.3 Clinical measurements

All participants were asked to complete a series of standard questionnaires and tasks to
evaluate their current levels of behavioral, cognitive, and social emotional functioning.

The Adult ADHD Self Report Scale (ASRS) is a valid and reliable measurement for
evaluating ADHD symptoms in adults, which has eighteen questions based on the criteria used
for ADHD diagnosis in the DSM-1V-TR. The ASRS Part A is most predictive of symptoms
consistent with a diagnosis of ADHD. Scores for these questions were added up to calculate a
final score in this dissertation.

The Cognitive Failures Questionnaire (CFQ) measures self-reported failures in
perception, memory, and motor function. There are 25 questions, which ask participants to rank
how often these mistakes occur. Its reliability and validity in quantifying the distractibility of
individuals have been established in previous research. CFQ scores show temporal stability with
good test-retest consistency even after 16 months.

Several behavior measurements of the go/nogo task were selected to evaluate
participants’ performance, including reaction time (RT), accuracy (ACC), and standard deviation
of reaction time (RTSD). All behavior measurements were provided by E-prime software and
transferred into Matlab for further analysis.

2.4 EEG data processing

After the EEG data was collected, the EEG data was preliminarily divided into three

parts, corresponding to two resting sessions and one task session. | cleaned and analyzed the

EEG data by following the procedure shown in Figure 3.
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The raw EEG data was filtered through a bandpass filter (0.5 - 50 Hz) to remove the DC
noise and high frequency noise in the EGI’s Netstation software. Furthermore, the filtered EEG
data were segmented into 2-second frames/trials and 1.4-second frames/trials for resting states
and active task states correspondingly.

For resting states, | only focused on the EEG data recorded under the eyes-closed
conditions in the first resting session because the cognitive task could reshape the neural
oscillation in the resting session after the task (Zunini et al., 2013) and there would be less eye-
related artifacts in the EEG data under the eye closed situation than that under the eye open
situation.

For active task states, EEG data recorded in the task session were segmented from 400
ms before the stimulus onset to 1,000 ms after the stimulus onset. Correct nogo trials were
removed which did not have a correct go trial preceding and following them because they might
reflect attentional lapses or chronic non-responding. Segmented EEG data was transferred into
Matlab. In Matlab, all electrodes that were referenced to Cz during the recording were referenced
to an average reference for further cleaning and analysis.

One of the most pervasive problems of EEG analysis is artifacts. Typically, there are two
types of artifacts contained in the EEG data, including physiological artifacts (cardiac, muscle,
blink, eye movement, respiratory and pulse) and non-physiological artifacts (electrode pop, cable
movement, and body movement), as they could contaminate the EEG signal and lead to an
unfavorable loss of trials and subjects. To remove artifacts from the EEG, two denoising
strategies were applied in sequence, abnormal segment, and electrode removal as well as ICA

procedure.
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To the best of my knowledge, ICA would extract independent components from the EEG
signal and project desired components back to the EEG signal. In the ICA decomposition
procedure, there were usually more than one artifact source, which may be contained in multiple
ICs. Non-physiological artifacts like electrode pop (shown in Appendix A) were usually
contained across all trials and found in most ICs, which made it difficult to be removed by the
ICA procedure. The abnormal electrode was verified by a research assistant blind to the study
hypothesis and EEG from abnormal electrode was interpolated by EEG from nearby electrodes
in EEGLAB (Delorme and Makeig, 2004).

For non-physiological artifacts like cable movement and body movement were usually
extremely large-voltage and contained in several trials, which would contaminate many ICs and
affect the isolation of other artifacts, like eye movement. In my study, abnormal segments
containing extremely large non-physiological artifacts were identified by the research assistant
and removed manually (shown in Appendix B)

In my study, | mainly focused on the correct go trials, which accounted for the majority
of go/nogo task trials. This resulted in a different number of trials between COMP and ADHD

groups in the same condition (see Table 2 for details in trial counts).

Table 2 Trial count information for each group and condition

COMP ADHD
Resting State Trials 56 (4) 55 (3)
Correct Go Task Trials 149 (30) 155 (24)
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To remove artifacts and keep as many trials and subjects as possible, physiological
artifacts in the EEG data, such as blink, eye movements, or muscle movement were eliminated
by the ICA procedure. | utilized the Independent Component Analysis (ICA) module in the
EEGLAB to calculate Independent Components (ICs) for the EEG data. To detect, separate, and
remove EEG contributions from artifactual sources, the SASICA toolbox (Chaumon et al., 2015)
was used to automatically identify 1Cs with the artifact, followed by a manual identification
procedure, as shown in Appendix C. All verified artifact ICs were removed and the remaining
ICs were projected back to EEG data.

After the EEG was cleaned, MSE within EEG was calculated for each trial at each
electrode over corresponding time scales. The calculation of MSE was done by an open source
algorithm in Matlab available at www. physionet.org/physiotools/mse/, which could obtain
coarse-grained EEG data by averaging the data points within non-overlapping windows of time
scales and calculate sample entropy for each coarse-grained EEG data (Goldberger et al., 2000).

In the sample entropy calculation, the pattern length was set to m = 2, which means, two
consecutive data points were used to pattern matching. The simplicity threshold was setto r =
0.5. All coarse-grained EEG data were normalized before the calculation of sample entropy.
MSE in the resting state was calculated from scale 1 to 20, while MSE in the active task state
was calculated from scale 1 to 14 due to the shorter duration.

To observe how the brain adapts to the task, the MSE transition (MSE-A) was obtained
by subtracting MSE in the active task state from MSE in the resting state over corresponding

scales (scale 1-14) and electrodes.
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2.5 Statistics analysis

Statistical analysis was conducted in Matlab after MSE and MSE-A were calculated. I
utilized the 10-10 system and grouped electrodes into 5 clusters at the left and right hemispheres
separately (Luu and Ferree, 2005). Each cluster of electrodes represented one brain region as
shown in Figure 3. Calculated MSE were averaged within the corresponding brain sites over the
left and right hemispheres and checked for outliers. In general, there were five sets of MSE
results corresponding to 5 pairs of brain sites.

In general, the group difference of MSE in the resting and task states, and MSE-A
between individuals with ADHD and their peers were calculated over corresponding time scales
within each pair of brain sites.

To find the relationship between task performance and neural measurements, | averaged
MSE in the resting and task states, and MSE-A across different scale ranges respectively,
including fine scales (1-6), mid scales (7-14), and coarse scales (15-20) (Jaworska et al., 2018)
and looked into their relationships with behavior measurements as shown in Figure 5. The
Pearson’s r correlation coefficients were calculated for MSE measurements within each pair of
brain sites as shown in Figure 4.

Partial eta-squared values n? were computed to verify the effect size. According to
Vacha-Haase & Thompson (2004), partial n? = .01 corresponds to a small effect, partial n? = .10

standards for a medium effect, and partial n? = .25 represents a large effect.
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Figure 4 Electrode clusters represent corresponding brain sites. Deep blue represents the frontal
site (F site). Green represents the temporal site (T site). Light blue represents the central site (C
site). Orange represents the parietal site (P site). Pink represents the occipital site (O site).
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Figure 5 Relationship between MSE and behavior measurements. GO ACC represents the
accuracy in the correct go trials. GO RT represents the reaction time in the correct go trials. GO
RTSD represents the standard deviation of reaction time in the correct go trials.
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3 RESULTS

3.1 Behavioral and questionnaire results

| compared the means and standard deviations of the questionnaire and behavioral
measurements of the ADHD group and their peers using the statistical tests for group differences
in Table 3.

Results showed that the ADHD group reported more ADHD symptomatology and
everyday cognitive problems than their peers. The comparison group reported higher accuracy
for the go task than the ADHD group, while the ADHD group showed a larger standard
deviation of the reaction time for the go task than their peers. No significant group difference in

reaction time for go tasks was found.

Table 3 Descriptive and differences for questionnaire and behavioral measurements

COMP Group ADHD Group Di?f::l;rpl)ce Effect Size
M SD M SD p n’
ASRS 21.87 9.15 48.53 10.03 <0.001™" 0.666
CFQ 27.77 9.30 56.50 13.87 <0.001™" 0.605
GO ACC 0.93 0.05 0.89 0.06 <0.05" 0.095
GO RT 304.43 31.11 31520 31.67 >0.05 0.029
GO RTSD 85.26 15.88 101.50 16.00 <0.001"" 0.212

ASRS is the Adult ADHD Self-Report Scale.
CFQ is the cognitive failures questionnaire.

GO ACC is the accuracy in the correct go trials.
GO RT is the reaction time in the correct go trials.

GO RTSD is the standard deviation of reaction time in the correct go trials.
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3.2 MSE in the resting state

In the resting state, different MSE distributions between the comparison and ADHD
groups could be observed across different time scales and brain regions.

Across all electrodes, MSE in the comparison group was larger than that in the ADHD
group across coarse scales (15-20), whereas no difference of MSE was observed across fine
scales (1-6) and mid scales (7-14) as shown in Figure 6. Different distributions of MSE were not
only found across scales but also observed over different brain sites, which were compared in the
topographic distributions of MSE in Figure 7. Furthermore, as compared in Figure 8, MSE from
the comparison group was larger than that from the ADHD group across coarse scales in the
frontal, central, and temporal sites, but not in the parietal and occipital sites. However, the
difference of MSE between the comparison and ADHD groups was only significant at the frontal
site across coarse scales, as shown in Figure 9. There’s no significant relationship between MSE

and behavior measurements in the comparison or ADHD group as shown in Figure 10.
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Figure 6 MSE distribution across scales during the resting state. MSE from the comparison
(COMP) group and ADHD group were averaged over all electrodes and compared across scales
(1 to 20), with standard error as the shaded area, which was partially enlarged viewed across

coarse scales.
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Figure 7 MSE topographical distribution during the resting state. MSE was averaged over three
time scale ranges and compared topographically.
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Figure 8 MSE distribution across scales at different brain sites during the resting state. MSE
were averaged within each region and compared across scales with standard error as the shaded
area.
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Figure 9 Group difference of MSE during the resting state. A paired t-test was performed for
MSE averaged within each electrode cluster over all scales.
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Figure 10 Correlation between MSE and behavior performance during the resting state. Scatter
plots with regression line between MSE averaged across mid scales at the frontal site and three
behavior measurements (GO ACC, GO RT, GO RTSD) for both the comparison and ADHD
groups.
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3.3 MSE in the active task state

In the active task state, no significant group difference of MSE between the comparison
and ADHD groups was achieved for any scale or any brain site.

Across all electrodes, similar distributions of MSE were observed across fine scales (1-6)
and mid scales (7-14) in the comparison and ADHD groups, whereas MSE in the comparison
group was smaller than that in the ADHD group across mid scales (7-14), but didn’t reach
statistical significance as shown in Figure 11. Similar distributions of MSE were not only found
across scales but also observed over different brain sites as shown in Figure 12. Furthermore, as
compared in Figure 13, MSE from the comparison group was smaller than that from the ADHD
group across mid scales in the frontal and central sites, but not in the temporal, parietal, and
occipital sites. However, no significant group difference of MSE between the comparison and
ADHD groups was achieved as shown in Figure 14. There's a significant negative correlation
between MSE and behavior measurements in the comparison group as shown in Figure 15, but
not for the ADHD group as shown in Figure 16. Increased MSE across mid scales in the frontal
site was associated with lower accuracy (ACC), larger reaction time (RT), and a larger standard

deviation of reaction time (RTSD).
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Figure 11 MSE distribution across scales during the active task state. MSE from the comparison
(COMP) group and ADHD group were averaged over all electrodes and compared across scales
(1 to 14), with standard error as the shaded area, which was partially enlarged viewed across mid

scales.
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Figure 12 MSE topographical distribution during the active task state. MSE was averaged over
two time scale ranges and compared topographically.
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Figure 13 MSE distribution across scales at different brain sites during the active task state.
MSE were averaged within each region and compared across scales with standard error as the
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Figure 14 Group difference of MSE during the active task state. A paired t-test was performed
for MSE averaged within each electrode cluster over all scales.
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at the frontal site and three behavior measurements (GO ACC, GO RT, GO RTSD) for the
comparison group.
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Figure 16 Correlation between MSE and behavior performance for the ADHD group during the
active task state. Scatter plots with the regression line between MSE averaged across mid scales
at the frontal site and three behavior measurements (GO ACC, GO RT, GO RTSD) for the
ADHD group.
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3.4 MSE transition from the resting state to task state

From the resting state to the active task state, MSE increased within fine scales and
decreased within mid scales for both the comparison and ADHD groups, as shown in Figure 17.

Different MSE transition (MSE-A) distributions could be observed between the
comparison and ADHD groups across different time scales and brain regions. Positive MSE-A
represented larger MSE during the active task state, as well as negative MSE-A corresponding to
larger MSE during the resting state.

Overall electrodes, MSE-A in the comparison group was significantly larger than that in
the ADHD group across mid scales (7-14), whereas no difference of MSE was observed across
fine scales (1-6) as shown in Figure 18. Different distributions of MSE-A were not only found
across scales but also observed over different brain sites, which were compared in the
topographic distributions of MSE-A in Figure 19. Furthermore, as compared in Figure 20, MSE-
A from the comparison group was larger than that from the ADHD group across mid scales in the
frontal, central, and temporal sites, but not in the parietal and occipital sites. Especially, over the
entire mid scales, a significant group difference of MSE-A between the comparison and ADHD
groups was achieved for the frontal site, as shown in Figure 21. There's a significant negative
correlation between MSE-A and behavior measurements in the comparison group as shown in
Figure 22, but not for the ADHD group as shown in Figure 23. Increased MSE-A across mid
scales in the frontal site was associated with lower accuracy (ACC), larger reaction time (RT),
and a larger standard deviation of reaction time (RTSD).

For the comparison group during the active task state, the effect of MSE on the task
performance (GO ACC) was not significantly mediated via MSE in the resting state. As shown

in Figure 24, the regression coefficient between MSE in the active task state and task
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performance (GO ACC) was significant, while the regression coefficient between MSE in the
resting state and task performance was not. The indirect effect was statistically not significant

(p > 0.05).

51



MSE Distribution Over Scales

127
1+F
@)
S 0.8
O
[0}
(o))
©
G>J 0.6+
< REST-COMP
REST-ADHD
04+ CORGO-COMP
CORGO-ADHD
Fine Scale Mid Scale Coarse Scale
0.2 ; . ; J
0 5 10 15 20

Scales

Figure 17 MSE distribution across scales for the comparison and ADHD groups during the
resting and active task states. MSE from the comparison (COMP) group and ADHD group were
averaged over all electrodes and compared across scales, with standard error as the shaded area
for the resting (REST) and active task (COR GO) states.
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Figure 18 MSE-A distribution across scales. MSE-A from the comparison (COMP) group and
ADHD group were averaged over all electrodes and compared across scales (1 to 14), with
standard error as the shaded area, which was partially enlarged viewed across mid scales.
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Figure 20 MSE-A distribution across scales at different brain sites. MSE-A were averaged within
each region and compared across mid scales with standard error as the shaded area.
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within each electrode cluster over all scales.
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Figure 22 Correlation between MSE and behavior performance for the comparison group.
Scatter plots with regression line between MSE-A averaged across mid scales at the frontal site
and three behavior measurements (GO ACC, GO RT, GO RTSD) for the comparison group.
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Figure 23 Correlation between MSE and behavior performance for the ADHD group. Scatter
plots with regression line between MSE-A averaged across mid scales at the frontal site and three
behavior measurements (GO ACC, GO RT, GO RTSD) for the ADHD group.
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4 SUMMARY

The present study aimed to investigate whether and how adults with ADHD differ from
their peers in aspects of EEG complexity under different conditions. The ADHD group reported
severe impairments on everyday functioning and showed worse task performance. During the
resting state, the MSE from the comparison group was larger than that from the ADHD group
across coarse scales (15-20) - an effect that was driven by frontal sites. No group differences
were found during the active task states. In the comparison group, MSE at frontal sites within the
mid scales correlated with all three task performance measurements (GO ACC, GO RT, GO
RTSD), showing better performance related to decreased MSE measurements. Furthermore, the
transition of MSE from the resting state to the active task state at the frontal site within the mid
scales was larger in the comparison group than the ADHD group, and also correlated with task
performance in the comparison group with better performance being associated with larger
transitions of MSE between states.

4.1 Behavioral performance

Performance in the Go/Nogo task (Accuracy, Reaction time, and Standard deviation of reaction
time) was compared between the comparison and ADHD groups. Consistent with previous literature, the
accuracy (GO ACC) from individuals with ADHD was lower than that from their healthy peers. The
small effect size of group differences in accuracy can be explained by the nature of the sample: college
students with ADHD. These subjects are relatively high functioning adults with ADHD, especially in
their performance on standardized neuropsychological tests (DuPaul et al., 2009; Gu et al., 2018). It’s
possible the go/nogo task was not sensitive enough to find differences between ADHD and healthy

controls for college students.
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The lack of group differences in reaction time (GO RT) was consistent with previous publications
on go/nogo tasks in children with ADHD (Baijot et al., 2017). This could be explained by the relatively
small size of the sample.

Compared with healthy subjects, the standard deviation of reaction time (RTSD) from adults with
ADHD was larger than that from their peers with medium effect size. In other words, the ADHD group
represented increased intra-individual variability in reaction time for go/nogo tasks. A previous study
(Adams et al., 2011) investigated the standard deviation of reaction time in individuals with ADHD
during different tasks and linked RTSD to distractibility, which suggested RTSD could be a valid
measure of inattention in ADHD (larger RTSD indicated a higher level of inattention syndrome).

4.2 MSE in the resting state

When the comparison and ADHD groups were compared, it was first confirmed that
smaller MSE at frontal sites within coarse scales during the resting state characterized
individuals with ADHD. This could indicate weaker long-range interaction between the frontal
site with other regions respectively in the ADHD group (Vakorin et al., 2011; McDonough &
Nashiro, 2014; Wang et al., 2016), which was consistent with the executive dysfunction theory,
that symptoms of ADHD were associated with abnormalities in frontal-parietal and frontal-
striatal circuits (Seidman et al., 2005).

Previous studies on MSE during the resting state has revealed that there was an increase
of MSE along with the development of the brain (Wang et al., 2016). Furthermore, smaller MSE
during the resting state in the ADHD group could suggest a potential maturational delay of the
cortex, which was consistent with behavioral and neuropsychological studies (Shaw et al., 2007;
Berger et al., 2013)

Larger MSE across coarse scales in the comparison group could be supported by studies

of neural oscillation in the resting state for adults with ADHD. In Woltering et al. (2012), lower
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power in the alpha band was found during resting state for adults with ADHD compared to their
peers. MSE within coarse scales was associated with EEG around the alpha band, which
indicated that smaller MSE across coarse scales was associated with decreased neural
oscillations around the alpha band in the ADHD group.

Smaller MSE within coarse scales at frontal sites in the ADHD group suggested lower
itinerancy in distributed neural network related to frontal sites, which could be associated with
lower cognitive flexibility (Armbruster-Geng et al., 2016) and difficulty to initialize attention
(Friston et al., 2012).

There were several studies (MclIntosh et al., 2008; Smit et al., 2013; Yang et al., 2013; Li
et al., 2018; Szostakiwskyj et al., 2017; Armbruster-Geng et al., 2016; Pscherer et al., 2019) that
suggested that the complexity or neural oscillation of brain activity during the resting state could
provide insight into cognitive performance, such as sensitivity to stimuli and cognitive stability.
Regarding the relationships between behavior measurements and MSE across different scale
ranges at different brain sites, no significant correlation could be located, even for MSE within
coarse scales at frontal sites..

4.3 MSE in the active task state

When the comparison and ADHD groups were compared, there was no significant
difference in MSE at any brain sites across any scales in the active task state, which was different
from my preliminary hypothesis. Similar MSE distribution between the comparison and ADHD
groups suggested similar levels of local information processing and long-range interaction across

different brain sites during task engagement.
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It’s premature to conclude that MSE is not able to characterize ADHD during the active
task state. There were several potential explanations for the lack of significance of MSE during
the active task state.

Firstly, MSE during the active task state measured the complexity of the neural activity
driven by task requirements, including inhibitory and attention control in the go/nogo task. The
same task requirement would drive individuals in the comparison and ADHD groups to dedicate
a similar amount of neural resources, which might associate with similar MSE distribution
(Woltering et al., 2013; Jahanshahloo et al., 2017; Leontyev et al., 2018).

Secondly, the weaker effects of MSE difference may have been presented but have
required larger sample size to detect. It is worth mentioning that the difference of MSE between
the comparison and ADHD groups was larger at frontal sites than other brain sites, as well as
MSE in the comparison were smaller than that in the ADHD (not statistically significant), which
was consistent with my hypothesis (Seidman et al., 2005).

When the relationship between MSE and task performance was investigated, MSE in the
comparison group within mid scales at frontal sites was found to be negatively correlated with
accuracy for go trials (GO ACC), positively correlated with reaction time for correct go trials
(GO RT) and positively correlated with the standard deviation of reaction time for correct go
trials (GO RTSD), which were not found in the ADHD group.

MSE in the active task state provided insight into functional connectivity corresponding
to task requirements and evaluated dynamic itinerancy within certain neural networks (Mclntosh
et al., 2014; Wang et al., 2018). The negative correlation between MSE and task performance
(better accuracy, shorter reaction time, a smaller standard deviation of reaction time) suggested

decreased MSE in the active task state were associated with a neural network with high cognitive
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stability (Armbruster-Geng et al., 2016), which was consistent with the hypothesis and other
studies (Mcintosh et al., 2008).

During the active task state, no significant relationships between MSE and task
performance could be found in the ADHD group. Although the difference of MSE across mid
scales at frontal sites didn’t reach statistical significance, the direction of the effects suggested
abnormal functional connectivity associated with MSE across mid scales at frontal sites might
contribute to the executive function deficits in the ADHD population.

4.4 MSE transition from the resting state to the active task state

MSE within fine scales increased from the resting state to the active task state, as well as
MSE within mid scales decreased from the resting state to the active task state for both the
comparison and ADHD groups. These findings suggested more local information processing and
less interaction across different sites for go/nogo tasks.

As previously discussed, the MSE from the comparison group was larger than that from
the ADHD group (statistically significant) in the resting state, as well as the MSE from the
comparison group was smaller than that from the ADHD group (not statistically significant) in
the active task state. When the comparison and ADHD groups were compared, it was confirmed
that smaller MSE transitions (MSE-A) from the resting state to the active task state within mid
scales at frontal sites characterized individuals with ADHD.

Smaller MSE-A in the ADHD group indicated their brain could not generate sufficient
change of long-range interaction between frontal sites with other regions for cognitive tasks,
which was consistent with the executive dysfunction theory for ADHD (Seidman et al., 2005). In

other words, participants in the ADHD group were less flexible and adaptable to process tasks.
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Previous studies on MSE transition from the resting state to the active task state has
revealed that there was an increase of MSE-A along with the maturation of the brain
(Szostakiwskyj et al., 2017). Furthermore, smaller MSE-A in the ADHD group could suggest a
potential maturational delay of the brain (Shaw et al., 2007; Berger et al., 2013), which was
consistent with previous findings of smaller MSE in the ADHD group during the resting state.

When the relationships between MSE-A and task performance were investigated, MSE-A
in the comparison group within mid scales at frontal sites were found positively correlated with
accuracy for go trials (GO ACC), negatively correlated with reaction time for correct go trials
(GO RT), and negatively correlated with the standard deviation of reaction time for correct go
trials (GO RTSD), which were not found in the ADHD group.

MSE-A could provide insight into task-related functional connectivity changes and
evaluate dynamic itinerancy change within certain neural networks (Mclntosh et al., 2014; Wang
et al., 2018). Increased MSE-A was positively correlated with task performance (better accuracy,
shorter reaction time, a smaller standard deviation of reaction time) and revealed that the more
adaptable the brain could be, the better task performance participants could achieve.

No significant relationships between MSE-A and task performance could be found in the
ADHD group, which could be related to abnormal functional connectivity associated with MSE
across mid scales at frontal sites during the active task state.

4.5 Conclusion

To the best of my knowledge, this is one novel and comprehensive analysis of EEG
complexity for college students with ADHD. The study provides support for the idea that
multiscale entropy (MSE) can evaluate brain dynamics in subjects with ADHD under different

states, provide insight into neural connectivity, and their relationships with attention-
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deficit/hyperactivity disorder (ADHD) symptoms. My findings suggest that the brains of
individuals with ADHD have lower cognitive flexibility in the resting state than their healthy
peers, as well as lower cognitive stability in the active task state. The brain’s ability to change
from a resting state to an active state is represented by MSE transition and significantly different
between individuals with ADHD and their peers. The comprehensive interpretation of the MSE
complexity over different mental states could provide insight into the neural mechanism of

ADHD and a potential method to evaluate treatment for ADHD.

66



REFERENCES

Adams, Z. W., Roberts, W. M., Milich, R., & Fillmore, M. T. (2011). Does response variability
predict distractibility among adults with attention-deficit/hyperactivity disorder?. Psychological

Assessment, 23(2), 427.

Alvarez, J. A., & Emory, E. (2006). Executive function and the frontal lobes: a meta-analytic

review. Neuropsychology Review, 16(1), 17-42.

Anokhin, A. P., Lutzenberger, W., Nikolaev, A., & Birbaumer, N. (2000). Complexity of
electrocortical dynamics in children: developmental aspects. Developmental Psychobiology: The

Journal of the International Society for Developmental Psychobiology, 36(1), 9-22.

Arduini, A. (1963). The tonic discharge of the retina and its central effects. In Progress in Brain

Research (Vol. 1, pp. 184-206). Elsevier.

Armbruster-Geng, D. J., Ueltzhoffer, K., & Fiebach, C. J. (2016). Brain signal variability
differentially affects cognitive flexibility and cognitive stability. Journal of Neuroscience,

36(14), 3978-3987.

Arns, M., Conners, C. K., & Kraemer, H. C. (2013). A decade of EEG theta/beta ratio research in

ADHD: a meta-analysis. Journal of Attention Disorders, 17(5), 374-383.

Baijot, S., Cevallos, C., Zarka, D., Leroy, A., Slama, H., Colin, C., ... & Cheron, G. (2017). EEG

dynamics of a go/nogo task in children with ADHD. Brain Sciences, 7(12), 167.

Balint, S., Baradits, M., Kakuszi, B., Bitter, I., & Czobor, P. (2016). Relationship between
cognitive flexibility and symptom presentation in adult ADHD. European

Neuropsychopharmacology, 2(26), S344.

67



Barkley, R. A. (1997). Behavioral inhibition, sustained attention, and executive functions:

constructing a unifying theory of ADHD. Psychological Bulletin, 121(1), 65.

Barkley, R. A. (2002). ADHD--Long-term course, adult outcome, and comorbid disorders. In P.
S. Jensen & J. R. Cooper (Eds.), Attention deficit hyperactivity disorder: State of the science-

best practices (p. 4-1-4-12). Civic Research Institute.

Barkley, R. A., & Murphy, K. R. (2011). The nature of executive function (EF) deficits in daily
life activities in adults with ADHD and their relationship to performance on EF tests. Journal of

Psychopathology and Behavioral Assessment, 33(2), 137-158.

Barry, R. J., Clarke, A. R., & Johnstone, S. J. (2003). A review of electrophysiology in attention-
deficit/hyperactivity disorder: 1. Qualitative and quantitative electroencephalography. Clinical

Neurophysiology, 114(2), 171-183.

Barry, T. D., Lyman, R. D., & Klinger, L. G. (2002). Academic underachievement and attention-
deficit/hyperactivity disorder: The negative impact of symptom severity on school performance.

Journal of School Psychology, 40(3), 259-283.

Bassett, D. S., & Gazzaniga, M. S. (2011). Understanding complexity in the human brain. Trends

in Cognitive Sciences, 15(5), 200-2009.

Beck, J. M., Ma, W. J,, Kiani, R., Hanks, T., Churchland, A. K., Roitman, J., ... & Pouget, A.

(2008). Probabilistic population codes for Bayesian decision making. Neuron, 60(6), 1142-1152.

Beharelle, A. R., Kovacevi¢, N., Mclntosh, A. R., & Levine, B. (2012). Brain signal variability
relates to stability of behavior after recovery from diffuse brain injury. Neuroimage, 60(2), 1528-

1537.

68



Berger, 1., Slobodin, O., Aboud, M., Melamed, J., & Cassuto, H. (2013). Maturational delay in

ADHD: evidence from CPT. Frontiers in Human Neuroscience, 7, 691.

Biederman, J., Monuteaux, M. C., Mick, E., Spencer, T., Wilens, T. E., Silva, J. M., ... &
Faraone, S. V. (2006). Young adult outcome of attention deficit hyperactivity disorder: a

controlled 10-year follow-up study. Psychological Medicine, 36(2), 167.

Biskup, C. S., Helmbold, K., Baurmann, D., Klasen, M., Gaber, T. J., Bubenzer-Busch, S., ... &
Zepf, F. D. (2016). Resting state default mode network connectivity in children and adolescents

with ADHD after acute tryptophan depletion. Acta Psychiatrica Scandinavica, 134(2), 161-171.

Bob, P., Golla, M., Epstein, P., & Konopka, L. (2011). EEG complexity and attentional

processes related to dissociative states. Clinical EEG and Neuroscience, 42(3), 175-179.

Bollmann, S., Ghisleni, C., Poil, S. S., Martin, E., Ball, J., Eich-Hdchli, D., ... & O'Gorman, R.
L. (2015). Developmental changes in gamma-aminobutyric acid levels in attention-

deficit/hyperactivity disorder. Translational Psychiatry, 5(6), €589-e589.

Boon, M. Y., Henry, B. I., Suttle, C. M., & Dain, S. J. (2008). The correlation dimension: A

useful objective measure of the transient visual evoked potential?. Journal of Vision, 8(1), 6-6.

Borger, N., & van der Meere, J. (2000). Motor control and state regulation in children with

ADHD: a cardiac response study. Biological Psychology, 51(2-3), 247-267.

Boroujeni, Y. K., Rastegari, A. A., & Khodadadi, H. (2019). Diagnosis of attention deficit
hyperactivity disorder using non-linear analysis of the EEG signal. IET Systems Biology, 13(5),

260-266.

Bradshaw, J. L., & Sheppard, D. M. (2000). The neurodevelopmental frontostriatal disorders:

evolutionary adaptiveness and anomalous lateralization. Brain and Language, 73(2), 297-320.

69



Broyd, S. J., Helps, S. K., & Sonuga-Barke, E. J. (2011). Attention-induced deactivations in very
low frequency EEG oscillations: differential localisation according to ADHD symptom status.

PLoS One, 6(3), 1-8.

Burzynska, A. Z., Wong, C. N., Voss, M. W., Cooke, G. E., McAuley, E., & Kramer, A. F.
(2015). White matter integrity supports BOLD signal variability and cognitive performance in

the aging human brain. PLoS One, 10(4).

Catarino, A., Churches, O., Baron-Cohen, S., Andrade, A., & Ring, H. (2011). Atypical EEG
complexity in autism spectrum conditions: a multiscale entropy analysis. Clinical

Neurophysiology, 122(12), 2375-2383.

Centers for Disease Control and Prevention. (2019). Data and Statistics About ADHD. Retrieved

from https://www.cdc.gov/ncbddd/adhd/data.html

Chaiyanan, C., & Kaewkamnerdpong, B. (2019, November). A Study on Implicit Learning EEG
using Sample Entropy to Further Development for ADHD Therapy. In 2019 12th Biomedical

Engineering International Conference (BMEICON) (pp. 1-4). IEEE.

Chaumon, M., Bishop, D. V., & Busch, N. A. (2015). A practical guide to the selection of
independent components of the electroencephalogram for artifact correction. Journal of

Neuroscience Methods, 250, 47-63.

Chén, O. Y., Cao, H., Reinen, J. M., Qian, T., Gou, J., Phan, H., ... & Cannon, T. D. (2019).
Resting-state brain information flow predicts cognitive flexibility in humans. Scientific Reports,

9(1), 1-16.

70



Chenxi, L., Chen, Y., Li, Y., Wang, J., & Liu, T. (2016). Complexity analysis of brain activity in
attention-deficit/hyperactivity disorder: A multiscale entropy analysis. Brain Research Bulletin,

124, 12-20.

Craig, F., Margari, F., Legrottaglie, A. R., Palumbi, R., De Giambattista, C., & Margari, L.
(2016). A review of executive function deficits in autism spectrum disorder and attention-

deficit/hyperactivity disorder. Neuropsychiatric Disease and Treatment, 12, 1191.

Czigler, B., Csikos, D., Hidasi, Z., Gaal, Z. A., Csibri, E., Kiss, E., ... & Molnar, M. (2008).
Quantitative EEG in early Alzheimer's disease patients—power spectrum and complexity

features. International Journal of Psychophysiology, 68(1), 75-80.

Dajani, D. R., & Uddin, L. Q. (2015). Demystifying cognitive flexibility: Implications for

clinical and developmental neuroscience. Trends in Neurosciences, 38(9), 571-578.

Danielson, M. L., Bitsko, R. H., Ghandour, R. M., Holbrook, J. R., Kogan, M. D., & Blumberg,
S. J. (2018). Prevalence of parent-reported ADHD diagnosis and associated treatment among US
children and adolescents, 2016. Journal of Clinical Child & Adolescent Psychology, 47(2), 199-

212.

Deco, G., & Jirsa, V. K. (2012). Ongoing cortical activity at rest: criticality, multistability, and

ghost attractors. Journal of Neuroscience, 32(10), 3366-3375.

Deco, G., Jirsa, V. K., & Mcintosh, A. R. (2011). Emerging concepts for the dynamical

organization of resting-state activity in the brain. Nature Reviews Neuroscience, 12(1), 43-56.

Delorme, A., & Makeig, S. (2004). EEGLAB: an open source toolbox for analysis of single-trial
EEG dynamics including independent component analysis. Journal of Neuroscience Methods,

134(1), 9-21.

71



Dovis, S., Van der Oord, S., Wiers, R. W., & Prins, P. J. (2015). Improving executive
functioning in children with ADHD: training multiple executive functions within the context of a

computer game. a randomized double-blind placebo controlled trial. PloS One.

DuPaul, G. J., Weyandt, L. L., O'Dell, S. M., & Varejao, M. (2009). College students with

ADHD: Current status and future directions. Journal of Attention Disorders, 13(3), 234-250.

Edwards, G., Barkley, R. A., Laneri, M., Fletcher, K., & Metevia, L. (2001). Parent—adolescent
conflict in teenagers with ADHD and ODD. Journal of Abnormal Child Psychology, 29(6), 557-

572.

Egeland, J. (2007). Differentiating attention deficit in adult ADHD and schizophrenia. Archives

of Clinical Neuropsychology, 22(6), 763-771.

Ek, U., Westerlund, J., Holmberg, K., & Fernell, E. (2011). Academic performance of
adolescents with ADHD and other behavior and learning problems—a population-based

longitudinal study. Acta Paediatrica, 100(3), 402-406.

Epstein, J. N., & Loren, R. E. (2013). Changes in the definition of ADHD in DSM-5: subtle but

important. Neuropsychiatry, 3(5), 455.

Escudero, J., Abasolo, D., Hornero, R., Espino, P., & Lopez, M. (2006). Analysis of
electroencephalograms in Alzheimer's disease patients with multiscale entropy. Physiological

Measurement, 27(11), 1091.

Evans, S. W., Owens, J. S., & Bunford, N. (2014). Evidence-based psychosocial treatments for
children and adolescents with attention-deficit/hyperactivity disorder. Journal of Clinical Child

& Adolescent Psychology, 43(4), 527-551.

72



Fair, D. A., Cohen, A. L., Power, J. D., Dosenbach, N. U., Church, J. A., Miezin, F. M., ... &
Petersen, S. E. (2009). Functional brain networks develop from a “local to distributed”

organization. PLOS Computational Biology, 5(5), e1000381.

Faisal, A. A., Selen, L. P., & Wolpert, D. M. (2008). Noise in the nervous system. Nature

Reviews Neuroscience, 9(4), 292-303.

Faraone, S. V., Biederman, J., Chen, W. J., Milberger, S., Warburton, R., & Tsuang, M. T.
(1995). Genetic heterogeneity in attention-deficit hyperactivity disorder (ADHD): Gender,

psychiatric comorbidity, and maternal ADHD. Journal of Abnormal Psychology, 104(2), 334.

Farrant, B. M., Fletcher, J., & Maybery, M. T. (2014). Cognitive flexibility, theory of mind, and

hyperactivity/inattention. Child Development Research, 2014, 1-10.

Ferezou, I., & Deneux, T. (2017). How do spontaneous and sensory-evoked activities interact?.

Neurophotonics, 4(3), 031221.

Ferree, T. C., Luu, P., Russell, G. S., & Tucker, D. M. (2001). Scalp electrode impedance,

infection risk, and EEG data quality. Clinical Neurophysiology, 112(3), 536-544.

Fletcher, J., & Wolfe, B. (2009). Long-term consequences of childhood ADHD on criminal

activities. The Journal of Mental Health Policy and Economics, 12(3), 119.

Frank, T. D., Daffertshofer, A., Beek, P. J., & Haken, H. (1999). Impacts of noise on a field

theoretical model of the human brain. Physica D: Nonlinear Phenomena, 127(3-4), 233-249.

Freeman, W. J. (1994). Neural networks and chaos. Journal of Theoretical Biology, 171(1), 13-

18.

73



Gabrys, R. L., Tabri, N., Anisman, H., & Matheson, K. (2018). Cognitive control and flexibility
in the context of stress and depressive symptoms: The cognitive control and flexibility

questionnaire. Frontiers in Psychology, 9, 2219.

Gao, J., Hu, J., & Tung, W. W. (2011). Complexity measures of brain wave dynamics. Cognitive

Neurodynamics, 5(2), 171-182.

Garrett, D. D., Samanez-Larkin, G. R., MacDonald, S. W., Lindenberger, U., Mclintosh, A. R., &
Grady, C. L. (2013). Moment-to-moment brain signal variability: a next frontier in human brain

mapping?. Neuroscience & Biobehavioral Reviews, 37(4), 610-624.

Gentile, J. P., Atig, R., & Gillig, P. M. (2006). Adult ADHD: diagnosis, differential diagnosis,

and medication management. Psychiatry (Edgmont), 3(8), 25.

Goldberger, A. L., Amaral, L. A., Glass, L., Hausdorff, J. M., lvanov, P. C., Mark, R. G., ... &
Stanley, H. E. (2000). PhysioBank, PhysioToolkit, and PhysioNet: components of a new research

resource for complex physiologic signals. circulation, 101(23), e215-e220.

Goldman, J. S., Tort-Colet, N., Di Volo, M., Susin, E., Bouté, J., Dali, M., ... & Destexhe, A.
(2019). Bridging single neuron dynamics to global brain states. Frontiers in Systems

Neuroscience, 13, 75.

Grundy, J. G., Anderson, J. A., & Bialystok, E. (2017). Bilinguals have more complex EEG

brain signals in occipital regions than monolinguals. Neurolmage, 159, 280-288.

Grundy, J. G., Barker, R. M., Anderson, J. A., & Shedden, J. M. (2019). The relation between
brain signal complexity and task difficulty on an executive function task. Neurolmage, 198, 104-

113.

74



Gu, C., Liu, Z. X., Tannock, R., & Woltering, S. (2018). Neural processing of working memory

in adults with ADHD in a visuospatial change detection task with distractors. PeerJ, 6, €5601.

Han, J., Zeng, K., Kang, J., Tong, Z., Cai, E., Chen, H., ... & Li, X. (2017). Development of
brain network in children with autism from early childhood to late childhood. Neuroscience, 367,

134-146.

Harpin, V. A. (2005). The effect of ADHD on the life of an individual, their family, and

community from preschool to adult life. Archives of Disease in Childhood, 90(suppl 1), i2-i7.

Hartung, C. M., Lefler, E. K., Canu, W. H., Stevens, A. E., Jaconis, M., LaCount, P. A., ... &
Willcutt, E. G. (2019). DSM-5 and other symptom thresholds for ADHD: Which is the best

predictor of impairment in college students?. Journal of Attention Disorders, 23(13), 1637-1646.
Harris, K. D. (2012). Cell assemblies of the superficial cortex. Neuron, 76(2), 263-265.

Hayden, J., Flood, M., & McNicholas, F. (2016). ADHD in children: a path to free medicines.

Irish Journal of Medical Science (1971-), 185(1), 171-175.

Huang, R. S., Jung, T. P., Delorme, A., & Makeig, S. (2008). Tonic and phasic
electroencephalographic dynamics during continuous compensatory tracking. Neurolmage,

39(4), 1896-1900.

Huang, S. L., Tseng, P., & Liang, W. K. (2015). Dynamical change of signal complexity in the

brain during inhibitory control processes. Entropy, 17(10), 6834-6853.

Jahanshahloo, H. R., Shamsi, M., Ghasemi, E., & Kouhi, A. (2017). Automated and ERP-based
diagnosis of attention-deficit hyperactivity disorder in children. Journal of Medical Signals and

Sensors, 7(1), 26.

75



Jasper, H. H., Solomon, P., & Bradley, C. (1938). Electroencephalographic analyses of behavior

problem children. American Journal of Psychiatry, 95(3), 641-658.

Jaworska, N., Wang, H., Smith, D. M., Blier, P., Knott, V., & Protzner, A. B. (2018). Pre-
treatment EEG signal variability is associated with treatment success in depression. Neurolmage:

Clinical, 17, 368-377.

Jia, H., Li, Y., & Yu, D. (2018). Normalized spatial complexity analysis of neural signals.

Scientific Reports, 8(1), 1-10.

Johnson, K. A., Wiersema, J. R., & Kuntsi, J. (2009). What would Karl Popper say? Are current

psychological theories of ADHD falsifiable?. Behavioral and Brain Functions, 5(1), 15.

Just, M. A., Cherkassky, V. L., Keller, T. A., & Minshew, N. J. (2004). Cortical activation and
synchronization during sentence comprehension in high-functioning autism: evidence of

underconnectivity. Brain, 127(8), 1811-1821.

Kappenman, E. S., & Luck, S. J. (2010). The effects of electrode impedance on data quality and

statistical significance in ERP recordings. Psychophysiology, 47(5), 888-904.

Kessler, R. C., Adler, L., Ames, M., Demler, O., Faraone, S., Hiripi, E. V. A., ... & Ustun, T. B.
(2005). The World Health Organization Adult ADHD Self-Report Scale (ASRS): a short

screening scale for use in the general population. Psychological Medicine, 35(2), 245-256.

Kessler, R. C., Adler, L., Barkley, R., Biederman, J., Conners, C. K., Demler, O., ... & Spencer,
T. (2006). The prevalence and correlates of adult ADHD in the United States: results from the

National Comorbidity Survey Replication. American Journal of Psychiatry, 163(4), 716-723.

Kewley, G. D. (2001). Attention Deficit Hyperactivity Disorder (Recognition, Reality and

Resolution) (1st ed.). Routledge.

76



Knyazev, G. G. (2007). Motivation, emotion, and their inhibitory control mirrored in brain

oscillations. Neuroscience & Biobehavioral Reviews, 31(3), 377-395.

Kooij, S. J., Bejerot, S., Blackwell, A., Caci, H., Casas-Brugué, M., Carpentier, P. J., ... &
Gaillac, V. (2010). European consensus statement on diagnosis and treatment of adult ADHD:

The European Network Adult ADHD. BMC Psychiatry, 10(1), 67.

Krueger, M., & Kendall, J. (2001). Descriptions of self: An exploratory study of adolescents with

ADHD. Journal of Child and Adolescent Psychiatric Nursing, 14(2), 61.

Kumar, U., Medel-Matus, J. S., Redwine, H. M., Shin, D., Hensler, J. G., Sankar, R., &
Mazarati, A. (2016). Effects of selective serotonin and norepinephrine reuptake inhibitors on
depressive-and impulsive-like behaviors and on monoamine transmission in experimental

temporal lobe epilepsy. Epilepsia, 57(3), 506-515.
Lashley, K. S. (1951). The problem of serial order in behavior (Vol. 21). Oxford, United

Kingdom: Bobbs-Merrill.

Leber, A. B., Turk-Browne, N. B., & Chun, M. M. (2008). Neural predictors of moment-to-
moment fluctuations in cognitive flexibility. Proceedings of the National Academy of Sciences,

105(36), 13592-13597.

Lee, P. C., Lin, K. C., Robson, D., Yang, H. J., Chen, V. C. H., & Niew, W. I. (2013). Parent—
child interaction of mothers with depression and their children with ADHD. Research in

Developmental Disabilities, 34(1), 656-668.

Lenartowicz, A., & Loo, S. K. (2014). Use of EEG to diagnose ADHD. Current Psychiatry

Reports, 16(11), 498.

77



Lenartowicz, A., Mazaheri, A., Jensen, O., & Loo, S. K. (2018). Aberrant modulation of brain
oscillatory activity and attentional impairment in attention-deficit/hyperactivity disorder.

Biological Psychiatry: Cognitive Neuroscience and Neuroimaging, 3(1), 19-29.

Li, X., Zhu, Z., Zhao, W., Sun, Y., Wen, D., Xie, Y., ... & Han, Y. (2018). Decreased resting-
state brain signal complexity in patients with mild cognitive impairment and Alzheimer’s

disease: a multi-scale entropy analysis. Biomedical Optics Express, 9(4), 1916-1929.

Li, Y., Tong, S., Liu, D., Gai, Y., Wang, X., Wang, J., ... & Zhu, Y. (2008). Abnormal EEG
complexity in patients with schizophrenia and depression. Clinical Neurophysiology, 119(6),

1232-1241.

Liang, W. K., Lo, M. T., Yang, A. C., Peng, C. K., Cheng, S. K., Tseng, P., & Juan, C. H.
(2014). Revealing the brain's adaptability and the transcranial direct current stimulation

facilitating effect in inhibitory control by multiscale entropy. Neuroimage, 90, 218-234.

Lippé, S., Kovacevic, N., & Mclntosh, R. (2009). Differential maturation of brain signal

complexity in the human auditory and visual system. Frontiers in Human Neuroscience, 3, 48.

Liu, M., Song, C., Liang, Y., Kndpfel, T., & Zhou, C. (2019). Assessing spatiotemporal
variability of brain spontaneous activity by multiscale entropy and functional connectivity.

Neurolmage, 198, 198-220.

Luu, P., & Ferree, T. (2005). Determination of the HydroCel Geodesic Sensor Nets’ average

electrode positions and their 10-10 international equivalents. Inc, Technical Note, 1-11.

Mastrovito, D. (2013). Interactions between resting-state and task-evoked brain activity suggest a

different approach to fMRI analysis. Journal of Neuroscience, 33(32), 12912-12914.

78



McDonough, I. M., & Nashiro, K. (2014). Network complexity as a measure of information
processing across resting-state networks: evidence from the Human Connectome Project.

Frontiers in Human Neuroscience, 8, 4009.
Mcintosh, A. (2018). Neurocognitive aging and brain signal complexity. bioRxiv, 259713.

Mclntosh, A. R., Kovacevic, N., & Itier, R. J. (2008). Increased brain signal variability

accompanies lower behavioral variability in development. PLoS Computational Biology, 4(7).

Mclntosh, A. R., Vakorin, V., Kovacevic, N., Wang, H., Diaconescu, A., & Protzner, A. B.
(2014). Spatiotemporal dependency of age-related changes in brain signal variability. Cerebral

Cortex, 24(7), 1806-1817.

McKenna, T. M., McMullen, T. A., & Shlesinger, M. F. (1994). The brain as a dynamic physical

system. Neuroscience, 60(3), 587-605.

Mestanikova, A., Ondrejka, I., Mestanik, M., Hrtanek, I., Snircova, E., & Tonhajzerova, I.
(2015). Go/NoGo continuous performance task in the psychophysiological research. Cognitive

Remediation Journal, 4(1), 19-29.

Mesulam, M. M. (2002). The human frontal lobes: Transcending the default mode through

contingent encoding. Principles of Frontal Lobe Function, 54, 8-30.

Metin, B. (2013). A comparison of two models of ADHD: state regulation versus delay aversion

(Doctoral dissertation, Ghent University).

Meule, A. (2017). Reporting and interpreting task performance in go/no-go affective shifting

tasks. Frontiers in Psychology, 8, 701.

Meyer-Lindenberg, A. (1996). The evolution of complexity in human brain development: an

EEG study. Electroencephalography and Clinical Neurophysiology, 99(5), 405-411.
79



Middleton, F. A., & Strick, P. L. (2002). Basal-ganglia ‘projections’ to the prefrontal cortex of

the primate. Cerebral Cortex, 12(9), 926-935.

Millstein, R. B., Wilens, T. E., Biederman, J., & Spencer, T. J. (1997). Presenting ADHD
symptoms and subtypes in clinically referred adults with ADHD. Journal of Attention Disorders,

2(3), 159-166.

Minkoff, N. B. (2009). ADHD in managed care: an assessment of the burden of illness and

proposed initiatives to improve outcomes. Am J Manag Care, 15(5 Suppl), S151-S159.

Mizuno, T., Takahashi, T., Cho, R. Y., Kikuchi, M., Murata, T., Takahashi, K., & Wada, Y.
(2010). Assessment of EEG dynamical complexity in Alzheimer’s disease using multiscale

entropy. Clinical Neurophysiology, 121(9), 1438-1446.

Mochrie, K. D., Whited, M. C., Cellucci, T., Freeman, T., & Corson, A. T. (2020). ADHD,
depression, and substance abuse risk among beginning college students. Journal of American

college health, 68(1), 6-10.

Mohr-Jensen, C., & Steinhausen, H. C. (2016). A meta-analysis and systematic review of the
risks associated with childhood attention-deficit hyperactivity disorder on long-term outcome of

arrests, convictions, and incarcerations. Clinical Psychology Review, 48, 32-42.

Monastra, V. J., Lubar, J. F., & Linden, M. (2001). The development of a quantitative
electroencephalographic scanning process for attention deficit-hyperactivity disorder: Reliability

and validity studies. Neuropsychology, 15(1), 136.

Moore, D. A., Russell, A. E., Matthews, J., Ford, T. J., Rogers, M., Ukoumunne, O.C., ... &
Shaw, L. (2018). School-based interventions for attention-deficit/hyperactivity disorder: A

systematic review with multiple synthesis methods. Review of Education, 6(3), 209-263.

80



Mostert, J. C., Hoogman, M., Onnink, A. M. H., van Rooij, D., von Rhein, D., van Hulzen, K.
J., ... & Franke, B. (2018). Similar subgroups based on cognitive performance parse
heterogeneity in adults with ADHD and healthy controls. Journal of Attention Disorders, 22(3),

281-292.

Mueller, A., Hong, D. S., Shepard, S., & Moore, T. (2017). Linking ADHD to the neural

circuitry of attention. Trends in Cognitive Sciences, 21(6), 474-488.

National Research Council. (2009). Depression in parents, parenting, and children: Opportunities

to improve identification, treatment, and prevention. National Academies Press.

Nelson, M. D., & Williamson, T. (2004). Emotional/Behavioral Disorders: Understanding the

Challenges. Journal of School Counseling, 2(1), nl.

Nowacek, E. J., & Mamlin, N. (2007). General education teachers and students with ADHD:
What modifications are made?. Preventing School Failure: Alternative Education for Children

and Youth, 51(3), 28-35.
Okie, S. (2006). ADHD in adults. New England Journal of Medicine, 354(25), 2637.

Pedersen, M., Omidvarnia, A., Walz, J. M., Zalesky, A., & Jackson, G. D. (2017). Spontaneous
brain network activity: Analysis of its temporal complexity. Network Neuroscience, 1(2), 100-

115.

Pelham Jr, W. E., & Lang, A. R. (1999). Can your children drive you to drink?: Stress and
parenting in adults interacting with children with ADHD. Alcohol Research & Health, 23(4),

292.

Petrovic, P., & Castellanos, F. X. (2016). Top-down dysregulation—from ADHD to emotional
instability. Frontiers in Behavioral Neuroscience, 10, 70.

81



Pinneo, L. R. (1966). On noise in the nervous system. Psychological Review, 73(3), 242.

Podolski, C. L., & Nigg, J. T. (2001). Parent stress and coping in relation to child ADHD
severity and associated child disruptive behavior problems. Journal of Clinical Child

Psychology, 30(4), 503-513.

Pscherer, C., Mickschel, M., Summerer, L., Bluschke, A., & Beste, C. (2019). On the relevance
of EEG resting theta activity for the neurophysiological dynamics underlying motor inhibitory

control. Human Brain Mapping, 40(14), 4253-4265.

Radulescu, A. R. (2010). Mechanisms explaining transitions between tonic and phasic firing in
neuronal populations as predicted by a low dimensional firing rate model. PloS One, 5(9),

e12695.

Riccio, C. A., Wolfe, M., Davis, B., Romine, C., George, C., & Lee, D. (2005). Attention deficit
hyperactivity disorder: Manifestation in adulthood. Archives of Clinical Neuropsychology,

20(2), 249-269.

Richman, J. S., & Moorman, J. R. (2000). Physiological time-series analysis using approximate
entropy and sample entropy. American Journal of Physiology-Heart and Circulatory Physiology,

278(6), H2039-H2049.

Richman, J. S., Lake, D. E., & Moorman, J. R. (2004). Sample entropy. In Methods in

enzymology (Vol. 384, pp. 172-184). Academic Press.

Roach, B. J., & Mathalon, D. H. (2008). Event-related EEG time-frequency analysis: an
overview of measures and an analysis of early gamma band phase locking in schizophrenia.

Schizophrenia bulletin, 34(5), 907-926.

82



Rommelse, N. N., Altink, M. E., De Sonneville, L. M., Buschgens, C. J., Buitelaar, J.,
Oosterlaan, J., & Sergeant, J. A. (2007). Are motor inhibition and cognitive flexibility dead ends

in ADHD?. Journal of Abnormal Child Psychology, 35(6), 957-967.

Réschke, J., Mann, K., & Fell, J. (1994). Nonlinear EEG dynamics during sleep in depression

and schizophrenia. International Journal of Neuroscience, 75(3-4), 271-284.

Roshani, F., Piri, R., Malek, A., Michel, T. M., & Vafaee, M. S. (2020). Comparison of cognitive
flexibility, appropriate risk-taking and reaction time in individuals with and without adult

ADHD. Psychiatry Research, 284, 112494,

Sagvolden, T., Aase, H., Zeiner, P., & Berger, D. (1998). Altered reinforcement mechanisms in

attention-deficit/hyperactivity disorder. Behavior Brain Research, 94(1), 61-71.

Sagvolden, T., Johansen, E. B., Aase, H., & Russell, V. A. (2005). A dynamic developmental
theory of attention-deficit/hyperactivity disorder (ADHD) predominantly hyperactive/impulsive

and combined subtypes. Behavioral and Brain Sciences, 28(3), 397-418.

Sanders, A. F. (1983). Towards a model of stress and human performance. Acta Psychologica,

53(1), 61-97.

Schneider, D. (2016). Committing Errors as a Consequence of an Adverse Focus of Attention. In

Performance Psychology (pp. 169-187). Academic Press.

Schoemaker, K., Bunte, T., Wiebe, S. A., Espy, K. A., Dekovi¢, M., & Matthys, W. (2012).
Executive function deficits in preschool children with ADHD and DBD. Journal of Child

Psychology and Psychiatry, 53(2), 111-1109.

Scott, W. A. (1962). Cognitive complexity and cognitive flexibility. Sociometry, 405-414.

83



Segenreich, D., Fortes, D., Coutinho, G., Pastura, G., & Mattos, P. (2009). Anxiety and
depression in parents of a Brazilian non-clinical sample of attention-deficit/hyperactivity
disorder (ADHD) students. Brazilian Journal of Medical and Biological Research, 42(5), 465-

469.

Seidman, L. J., Valera, E. M., & Makris, N. (2005). Structural brain imaging of attention-

deficit/hyperactivity disorder. Biological Psychiatry, 57(11), 1263-1272.

Sharma, M., Dhere, A., Pachori, R. B., & Acharya, U. R. (2017). An automatic detection of focal
EEG signals using new class of time—frequency localized orthogonal wavelet filter banks.

Knowledge-Based Systems, 118, 217-227.

Shaw, P., Eckstrand, K., Sharp, W., Blumenthal, J., Lerch, J. P., Greenstein, D. E. E. A., ... &
Rapoport, J. L. (2007). Attention-deficit/hyperactivity disorder is characterized by a delay in

cortical maturation. Proceedings of the National Academy of Sciences, 104(49), 19649-19654.

Shaw-Zirt, B., Popali-Lehane, L., Chaplin, W., & Bergman, A. (2005). Adjustment, social skills,
and self-esteem in college students with symptoms of ADHD. Journal of Attention Disorders,

8(3), 109-120.

Shew, W. L., Yang, H., Petermann, T., Roy, R., & Plenz, D. (2009). Neuronal avalanches imply
maximum dynamic range in cortical networks at criticality. Journal of Neuroscience, 29(49),

15595-15600.

Shew, W. L., Yang, H., Yu, S., Roy, R., & Plenz, D. (2011). Information capacity and
transmission are maximized in balanced cortical networks with neuronal avalanches. Journal of

Neuroscience, 31(1), 55-63.

84



Sibley, M. H., & Kuriyan, A. B. (2016). DSM-5 changes enhance parent identification of

symptoms in adolescents with ADHD. Psychiatry Research, 242, 180-185.

Silva, D., Colvin, L., Glauert, R., & Bower, C. (2014). Contact with the juvenile justice system
in children treated with stimulant medication for attention deficit hyperactivity disorder: a

population study. The Lancet Psychiatry, 1(4), 278-285.

Sleimen-Malkoun, R., Perdikis, D., Muller, V., Blanc, J. L., Huys, R., Temprado, J. J., & Jirsa,
V. K. (2015). Brain dynamics of aging: multiscale variability of EEG signals at rest and during

an auditory oddball task. Eneuro, 2(3).

Smit, D. J., Linkenkaer-Hansen, K., & de Geus, E. J. (2013). Long-range temporal correlations
in resting-state alpha oscillations predict human timing-error dynamics. Journal of Neuroscience,

33(27), 11212-11220.

Soffer, S. L., Mautone, J. A., & Power, T. J. (2008). Understanding girls with attention-
deficit/hyperactivity disorder (ADHD): Applying research to clinical practice. International

Journal of Behavioral Consultation and Therapy, 4(1), 14-29.

Sokhadze, E. M., Baruth, J. M., Sears, L., Sokhadze, G. E., El-Baz, A. S., Williams, E. L., ... &
Casanova, M. F. (2012). Event-related potential study of attention regulation during illusory
Figure categorization task in ADHD, autism spectrum disorder, and typical children. Journal of

Neurotherapy, 16(1), 12-31.

Soros, P., Hoxhaj, E., Borel, P., Sadohara, C., Feige, B., Matthies, S., ... & Philipsen, A. (2019).
Hyperactivity/restlessness is associated with increased functional connectivity in adults with

ADHD: a dimensional analysis of resting state fMRI. BMC psychiatry, 19(1), 43.

Still, G. F. (1902). Some abnormal psychical conditions in children. Lancet.

85



Sur, S., & Sinha, V. K. (2009). Event-related potential: An overview. Industrial Psychiatry

Journal, 18(1), 70.

Szostakiwskyj, J. M., Willatt, S. E., Cortese, F., & Protzner, A. B. (2017). The modulation of
EEG variability between internally-and externally-driven cognitive states varies with maturation

and task performance. PloS One, 12(7), e0181894.

Takahashi, T. (2013). Complexity of spontaneous brain activity in mental disorders. Progress in

Neuro-Psychopharmacology and Biological Psychiatry, 45, 258-266.

Takahashi, T., Cho, R. Y., Mizuno, T., Kikuchi, M., Murata, T., Takahashi, K., & Wada, Y.
(2010). Antipsychotics reverse abnormal EEG complexity in drug-naive schizophrenia: a

multiscale entropy analysis. Neuroimage, 51(1), 173-182.

Takahashi, T., Cho, R. Y., Murata, T., Mizuno, T., Kikuchi, M., Mizukami, K., ... & Wada, Y.
(2009). Age-related variation in EEG complexity to photic stimulation: a multiscale entropy

analysis. Clinical Neurophysiology, 120(3), 476-483.

Tononi, G., Sporns, O., & Edelman, G. M. (1994). A measure for brain complexity: relating
functional segregation and integration in the nervous system. Proceedings of the National

Academy of Sciences, 91(11), 5033-5037.

Uhlhaas, P. J., & Singer, W. (2010). Abnormal neural oscillations and synchrony in

schizophrenia. Nature Reviews Neuroscience, 11(2), 100-113.

Upadhyaya, H. P., Rose, K., Wang, W., O'Rourke, K., Sullivan, B., Deas, D., & Brady, K. T.
(2005). Attention-deficit/hyperactivity disorder, medication treatment, and substance use patterns
among adolescents and young adults. Journal of Child & Adolescent Psychopharmacology,

15(5), 799-809.

86



Vakorin, V. A., Lippé, S., & Mclntosh, A. R. (2011). Variability of brain signals processed
locally transforms into higher connectivity with brain development. Journal of Neuroscience,

31(17), 6405-6413.

Valenza, G., Citi, L., & Barbieri, R. (2014). Estimation of instantaneous complex dynamics

through lyapunov exponents: a study on heartbeat dynamics. PloS One, 9(8), €105622.

Van De Voorde, S., Roeyers, H., Verte, S., & Wiersema, J. R. (2010). Working memory,
response inhibition, and within-subject variability in children with attention-deficit/hyperactivity
disorder or reading disorder. Journal of Clinical and Experimental Neuropsychology, 32(4), 366-

379.

van Walsum, A. M. V. C., Pijnenburg, Y. A. L., Berendse, H. W., Van Dijk, B. W., Knol, D. L.,
Scheltens, P., & Stam, C. J. (2003). A neural complexity measure applied to MEG data in

Alzheimer's disease. Clinical Neurophysiology, 114(6), 1034-1040.

Vazsonyi, A. T., Mikuska, J., & Kelley, E. L. (2017). It's time: A meta-analysis on the self-

control-deviance link. Journal of Criminal Justice, 48, 48-63.

Wackermann, J. (1996). Beyond mapping: estimating complexity of multichannel EEG

recordings. Acta Neurobiologiae Experimentalis, 56(1), 197-208.

Wang, C. H,, Liang, W. K., & Moreau, D. (2020). Differential Modulation of Brain Signal
Variability During Cognitive Control in Athletes with Different Domains of Expertise.

Neuroscience, 425, 267-279.

Wang, D. J.,, Jann, K., Fan, C., Qiao, Y., Zang, Y. F., Lu, H., & Yang, Y. (2018).
Neurophysiological basis of multi-scale entropy of brain complexity and its relationship with

functional connectivity. Frontiers in Neuroscience, 12, 352.

87



Wang, H., Mcintosh, A. R., Kovacevic, N., Karachalios, M., & Protzner, A. B. (2016). Age-
related multiscale changes in brain signal variability in pre-task versus post-task resting-state

EEG. Journal of Cognitive Neuroscience, 28(7), 971-984.

Wender, P. H., Wolf, L. E., & Wasserstein, J. (2001). Adults with ADHD: An overview. Annals

of the New York Academy of Sciences, 931(1), 1-16.

Weyandt, L. L., & DuPaul, G. (2006). ADHD in college students. Journal of Attention

Disorders, 10(1), 9-19

Wiersema, R., Van Der Meere, J., Roeyers, H., Van, Coster, R., & Baeyens, D. (2006). Event
rate and event-related potentials in ADHD. Journal of Child Psychology and Psychiatry, 47(6),

560-567.

Wilens, T. E. (2004). Impact of ADHD and its treatment on substance abuse in adults. Journal of

Clinical Psychiatry, 65, 38-45.

Wilens, T. E., Biederman, J., & Mick, E. (1998). Does ADHD affect the course of substance
abuse? Findings from a sample of adults with and without ADHD. American Journal on

Addictions, 7(2), 156-163.

Wixted, E. K., Sue, I. J., Dube MS, S. L., & Potter, A. S. (2016). Cogpnitive flexibility and

academic performance in college students with ADHD: An fMRI study.

Woltering, S., Jung, J., Liu, Z., & Tannock, R. (2012). Resting state EEG oscillatory power

differences in ADHD college students and their peers. Behavioral and Brain Functions, 8(1), 60.

Woltering, S., Liu, Z., Rokeach, A., & Tannock, R. (2013). Neurophysiological differences in
inhibitory control between adults with ADHD and their peers. Neuropsychologia, 51(10), 1888-

1895.

88



Woodman, G. F. (2010). A brief introduction to the use of event-related potentials in studies of

perception and attention. Attention, Perception, & Psychophysics, 72(8), 2031-2046.

Yang, A. C., Huang, C. C., Yeh, H. L., Liu, M. E., Hong, C. J., Tu, P. C,, ... & Tsai, S. J. (2013).
Complexity of spontaneous BOLD activity in default mode network is correlated with cognitive
function in normal male elderly: a multiscale entropy analysis. Neurobiology of Aging, 34(2),

428-438.

Zentall, S. S. (2005). Theory-and evidence-based strategies for children with attentional

problems. Psychology in the Schools, 42(8), 821-836.

Zhao, Q., Jiang, H., Hu, B., Li, Y., Zhong, N., Li, M., ... & Liu, Q. (2017). Nonlinear dynamic
complexity and sources of resting-state EEG in abstinent heroin addicts. IEEE Transactions on

Nanobioscience, 16(5), 349-355.

Zhao, X., Page, T. F., Altszuler, A. R., Pelnam, W. E., Kipp, H., Gnagy, E. M., ... & Macphee, F.
L. (2019). Family burden of raising a child with ADHD. Journal of Abnormal Child Psychology,

47(8), 1327-1338.

Zunini, R. A. L., Thivierge, J. P., Kousaie, S., Sheppard, C., & Taler, V. (2013). Alterations in

resting-state activity relate to performance in a verbal recognition task. PloS One, 8(6), e65608.

89



APPENDIX A

EEG SIGNAL WITH ARTIFACT FROM ELECTRODE POP
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Figure 25 EEG signal with artifact from electrode pop.
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APPENDIX B

EEG SIGNAL WITH EXTREME LARGE ARTIFACT IN SEGMENTS
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Figure 26 EEG signal with extreme large artifact in segments.
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APPENDIX C

ICA PROCEDURE

(1) After removing abnormal segments and electrodes, | run ICA decomposition in EEGLAB

on all electrodes.

Figure 27 Run ICA in EEGLAB.
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(2) After the ICA decomposition, SASICA (a plugin in EEGLAB) was called to identify ICs

with artifacts.

e0e@ EEGLAB v14.1.0
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Figure 28 Run SASICA in EEGLAB.
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(3) Parameter selection for SASICA.

Options Debug Desktop Window
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Figure 29 Parameters in SASICA.
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(4) SASICA would automatically identify ICs with artifacts and list corresponding

topographies for further verification.

@® @ Reject components by map - pop_selectcomps() (dataset: DisL) -- SASICA 1
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Figure 30 Topographies of ICs.
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