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Introduction
Background

One of foremost factors of human quality of life (QoL) is health. Sick persons
are unable to live their life to the fullest and consequently experience decreased
QoL. Developmental disorders affecting children from the early age and being
persistent over their life span will dramatically lower QoL. In 2016, 632 million
children younger than 5 years old suffered developmental disorders (Olusanya et
al., 2018). Prevalence of any developmental disorders for US children increased
from 12.84% to 16.2-17.8% in 20 years (1997-2017) (Boyle et al., 2011;
Zablotsky et al, 2019). Among developmental disorders, attention-
deficit/hyperactivity disorder (ADHD) contributes to the highest prevalence rate
with an increasing trend (Akinbami et al., 2011; Hill et al., 2015). ADHD patients
and their family are significantly burdened by high annual medical costs ranging
from $4,929-$5,651 (2004 estimates) (Matza et al., 2005) and treatment costs
($15,509-$19,281) to compensate per quality-adjusted life-year through
methylphenidate (MPH) prescription (Gilmore et al., 2001). ADHD is one of
global health issues, and worldwide health practitioners is striving to control this
issue in purpose of improving QoL.

ADHD is characterized by age-inappropriate inattention and/or hyperactivity/
impulsivity. ADHD is commonly diagnosed based on the behavioral assessment
using standard guidelines such as the Diagnostic and Statistical Manual of Mental
Disorders (DSM) and the International Classification of Diseases (ICD). However,
due to the diagnostic discrepancy between two standard guidelines (Dopfner et al.,
2008; Adornetto et al., 2012), another perspective of biomarker is sought out to
confirm ADHD pathophysiology. About 50% of parents with ADHD reported the
occurrence cases of ADHD children (Starck et al., 2016). Therefore, ADHD is
suggested as a hereditary disorder, and the genetic assessment is proposed to
describe the ADHD phenotypes. Gene mutations related to the neurotransmitter

(e.g., dopamine, noradrenaline, serotonin) and neuropeptide (e.g., oxytocin)



systems revealed the increasing risk of ADHD (Banaschewski et al., 2010; Sasaki
et al., 2015). Despite those findings, the clinical practicability might be hindered
by the invasive (i.e., drawing blood) and prolonged (e.g., a few days to several
months) procedures.

Controlling executive functions and behaviors has been well known as one of
brain functions. Therefore, the approach has been shifted to brain-based
biomarkers (Fu et al., 2013; Hager et al., 2015). The non-invasive brain
monitoring is provided by functional imaging techniques. Among those
techniques, there are four intervention-free modalities (i.e., without tracer
injection) including electroencephalography (EEG), functional magnetic
resonance imaging (fMRI), functional near-infrared spectroscopy (fNIRS), and
magnetoencephalography (MEG). However, by considering the practicability for
children measurement, fNIRS offers benefits of natural environment measurement
with moderate temporal and spatial resolutions.

fNIRS was developed for more than 25 years ago, and fNIRS studies have
been attracted researchers reflected by the exponentially increasing publication
number (Boas et al., 2014). fNIRS has also been applied to many application fields,
such as neurology, psychiatry, psychology, and basic research (Ferrari et al., 2012).
Those applications should be based on reliable analysis methods. There are two
purposes in analyzing fNIRS signals: (1) removing endogenous (e.g., confounding
non-neuronal components) (Germon et al., 1998; Obrig et al., 2000a; Tachtsidis et
al., 2008; Tong et al., 2010) and exogenous (e.g., motion artifact) (Scholkmann et
al., 2010; Brigadoi et al., 2014) noises, and (2) extracting information related to
brain functions (Maki et al., 1995; Niu et al., 2014; Tak et al., 2014). As fNIRS is
used for children measurement, the risk of motion artifact occurrence is
heightened particularly in disordered children with hyperactive characteristics
(e.g., ADHD). Extraction of brain function information from noise-affected
signals will lead to inaccurate results (i.e., false positive or false negative).

Prolonged measurements are sometimes done to improve the signal quality.
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However, this solution may not work for disordered children that have a difficulty
of attentive engagement. Furthermore, the well-established methods for extracting
brain function information mainly focused on the applications of standard
paradigm for normal adults. Therefore, the development of fNIRS analysis
methods for disordered children measurement is inevitable. This development
should consider the trade-off between measurement limitations (i.e., noise and
measurement interval) and analysis accuracy. The usefulness of advanced analysis
methods is then validated in exploring ADHD brain-based biomarkers. The results

will clearly confirm the clinical practicability of fNIRS in pediatric studies.

Research objective

This dissertation aims to develop fNIRS analysis methods for disordered
children measurement and to investigate the application of those methods on
seeking potential ADHD brain-based biomarkers. These objectives are formulated
in three frameworks as follows:

1. Development of noise removal algorithm to improve the conventional brain
activation analysis and its application on ADHD children data (Chapter 3).

2. Development of analysis algorithm to extract the information of static
functional connectivity (FC) during the performance of cognitive tasks and its
application comparison to the conventional brain activation analysis for
ADHD screening biomarkers (Chapter 4).

3. Investigation of dynamic FC analysis for task-based fNIRS signals and its

insights into ADHD characteristics (Chapter 5).

Study outline

One of activation analyses adopted from fMRI analysis (Friston et al., 1994b)
based on statistical linear model named General Linear Model (GLM) (Schroeter
et al., 2004). GLM estimates the activation component following models of

hemodynamic response function (HRF) (Buxton et al., 2004) that are modified



according to designated paradigms. Various HRFs, such as canonical (Worsley et
al., 1995), finite impulse response (FIR) (Glover, 1999; Goutte et al., 2000), non-
linear fit of two-gamma (Kruggel et al., 1999; Miezin et al., 2000), and inverse
logit (Lindquist et al., 2007) models, have been created with different flexibility.
In the rigid models (e.g., canonical), predetermined parameters are required, and
mis-specification of parameters will greatly affect power loss. However, the most
flexible model, FIR (i.e., without predetermined parameters), also results in some
bias (Lindquist et al., 2009). Furthermore, the hemodynamic responses are varied
across subjects, brain regions, and task paradigms (Handwerker et al., 2004;
Steffener et al., 2009; Uga et al., 2014). Therefore, the simple average analysis
during the task period might be more efficient to capture the task-evoked response
without any assumed models. The unbiased control (i.e., baseline) task should be
incorporated together in order to minimize interpretation errors.

The common experiments follow the block-design paradigm with alternating
orders for control and designated (e.g., sensory, cognitive) tasks. The block-design
paradigm is apparently similar to repeated boxcar functions over temporal courses
with step functions representing intervals of designated task. This design results
in more robust analysis with increased statistical power (Tie et al., 2009). Each
interval of designated task is defined as a trial. As trials are affected by motion
artifacts, trials are either corrected or rejected. Motion correction has been
approached using corrective methods such as spline interpolation (Scholkmann et
al., 2010), principal component analysis (PCA) (Zhang et al., 2005), wavelet
filtering (Molavi et al., 2012), discrete Kalman filter (Izzetoglu et al., 2010), and
correlation-based signal improvement (Cui et al, 2010). Predetermined
parameters are also required, and there is no standard procedure to determine
parameters. After being corrected, signal patterns may be dramatically altered, and
this phenomenon raises the issue of overcorrection against correction methods.
Comparisons of method effectiveness revealed inconsistent results (Robertson et

al., 2010; Cooper et al., 2012; Brigadoi et al., 2014). Some factors such as artifact



types and intensities are likely influential to select optimum correction methods.

Another approach of motion rejection leads to the drawbacks of reduced trial
number and statistical power. However, the risk of overcorrection and parameter
assumption can be minimized. While correction methods have been widely
established, a method to wisely reject motion-affected trials by considering the
trade-off between remaining noises and decreased statistical power had not been
addressed before. Therefore, the development of this rejection method is aimed in
Chapter 3. The quantitative relationship between trial number and statistical
power is initially investigate through a simulation. Variables of the strength of a
phenomenon (i.e., brain activation) and the magnitude of motion artifact are added
to the simulation. As the strength of a phenomenon is high, the number of trials
can be minimum, and vice versa. The magnitude of motion artifact will disturb the
equilibrium between the strength of a phenomenon and the necessary trial number.
Because both variables are apparently uncontrollable during the real measurement,
the statistical power are maintained to confirm the accuracy of analysis. This
method focuses on the rejection of worst noisy trials and the acceptance of least
noisy trials based on personalized standards. The feature of personalization brings
an inclusive benefit for all children measurements with any conditions. This
method is then applied to the clinical data in order to validate its applicability. The
usefulness of this method as a preprocessing step is confirmed to another clinical
data in purpose of searching differential diagnostic biomarkers.

In order to improve the analysis robustness, fNIRS signals are commonly
averaged across trials (Tie et al., 2009). This method is relatively effective for the
brain activation analysis, but the FC analysis cannot employ this method because
the temporal information becomes disorganized. The development of
preprocessing method to support the FC analysis is aimed in Chapter 4. This
preprocessing method removes intermittent noises (e.g., motion artifacts) from
continuous signals (i.e., temporal courses) and concatenates remaining signals.

Therefore, the temporal information can be uniformly preserved, and the results



of FC analysis become more reliable. As ADHD children reveal impaired
cognitive functions (e.g., attention and/or inhibition), brain measurements are
frequently performed during the assessment of cognitive tasks with induced
stimuli. Therefore, the FC analysis is possibly specified for the baseline and
stimulus intervals. The alterations of FC due to stimulus-evoked responses may
differ in ADHD children. These FC characteristics may be hints of ADHD
neuropathophysiology. The applications of brain activation and FC characteristics
for developing ADHD screening biomarkers are compared using the same
optimization method. The optimization method selects the best-performing
characteristics in classifying ADHD children from typically developing (TD)
children. The involvement of temporal information in extracting brain functions
expectedly brings merits by showing a better classification performance.

The concept of FC analysis described in Chapter 4 is the static FC analysis.
The static FC analysis is a conventional method using the entire temporal
information (e.g., baseline and task intervals) to figure out a single connectivity
characteristic (Biswal et al., 1995). However, the assumed stationarity is
seemingly farfetched because of the complex brain process. Therefore, the
dynamic perspective was introduced to the FC analysis. Connectivities were found
to alternate across the temporal course (Liu et al., 2013). The dynamic FC analysis
was initiated based on fMRI study [see (Hutchison et al., 2013; Preti et al., 2017)
for reviews]. The temporal resolution of fNIRS is better than that of fMRI.
Therefore, the dynamic FC analysis is also potential to be applied on fNIRS
signals. In a fNIRS study (Li et al., 2015), shifted connectivities have been
revealed during the resting state (RS). The characteristics of RS dynamic FCs
based on the fNIRS measurement also significantly showed the differences
between mild-cognitive impairment (MCI) and Alzheimer’s disease (AD) patients
(Niu et al., 2019). Despite the recent interest, the dynamic FC analysis is still
minorly assessed in fNIRS signals. To date, the dynamic FC analysis has not been

implemented on fNIRS signals during task performances.



Chapter 5 discusses the application of dynamic FC analysis on task-based
fNIRS measurements. The aforementioned preprocessing method for the static FC
analysis is incompatible for the dynamic FC analysis. The concatenation of noise-
free signals disorders the sequentially required temporal information for the
dynamic FC analysis. Therefore, noise-affected signals should be corrected in a
minimum effort to maintain the originality of signal pattern. The dynamic FC
analysis evaluates connectivities between all measured regions (i.e., dynamic FC
maps) in a short and shifted window across the temporal course. The global
relationship among connectivities is defined by the term of connectivity states.
Because the measurement is controlled by a uniform task, a hypothesis is proposed
— there are several connectivity states that are commonly occurred and robust for
all subjects. Therefore, the common and robust connectivity states should be
initially found. An unsupervised clustering named k-means clustering is applied
on the entire temporal course of dynamic FC maps for all subjects. A dynamic FC
map is then assigned to a particular connectivity states in accordance with the
pattern similarity. The occurrence probability for each connectivity state is
assessed during baseline and stimulus intervals. Brain dysfunctions in ADHD
children may lead to different occurrence probabilities for some connectivity
states compared to TD children.

All results are arranged following the study outline and summarized in
Chapter 6. Furthermore, how this dissertation contributes to more applicable
fNIRS analysis for both clinical and research is also briefly described in Chapter
6.



Review of Literature

Brain and cognitive developments

From infants to adolescents, human brain volume increases fourfold (Johnson,
2001). For cerebral hemispheres, there are two developmental types: continuous
growths and discrete growth spurts at specific brain regions and developmental
periods (Thatcher et al., 1987). Discrete growth spurts within 612 months are
found to be cyclical process for about 2 to 4 years (Thatcher, 1992). This
phenomenon suggests that the cerebral development is a non-linear process [see
(Durston et al., 2001; Taki et al., 2012) for reviews]. The cortical maturation
process also happens in sequence following two scenarios — the maturation
progress from a back-to-front direction for the anterior half of the brain, and vice
versa for the posterior half of the brain (Gogtay et al., 2004). After the maturation
for cortices related to lower-order processing (i.e., sensory, motor) has been
completed, the maturation process for higher-order associated cortices is initiated
(Gogtay et al., 2004). The maturation rates for subcortical and cortical regions are
found to be different (Johnson, 2001). The maturation process from childhood to
adolescence is identified by increases of white matter volume (Pfefferbaum et al.,
1994; Bartzokis et al., 2001). While the volume of white matter linearly increases
(Giedd et al., 1999) and remains constant in adulthood, the volume of gray matter
increases in the early life (Pfefferbaum et al., 1994; Giedd et al., 1999) and
gradually decreases (Sowell et al., 1999). The developmental trajectories for gray
matter are gender-dependent (Lenroot et al., 2007) and region-specific (Sowell et
al., 2003) as described by the U-shaped and inverted U-shaped functions. The
delayed maturation is found in left posterior temporal cortices (Sowell et al., 2003).
The mechanism behind the decreased volume of gray matter is still unknown;
however, there are two proposed hypotheses — synaptic elimination (Huttenlocher
et al., 1982; Huttenlocher, 1984) and axonal myelination (Benes, 1989; Benes et
al., 1994). The structural development of cerebellum is found to be a non-linear

and gender-dependent process as well (Diamond, 2000; Tiemeier et al., 2010).



The development of cognitive abilities is also observed from infants to
adulthood. One of the famous cognitive development theories postulated by Jean
Piaget described the developmental course into four stages — sensorimotor, pre-
operational, concrete operational, and formal operational period (Piaget et al.,
1969). In the sensorimotor stage (birth to 2 years old), babies perceive the
knowledge of their surroundings using their sensing (e.g., visual, auditory, tactile).
The second stage named pre-operational begins as children start learning to speak
(2—7 years old). The development of cognitive functions is concentrated in
symbolic and intuitive thinking with the egocentric characteristic. The next stage,
concrete operational, happens in middle childhood and pre-adolescence (7-11
years old). In this stage, the function of inductive reasoning on concrete events is
progressed, and the egocentrism is eliminated. Abstract and hypothetical thinking
is developed in the last stage of formal operational (12 years old to adulthood).

Even though the framework of Piaget’s cognitive development has been well-
structured, there is a crucial argument. Piaget’s cognitive development stages
formulates the discontinuous concept (van der Maas et al., 1992) which the
transition between stages is clear, and the development of cognitive function is
described in particular periods. Another concept, namely, the continuous
development oppositely hypothesizes the gradual development without distinct
stages, and the early developed abilities are shown as basic skills for the further
development.

Apart from the above argument, researchers tried to explain the course of
cognitive development through the brain maturation concept. Gradual synaptic
elimination with the strengthened connections of remaining synapsis may explain
perceived cognitive functions during childhood (Casey et al., 2000). The
functional imaging method evidenced the relationship between functional and
cognitive developments. Children showed low memory performances; however,
their brain activity in the dorsolateral prefrontal cortex found to be greater than

that of adults (Cohen et al., 1994a; Casey et al., 1995). The similar phenomenon,
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high activation volume in the prefrontal cortex for children, was also observed
during the go/no-go (GNG) task (Casey et al., 1997). Even though similar brain
regions may be activated for both children and adults, high activation magnitude
and volume suggests the lacked sensitivity in accommodating and recruiting
regions for children (Casey et al., 2000). Furthermore, the development of
reasoning ability may coincide with the formation of structural connectivity
between rostolateral prefrontal cortex and inferior parietal lobe (Wendelken et al.,
2017).

Various parameters, such as nutritional intake (Ip et al., 2017; Yao et al., 2019),
activity (Zeng et al., 2017), breastfeeding (Fonseca et al., 2013; Koh, 2017),
environmental stimulation (Peyre et al., 2016), maternal depressive risk (Liu et al.,
2017; Firk et al., 2018), preterm birth (Beauregard et al., 2018), and individual
variability (de Ribaupierre, 2015; de Ribaupierre et al., 2018), have been reported
to bring impacts on the cognitive development. Effects of those parameters on the
brain maturation are still unclear. However, this point suggests that the cognitive
development is unable to be simply explained using the theory of brain maturation
(Stiles, 2011). Therefore, Bjorklund proposed the metatheory of developmental

biology for a better understanding of cognitive development (Bjorklund, 2018).

Attention-deficit/hyperactivity disorder brain

Studies on ADHD brain attract researchers to unveil a better understanding
related to relationships between structural/functional brain and symptoms [see
(Rubia et al., 2014) for review]. ADHD children experience not only symptomatic
behaviors but also delayed cognitive developments, such as verbal comprehension,
expressive and receptive language, gross motor coordination, emotion
understanding, and working memory (Dyck et al., 2014). These developmental
delays may be associated with the late cortical maturation (i.e., the peak of cortical
thickness and surface area) prominently in the prefrontal region (Shaw et al.,

2007). ADHD children also reveal aberrant white matter connectivity within
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fronto-parietal cortical networks (Silk et al., 2009) and cerebellar regions (Ashtari
et al., 2005). Makris et. al. then showed the evidence of persistent abnormalities
into adulthood (Makris et al., 2008). Total cortical and gray matter volume reduced
for adolescents with ADHD. Volumetric reduction was found to be significant in
lateral orbitofrontal, left inferior parietal, right caudal middle frontal, right medial
orbitofrontal, and right superior frontal gyri (Noordermeer et al., 2017). These
reductions are likely caused by cortical thinning (i.e., increased thinning rate)
(Makris et al., 2007; Shaw et al., 2013).

Because attention and inhibition control (i.e., impulsivity) lacks are
substantial ADHD symptoms, brain functions related to those behaviors are
commonly examined. Several regions [i.e., dorsal anterior midcingulate cortex,
dorsolateral prefrontal cortex (DLPFC), ventrolateral prefrontal cortex (VLPFC),
parietal cortex, striatum, and cerebellum] involved in the cognitive-attention
networks become evaluation interests (Bush, 2010). While performing any
attentive and inhibitory tasks, ADHD subjects showed hypoactivation in those
regions (Monden et al., 2012b; Hart et al., 2013; Nagashima et al., 2014a;
Nagashima et al., 2014b; Nagashima et al., 2014c). Multiple fMRI datasets were
used in a meta-analysis showing consistent hypoactivation in regions underlying
on the cingulo-fronto-parietal (CFP) and fronto-basal ganglia networks (Hart et
al., 2013). ADHD adolescents also encountered a difficulty in attention shifting
and the dysfunctional parietal attentional system (Tamm et al., 2006). Furthermore,
the strong motor network (i.e., motor, parietal, prefrontal, and limbic) found in
ADHD subjects might also be associated with poor attentive sustainability that
was reflected in high intra-individual variability of behavioral performances
(O'Halloran et al., 2018).

Besides cognitive-related networks, DMN during the RS is found to be
aberrant for ADHD. In an EEG study, ADHD children showed the reduced delta
power in the frontal, central, and parietal regions (Shephard et al., 2018).

Connectivities within DMN (Castellanos et al., 2008; Uddin et al., 2008) and inter
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networks (Castellanos et al., 2008) (ventromedial prefrontal cortex) also reduced
for ADHD adults. The coherence between dorsal anterior cingulate cortex (dACC)
and posterior cingulate cortex (PCC) was abnormal for ADHD adults (Sato et al.,
2012). During the RS, compared to healthy subjects, ADHD subjects revealed
more significant connectivities between bilateral dACC, thalamus, cerebellum,
insula, and brainstem (Tian et al., 2006). Furthermore, the ADHD dysfunctions
were highly caused by the interference of DMN (Cortese et al., 2012; Hoekzema
et al., 2014) during tasks and strong coherence between the left DLPFC and DMN
during the RS (Hoekzema et al., 2014). The ADHD symptomatic severity was able
to be estimated from the variability measured at dorsal and ventral medial
prefrontal cortex (Nomi et al., 2018). The atypical ADHD network suggested a
neuropathophysiological theory of brain maturation failure (Fair et al., 2010; Sato
et al., 2012). However, Mostert et al. reported contrasting results of insignificant
DMN between ADHD and healthy adults despite large sample number (Mostert
et al., 2016). They argued that the heterogeneity of ADHD etiology may cause
these inconsistent results.

There are two common medications used to ease ADHD symptoms named
MPH (Schachar et al., 2008) and atomoxetine (ATX) (Michelson et al., 2002).
Osmotically released MPH showed a preferable efficacy compared to immediate
release MPH and ATX (Hanwella et al., 2011). However, the medication
acceptability is individual-dependent (Newcorn et al., 2008); a non-responsive
stimulant treatment might be replaced by non-stimulant drugs, such as ATX.
Combined treatments (i.e., stimulant and non-stimulant) may be feasible and bring
a better efficacy for some patients (Brown, 2004). Because of impaired brain
functions, pharmacological effects on neuromodulation were also evaluated. MPH
induced prolonged alteration of y-amino butyric acid level (Solleveld et al., 2017)
at the prefrontal that was closely related to the inhibition mechanism (Boy et al.,
2011). The observed hypoactivation and abnormality were regulated approaching

the level of healthy subjects by administering MPH (Vaidya et al., 1998; Shaftritz
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et al., 2004; Monden et al., 2012b; An et al., 2013; Nagashima et al., 2014c) and
ATX (Nagashima et al., 2014a; Nagashima et al., 2014b; Araki et al., 2015; Ota et
al., 2015). Even though neuromodulation has been confirmed, medication effects
on behavioral performances sometimes remained insignificant (Shafritz et al.,
2004; Matsuura et al., 2014). Task difficulty should be optimized to be more
personalized; therefore, the behavioral performance can be appropriately
associated with the medication effect. Furthermore, accomplishing cognitive tasks
may require complex (high-order) neuronal systems which medication-evoked

improvements in localized regions are insufficient.

Functional imaging for attention-deficit/hyperactivity disorder biomarkers

As mentioned above, brain functions were reported to be impaired for
subjects with ADHD. The use of these impairment characteristics as biomarkers
were then evaluated. Non-invasive functional imaging techniques, such as EEG,
fMRI, fNIRS, and MEG, become versatile for translational studies. Table 2.1
shows several studies using various modalities and measurement paradigms for
finding appropriate biomarkers.

Advantageous and disadvantageous features are found for each functional
imaging techniques (Santosh, 2000); multimodality measurements have been
performed to emphasize the benefits and to compensate the limitations. One of
multimodality studies investigated the mechanism of persistent ADHD from
childhood to adulthood. The combinations of fMRI and MEG (independent
measurements) successfully inferred the adolescent-persistent ADHD
pathophysiology — impaired DMN on the midline regions (Sudre et al., 2017),
hypoactivation in the cortical and cerebellar regions, and low theta power at the
specific time window (300—400 ms) (Szekely et al., 2017).

Unfortunately, to date, the clinical application of biomarkers is limited.
Compared to other functional imaging techniques, EEG is the most mature

technique in investigating ADHD. EEG-based diagnostic tools was clinically
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Table 2. 1 ADHD biomarkers from various functional neuroimaging studies

Study

Remarks

Monastra et al. (2001) (Monastra
etal., 2001)

Subjects:

96 subjects with ADHD
33 controls

Age: 6-20 years old

Modality: EEG

Results:

Paradigm: Resting with eyes open,
reading, listening, and drawing

Accuracy: 91%
Sensitivity: 90%

Specificity: 94%

Biomarker: 6/ ratio at Cz

0/p ratio for ADHD subjects was higher than controls.
0/ ratio was age-dependent (children, early and late adolescents)

Magee (2005) (Magee et al.,
2005)

Subjects:

253 subjects with ADHD
67 controls

Age: 7-13 years old

Modality: EEG

Results:

Paradigm: Resting with
closed

eyes

Accuracy: 87%
Sensitivity: 89%
Specificity: 80%

Biomarkers: powers of 9, 0, a, and B bands with the implementation of lo

gistic regression

Quintana et al. (2007) (Quintana
et al., 2007)

Subjects:

16 subjects with ADHD
10 controls

Age: 6-21 years old

Modality: EEG

Results:

Paradigm: Resting with eyes open

Accuracy: 96%
Sensitivity: 94%
Specificity: 100%

Biomarker: 0/ ratio at Cz

EEG biomarker was sensitive and feasible for differential diagnosis.

Snyder et al. (2008) (Snyder et al.,
2008)

Subjects:

97 subjects with ADHD
62 controls

Age: 618 years old

Modality: EEG

Results:

Paradigm: Resting with eyes open

Accuracy: 89%
Sensitivity: 87%

Specificity: 94%

Biomarker: 0/ ratio at Cz

EEG biomarker performed better than rating scales in screening.
Screening based on EEG biomarker should only complement a clinical diagnosis.
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Table 2.1 (continued)

Study

Remarks

Ahmadlou and Adeli (2010)
(Ahmadlou et al., 2010)

Subjects:

47 subjects with ADHD
7 controls

Age: 7-12 years old

Modality: EEG

Paradigm: Resting with eyes
closed

Results:
Accuracy: 95.6%

Biomarkers: powers of 8 and 6 bands at O2, P4, and TS with the implementation of radial basis function neural

network.
Abibullaev and An (2011) Subjects: Modality: EEG Results:
(Abibullaev et al., 2012) 7 subjects with ADHD Paradigm: Continuous | Accuracy: 97%
3 controls performance test (CPT)

Age: 7-12 years old

Biomarker: power ratio with the implementation of semi-supervised feature selection method based on mutual

information

Mueller et al. (2011) (Mueller et
al., 2011)

Subjects:

75 subjects with ADHD
75 controls

Age: 187 years old

Modality: EEG

Paradigm: GNG

Results:
Accuracy: 91%

Biomarkers: latency and amplitude of event-related potential (ERP) components

Ogrim et al. (2012) (Ogrim et al.,
2012)

Subjects:

62 subjects with ADHD
39 controls

Age: 7— 16 years old

Modality: EEG

Paradigm: Resting with eyes open
and closed

Results:
Accuracy: 63%

Biomarker: 6/ ratio at Cz

Powers of 0 and B bands correlated with behaviors.
Screening based on behavior performances (e.g., omission errors) resulted better accuracy (85%)
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Table 2.1 (continued)

Study

Remarks

Liechti (2013) (Liechti et al.,
2013)

Subjects:

54 subjects with ADHD

51 controls

Age: children — adolescents (8—
16) and adults (32-55)

Modality: EEG

Paradigm: Resting with eyes open
and closed, and CPT

Results:
Accuracy: 73%
Sensitivity: 72%
Specificity: 73%

Biomarkers: powers of 0 and § bands at Cz, 0/f ratio at Cz, ERP features at Pz, and noise level.
EEG biomarkers based on only resting condition performed poor in screening (40-53% accuracy)

Loo (2013) (Loo et al., 2013)

Subjects:

562 subjects with ADHD

309 controls

Age: children (5-11), adolescents
(12-18), and adults (> 19 years
old)

Modality: EEG

Paradigm: Resting with eyes open
or closed

Results:

Accuracy: 38%(Lenartowicz et al.,
2014)

Sensitivity: 26%

Specificity: 85%

Biomarker: 6/p ratio at Cz

Screening based on the EEG biomarker performed inadequately.
The biomarker was age-dependent and may be mediated by the nature of subtype and comorbidity

Buyck (2014) (Buyck et al., 2014)

Subjects:

62 subjects with ADHD

55 controls

Age: - (children and adults)

Modality: EEG

Paradigm: Resting with eyes
closed

Results:
Accuracy: 49-55%

Biomarker: 0/ ratio at Cz

Screening based on the EEG biomarker performed inadequately.
ADHD phenotypes were heterogeneous across the lifespan.

16




Table 2.1 (continued)

Study

Remarks

Helgadottir et al. (2015)
(Helgadéttir et al., 2015)

Subjects:

310 subjects with ADHD
351 controls

Age: 5.8 — 14 years old

Modality: EEG

Paradigm: Resting with eyes
closed

Results:
Training accuracy: 76%
Test accuracy: 73 — 81%

Biomarkers: coherence features (power and relative power for 0.5-3.5, 3.5-7.5, 7.5-9.5, 9.5-12.5, 12.5—
17.5, 17.5-25, 25-40 Hz frequency bands) at inter- and intra-hemispheric regions. Age was important factor

in screening.

Snyder et al. (2015) (Snyder et al.,
2015)

Subjects:

116 subjects with ADHD

11 subjects with high possibility of
ADHD

118 subjects with ADHD and other
disorder symptoms

30 subjects without ADHD

Age: 10.1 £ 2.9 years old

Modality: EEG

Paradigm: Resting with eyes open

Results:

Sensitivity for ADHD: 82%
Sensitivity for high possibility of
ADHD: 100%

Sensitivity for ADHD and other
disorder symptoms: 92%
Specificity: 90%

Biomarkers: clinician evaluation and EEG feature (6/p ratio at Cz).
Cut off for 0/f ratio was age-dependent (children and adolescents; 6.00—11.99 and 12.00—17.99 years old).
Integration of EEG biomarker supported better screening.

Khadmaoui et al. (2016)
(Khadmaoui et al., 2016)

Subjects:

13 subjects with ADHD
14 controls

Age: 8-13 years old

Modality: MEG

Paradigm: Resting (supine) with
eyes closed

Results:
Accuracy: 89%
Sensitivity: 77%
Specificity: 100%

Biomarker: coherence measure of 6 band for short-distance values at the right-central region
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Table 2.1

(continued)

Study

Remarks

Zhu et al. (2008) (Zhu et al., 2008)

Subjects:

9 subjects with ADHD
11 controls

Age: 11 —16.5 years old

Modality: fMRI

Results:

Paradigm: Resting

Accuracy: 85%
Sensitivity: 78%

Specificity: 91%

Biomarker: regional homogeneity index with prominent regions of prefro

cortex, and thalamus

ntal cortex, anterior cingulate

Bohland et al. (2012) (Bohland et
al., 2012)

Subjects:

272 subjects with ADHD
482 controls

Age: 7—21 years old
ADHD-200

Modality: Structural and
functional MRI

Results:
Accuracy: 71 — 78%

Paradigm: Resting

Biomarkers: imaging (e.g., structures and networks) and non-imaging (e.g., age, gender, handedness, verbal

and performance intelligent quotient (IQ), and site information) features.

Combining both features performed the best in classifying ADHD subjects from controls

Brown et al. (2012) (Brown et al.,
2012)

Subjects:

316 subjects with ADHD

523 controls

Averaged age: 11.4 — 12.4 years
old

ADHD-200

Modality: fMRI

Results:

Paradigm: Resting

Accuracy: 70 — 75%
Accuracy: 64 — 69% (multiclass;
controls and ADHD subtypes)

Biomarkers: FC, temporal intensity, and non-imaging features (site information, gender, age, handedness,
verbal and performance 1Q, and Full 4 IQ)
Non-imaging features classified (subtypes) ADHD from controls better than imaging features
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Table 2.1 (continued)

Study Remarks
Chang et al. (2012) (Chang et al., | Subjects: Modality: Structural MRI Results:
2012) 210 subjects with ADHD Paradigm: Resting Accuracy: 70%

226 controls
Age: 12.12 +£2.95 years old

ADHD-200
Biomarker: isotropic local binary patterns on three orthogonal planes of whole-brain data
Cheng et al. (2012) (Cheng et al., | Subjects: Modality: fMRI Results:
2012) 98 subjects with ADHD Paradigm: Resting Accuracy: 76%
141 controls Sensitivity: 63%
Age: 12.08 £2.05 and 11.43 +1.86 Specificity: 85%
years old for ADHD and control,
respectively
ADHD-200

Biomarkers: temporal and spatial FC, fractional amplitude of low-frequency fluctuation, and regional
homogeneity with prominent frontal and cerebellar regions

Dey et al. (2012) (Dey et al., Subjects: Modality: fMRI Results:

2012) 344 subjects with ADHD Paradigm: Resting Accuracy: 64 —70%
561 controls Sensitivity: 37 — 49%
Age: 7—26 years old Specificity: 80 — 87%
ADHD-200

Biomarker: network features (degree, distance, cycle count, weight sum) involving regions of precuneus
cortex, cingulate gyrus, temporal pole, superior temporal gyrus, inferior temporal gyrus, pre-central gyrus,
lingual gyrus, and right amygdala
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Table 2.1 (continued)

Study Remarks
Hart et al. (2013) (Hart et al., Subjects: Modality: fMRI Results:
2014) 30 subjects with ADHD Paradigm: Stop task Accuracy: 77%
30 controls Sensitivity: 90%
Age: 10— 17 years old Specificity: 63%

Biomarker: task-based activation patterns involving lateral prefrontal striatal, temporo-parietal and
ventromedial fronto-limbic regions.

Siqueira et al. (2014) (Siqueira et | Subjects: Modality: fMRI Results:
al., 2014) 269 subjects with ADHD Paradigm: Resting Sensitivity: 41%
340 controls Specificity: 74%

Age: 11.58+£2.88 and 11.59 +2.86
years old for ADHD and control,
respectively
ADHD-200

Biomarkers: network measures (degree, closeness, betweenness, eigenvector, Burt’s constraint) with
prominent networks of motor, frontoparietal, and default mode networks

Qureshi et al. (2016) (Qureshi et Subjects: Modality: Structural MRI Results:

al., 2016) 159 subjects with ADHD Paradigm: Resting Accuracy: 58 —85%
53 controls Accuracy: 31 — 61% (multiclass;
Age: 7-14 years old controls and ADHD subtypes)
ADHD-200

Biomarker: surface area of superior frontal lobe, and the cortical thickness, volume, and mean surface area of
the whole cortex
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Table 2.1 (continued)

Study

Remarks

Yao et al. (2018) (Yao et al., 2018)

Subjects:

112 subjects with ADHD

77 controls

Age: 25.93 £4.86 and 26.04 +
3.94 years old for ADHD and
control, respectively

Modality: fMRI

Paradigm: Resting

Results:
Accuracy: 80%
Sensitivity: 91%
Specificity: 65%

Biomarkers: FC involving frontoparietal, default mode, salience, basal ganglia, and cerebellum networks

Ishii-Takahashi et al. (2014)
(Ishii-Takahashi et al., 2014)

Subjects:

19 subjects with ADHD

21 controls

Age:30.6+7.4and 28.8 £ 5.5
years old for ADHD and control,
respectively

Modality: fNIRS

Paradigm: Stop signal task (SST)

Results:
Accuracy: 78.8%
Sensitivity: 84.2%
Specificity: 76.2%

Biomarker: task-evoked activation at the right presupplementary motor area and premotor area

Monden et al. (2015) (Monden et
al., 2015)

Subjects:

30 subjects with ADHD
30 controls

Age: 6 — 15 years old

Modality: fNIRS

Paradigm: GNG

Results:
Accuracy: 85%
Sensitivity: 90%
Specificity: 70%

Biomarker: task-evoked activation at the right inferior and middle frontal gyri
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2.4

proposed (Monastra et al., 2001; Helgadéttir et al., 2015); however, some studies
argued the readiness of EEG biomarkers for the clinical utility due to the observed
ADHD heterogeneity (Loo et al., 2012; Liechti et al., 2013). Univariate
biomarkers developed using any techniques likely encounter the similar problem
(Lenartowicz et al., 2014). Furthermore, the limited success of clinical application
was found in other imaging studies because those biomarkers have been drawn
from small datasets. Biomarkers obtained from the biggest dataset so far (i.e.,
ADHD-200) also revealed high variability. Clinical screening solely using
biomarkers is still optimistic; the feasible application is currently a supporting tool
for screening. Continuous effort is being done to collect more datasets and to

verify any obtained biomarkers in cohort studies.

Requirements for children measurement

Even though functional imaging techniques have been contributed to the
understanding of ADHD pathophysiology and biomarker development, all
practical, technical, and analytical aspects (Raschle et al., 2012) should be well
planned and performed to obtain successful measurements. Selecting an imaging
technique crucially determines subjects’ convenience and analytical
appropriateness (O'Malley et al., 2016). Table 2.2 shows the comparisons between
imaging techniques (Lystad et al., 2009; Koike et al., 2013). While EEG and MEG
directly measure the neural activity, fMRI and fNIRS detect the hemodynamic
responses on neural activity. Therefore, the time resolution of EEG and MEG is
more superior than that of fNIRS and fMRI. fMRI is one of tomographic
techniques; the imaging process is performed by the axial scanning, and 3D
imaging is constructed later on. fMRI provides the whole brain measurement from
the deepest part of brainstem to the outermost part of cortex with the remarkable
spatial resolution. On the other hand, EEG, MEG, and fNIRS only manage the
cortical measurement with the modest spatial resolution. On the basis of subjects’

convenience, fNIRS is able to offer the least measurement burden; fMRI
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Table 2. 2 Comparisons between functional neuroimaging techniques

Parameters EEG MEG fMRI fNIRS
Signal property Neural activity Neural activity Hemodynamic response  Hemodynamic response
Measured area Cortices Cortices Whole brain Cortices
Time resolution 1-10 ms 1-10 ms 2-5s 0.1-1s
Spatial resolution 10-20 mm 5-10 mm 2-5mm 20 mm
Confinement No No Yes No
Head restraint No No Yes No
Motion tolerant No No No Yes

unfortunately requires the delicate environment with controlled movement (e.g.,
head restrainer) and confinement.

Figure 2.1 presents the diagram of spatial against temporal resolutions for
each imaging technique (Cohen et al., 1994b; Bunge et al., 2009). fMRI is able to
result in a fine resolution (~0.1 mm); however, the measurement time should be
extended to several hours. In order to acquire the best quality measurement, the
simultaneous measurement using EEG and fMRI can be a promising option. In
present, the simultaneous measurement for MEG and fMRI practically infeasible
because both instruments are bulky and cannot be fit together. This option is
advantageous particularly for healthy adults who are unlikely burdened by
discomforts of multimodality measurement. The application of simultaneous
multimodality measurement on disordered children may be challenging. Children
have already been burdened by fMRI measurements; adding another instrument,
such as EEG, may elevate subject inconveniences. Therefore, the single
instrument measurement supporting a trade-off between spatial and temporal
resolutions is highly preferable. According to Figure 2.1, fNIRS accommodates
both moderate spatial and temporal resolutions. fNIRS can be an appropriate
substitute to fMRI especially for designed experiments targeting the monitoring
of cortical functions (Cui et al., 2011). Therefore, fNIRS is considerably an
optimum technique to perform pediatric studies. Currently, there has been a
limited number of {NIRS studies compared to fMRI studies; however, researchers

have been attracted to applying fNIRS on their studies in order to improve the
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Figure 2. 1 Diagram of spatial against temporal resolutions for EEG, MEG, fMRI, and
fNIRS

2.5

clinical translation and utility.

Functional near-infrared spectroscopy

The biological tissue measurement using near-infrared (NIR; 650-950 nm)
lights was reported by Frans Jobsis in 1977 for the first time (Jobsis, 1977). NIR
properties allow lights to penetrate (a few centimeters) and to transmit across
biological tissues. Some portions of light are absorbed, and the absorbed light
dominantly interacts with oxygenated (O;Hb) and deoxygenated (HHb)
hemoglobin (i.e., chromophores) (Strangman et al., 2002). Several parameters,
such as (OoHb, HHb, and Hb-total) hemoglobin concentration changes (Maki et
al., 1995; Delpy et al., 1997), oxygenation index (Grassi et al., 1999), tissue O
saturation (Franceschini et al., 2002; Quaresima et al., 2002), hemodynamic
response resolution (Chance et al., 1992), blood flow (Owen-Reece et al., 1999),
and blood volume (Owen-Reece et al., 1999), are derived from those interactions
[see (Ferrari et al., 2004) for review]. All parameters relatively interpret the
cellular activity. The application of NIR lights revealed the ability to monitor
cellular activity in non-invasive and real-time manners. Figure 2.2 presents the
scheme of NIR light transmission passing through the extracerebral and cortical

layers.
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Figure 2. 2 Scheme of NIR light transmission

Commercial fNIRS instruments had been advanced for more than two
decades. The first instrument incorporated only a single channel; the development
has progressed to multi-channel and wireless instrument (Atsumori et al., 2009)
[see (Ferrari et al., 2012) for more development history]. Those instruments
majorly adapted the continuous wave (CW) system that the light is continuously
emitted with the constant intensity (Nioka et al., 1997; Siegel et al., 1999; Schmitz
et al., 2000). The CW system is unable to determine the scattering coefficient and
the optical path length; thus, the absolute parameter measures cannot be defined.
The practical use of parameters commonly involves the temporal derivation
against the calibration level (e.g., 4C) (Maki et al., 1995; Koizumi et al., 2003).
In order to resolve this issue, frequency- and time-domain systems are approached.
The frequency-domain (FD) system emitted the light with fluctuated intensities
across the temporal course; the detected intensity light is modulated by a shifted
phase (Fantini et al., 1994; Poque et al., 1994; Jiang et al., 1995; Gratton et al.,
1997; Franceschini et al., 2000). This shifted phase represents the travel time of
photon as being emitted, transmitted, and detected back. Compared to the CW
system, the FD system reconstructs better images with a deeper penetration depth,
but significantly requires longer data acquisition time (Lu et al., 2015) with more
noisy signals (Davies et al., 2017). Some instruments with the FD system has been

available in the market. Meanwhile, the time-domain system irradiates the short
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pulse of light, and the time function of transmitted light intensity is then obtained
(Benaron et al., 1993; Hebden et al., 1997; Jelzow et al., 2011). Compared to the
CW and FD systems [see (Strangman et al., 2002; Ferrari et al., 2004) for further
comparisons], the time-domain system offers the most superior absorption-
scattering separation and spatial resolution with the promising feature of 3D
tomography (Contini et al., 2007). Despite the benefits of frequency- and time-
domain systems, the systems are packed in bulky instruments (Ferrari et al., 2004),
and the computation expenses are high (Scholkmann et al., 2014) making those
less practical and commercial. Furthermore, measured parameters using the CW
system are well correlated with those of the FD (Davies et al., 2017) and time-
domain (Diop et al., 2010) systems. Therefore, the CW system is still the most
viable method.

In order to quantify more than a single chromophore, multiple wavelengths
should be employed. The selection of optimum wavelength is essential because it
highly influences the quality of measurement. The trends of absorption coefficient
are opposite for OoHb and HHb. The absorption coefficient of HHb is greater than
that of O2Hb in 650-800 nm window. The HHb absorption coefficient gradually
decreases, while the O2Hb absorption coefficient increases and even surpasses the
HHb absorption coefficient in 800950 nm window. At around 800 nm, the
absorption coefficients for both chromophores are the same (i.e., isosbestic). The
use of isosbestic point should be avoided because the absorption for specific
chromophores becomes unknown. Therefore, a wavelength is selected from the
window of 650-800 nm, and another one is selected from the window of 800-950
nm. Several methods, such as Monte Carlo simulation (Strangman et al., 2003;
Okui et al., 2005), error propagation approach (Yamashita et al., 2001), and
empirical method (Sato et al., 2004), were performed to investigate the optimum
wavelengths (see (Scholkmann et al., 2014) for review). The selected wavelengths
were relatively robust across the optimization methods (~690 and 830)

(Strangman et al., 2003; Sato et al., 2004; Okui et al., 2005; Kawaguchi et al.,
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2008). In order to measure water and lipid for additional chromophores, three—
five wavelengths were implemented on an fNIRS instrument (Corlu et al., 2003;
Corlu et al., 2005). The instrument with more than two wavelengths is scarcely
seen in the market. One of reasons is low signal-to-noise ratio (SNR) because of
the reduced efficiency of incident light separation between channels (Scholkmann
et al., 2014). Therefore, the most commercial instruments only adopt the two-

wavelength system.

Analysis methods for functional near-infrared spectroscopy

The biological parameters are commonly determined following the modified
Beer-Lambert Law (MBLL) (Delpy et al., 1988; Maki et al., 1995). According to
the MBLL, the concentration change is proportional to the logarithm of ratio
between the detected light intensity after passing through the biological tissue and

the initial light intensity as shown in below equation.
I
—log1o (1) = Zieia(Ci 1) +G (Eq. 1)

where [y is the initial light intensity, / is the detected light intensity, i is the

chromophore types (e.g., O2Hb and HHbD), ¢ is the molecular extinction coefficient

(—M_lcm) specific for each chromophore i and wavelength 4, C is the concentration

of chromophores (M), L is the optical pathlength, and G is the scattered portion.
The optical pathlength cannot be absolutely quantified by using only the CW
system; therefore, the effective parameter represents the product of concentration
and optical pathlength (C-L). The scattered portion (G) is small compared to the
absorbed portion; G is assumed to be time-invariant (Scholkmann et al., 2014).
Due to the disadvantageous CW system, the biological parameters are identified
as the time function of concentration change (4C-L). The operation of MBLL
should also be supported by the homogeneity assumption (Cope et al., 1988; Cope
et al., 1991); however, the risk of assumption violation is elevated because the

skull thickness is varied depending on brain regions. Despite some limitations,
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MBLL is still the practical and feasible approach in determining biological
parameters particularly for the commercial CW systems.

After the estimation of biological parameters (e.g., AC,;, - L, ACyy, - L) is
done, signal preprocessing [see (Tak et al., 2014) for further reading] is required
to appropriately infer brain measures (Tachtsidis et al., 2016). Signal
preprocessing includes the decomposition process because the obtained
parameters are unavoidably confounded by the mixture between neuronal and
non-neuronal (i.e., physiological) components. The non-neuronal components
also come from both superficial (e.g., scalp) and cortical layers (Erdogan et al.,
2014; Funane et al., 2014). Afterwards, the signal preprocessing is continued with
the noise removal process. Motion artifact is one of common noises occurred
during the fNIRS measurement; its noise occurrence is not as high as fMRI noise
occurrence though. The effect of motion artifact on signals does not promptly
subside (Robertson et al., 2010; Cooper et al., 2012); the signal baseline may shift
either visibly or subtly. This baseline shift is also categorized as one of noises.

Decomposition process. Several attempts were done to distinctively separate
the neuronal component from other mixtures. The simplest way is to filter out
physiological components. The heartbeat pulsation is confined within 0.6-2 Hz
and straightforwardly filtered. However, other physiological noises, including
respiratory activity (0.15-0.4 Hz), arterial blood pressure (i.e., Mayer waves;
0.05-0.2 Hz), spontaneous fluctuation (<0.1 Hz), happen in the lower frequency
window in which overlaps with the frequency window of neuronal component
(0.01-0.2 Hz) (Fekete et al., 2011). Therefore, the decomposition algorithms, such
as PCA and ICA, are sometimes applied on fNIRS signals (Zhang et al., 2005;
Kohno et al.,, 2007; Katura et al., 2008). Furthermore, direct physiological
measurements are approached to provide more accurate regressors for the
decomposition process (Birn et al., 2006; Kirilina et al., 2012). Those were carried
out using multimodality systems for either each independent component (e.g.,

respiratory  belt, cuff) or integrated components (e.g., peripheral
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photoplethysmography at finger, earlobe) (Sutoko et al., 2019a). Another attempt
used the multi-distance source-detector system to measure the superficial layer
(Gagnon et al., 2008; Saager et al., 2011); thus, the non-neuronal components
could be modeled and removed from the cortical layer (Gagnon et al., 2008;
Saager et al., 2011). However, the statistical inferences were unlikely violated
even without the advanced decomposition process (Sutoko et al., 2019a).
Noise removal process. In general, there are two methods in mitigating noises
— completely rejecting (i.e., not use) and correcting noisy signals. Several
correction algorithms require supplementary data that usually come from expected
noise sources. For example, while the brains got measured, an accelerometer was
also attached on subjects to monitor motions. Supplementary data are inessential
for other corrective algorithms (Scholkmann et al., 2010; Cooper et al., 2012;
Brigadoi et al., 2014; Hu et al., 2015; Jahani et al., 2018), such as filtering (e.g.,
wavelet, Kalman), regression-interpolation (e.g., spline, GLM), and reduction of
component dimensionality (PCA, ICA). Meanwhile, the conventional way in
performing noise rejection is to detect noises through the visual judgment by raters
following the pre-set criteria, such as sudden and discontinuous signal changes.
After performing the signal preprocessing, the analysis to extract brain
measures 1s carried out. Brain measures can be categorized into brain activation
and connectivity. Brain activation quantifies the effect of stimulus-evoked
responses on AC,,;, - L and ACy,,, - L, whereas brain connectivity identifies the
relationships between brain regions (i.e., networks). One of typical brain
activation methods averages the signal amplitude during the baseline and stimulus
intervals, and the averaged baseline value is compared to the averaged stimulus
value to evaluate the stimulus effect (Tak et al., 2014). Another method, namely,
GLM (Friston et al., 1994a) assumes that the fNIRS signals consist of a linear
combination of stimulus-related and other components following below equation.
y=xf+¢ (Eq. 2)
where y is the temporal course of fNIRS measurement, x is the regressor matrix
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(convolution between a boxcar function and HRF (Schroeter et al., 2004) together
with its derivative functions for stimulus-related components), g is the estimated
linear regressor of x, and ¢ is the error that is presumed normally distributed with
0 mean and ¢ variance (Friston et al., 1995). The activation assessment for the
subject level can be performed for both typical activation and GLM methods. The
typical activation method examines the significance of stimulus effects across
trials; the GLM method evaluates the significance of stimulus-related regressors
(Friston et al., 1994b; Monti, 2011; Pinti et al., 2017). For the group analysis,
Student’s t-test and ANOVA (with a post hoc analysis) are applied on subject-
wise activation values (i.e., averages of stimulus minus baseline values across
trials) and g values for the typical activation and GLM methods, respectively.
Compared to the typical activation method, the GLM method may be less sensitive
especially in noisy signals. Furthermore, inappropriate stimulus-related regressors
become drawbacks for the GLM method.

As subjects are measured under the natural environment without any stimuli
(i.e., RS), the measure of brain activation is bias. Therefore, the measure of brain
connectivity is evaluated during the RS; the stimulus-evoked connectivity is also
allowed. Brain connectivity is functionally interpreted as a measure of a
relationship between brain regions. The fMRI connectivity was a pioneering
approach proposed by Biswal et al. (Biswal et al., 1995), who reported strong
connectivities between low-frequency-oscillation signals in regions associated
with the motor network. Common approaches for brain connectivity are seed-
based correlation (Lu et al., 2010; Zhang et al., 2010b; Niu et al., 2011), whole-
brain correlation (Homae et al., 2010; Sasai et al., 2011; Zhang et al., 2012), and
ICA-based method (Zhang et al., 2010a). In the case of seed-based correlation, the
‘seed’, usually the region of interest, is determined in advance, and the seed signal
is temporally correlated (Pearson’s correlation r) to signals from other regions.
Meanwhile, the whole-brain (or whole measured-regions) correlation do not

require the seed selection. In the ICA-based method, the specific network
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components are determined from the decomposed components using PCA and
ICA algorithms beforehand. Furthermore, the weights of specific network
components estimate the relationship between brain regions and those network
components. Another approach utilizes the graph theory (Niu et al., 2012; Niu et
al., 2013) to investigate network metrics (Rubinov et al., 2010), such as global and
local networks, network clustering, modularity, and path length. The repeated
measurement enables the evaluation of connectivity measures in the subject level.
For the group analysis, similar to the brain activation analysis, Student’s t-test and
ANOVA are applied on subject-wise temporal correlation coefficients and
network metrics (Xu et al., 2015).

By providing more channels, the measured regions are widened. However,
the risk of type I error may be elevated due to the problem of multiple hypothesis
comparison. Therefore, controlling either familywise error rate (FWER)
(Hochberg et al., 1987) or false discovery rate (FDR) (Benjamini et al., 1995) is
common to resolve this risk even in neuroimaging studies. Bonferroni correction
was applied to evaluate the statistical significance of stimulus-evoked responses
(Plichta et al., 2006; Hofmann et al., 2008). Besides the Bonferroni correction
(Dunn, 1961), other correction approaches are applicable (Miller, 1981). In order
to investigate the localized activation, the FDR method was applied on p-values
of channel-wise activation (Okamoto et al., 2006; Singh et al., 2006). The FDR
approach is more powerful giving the optimum controls (Nichols et al., 2003),
while the FWER is considered to be excessively strict (Singh et al., 2006). Even
though these corrections have been well used in the statistical evaluation of brain
activation, the multiple comparison issue in brain connectivity has only been
addressed in a limited way.

As the instrument advancement is growing, the computational analysis
packages have been developed as well. Several packages, such as HomER
(Huppert et al., 2009), NIRS-SPM (Ye et al., 2009), fOSA (Koh et al., 2007),
NinPy (Strangman et al., 2009), NAP (Fekete et al., 2011), and POTATo (Sutoko
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et al., 2016), are available for researchers for a free use. These packages provide
functions of signal preprocessing, brain measure extraction, and statistical
analyses for subject and group levels. Furthermore, an analysis tool particularly
for the brain connectivity was established by Xu et al. (Xu et al., 2015). One of
differences among packages is the feature of analysis tool — whether the analysis
tools feasibly allow the exploratory data analysis (EDA) or not. For example,
POTATo was developed to accommodate varied demands from a quick analysis
with pre-set tools to an advanced analysis supporting EDA, so that researchers are
empirically able to investigate their data (Sutoko et al., 2016). On the other hand,
HomER offers a relatively standardized analysis which is beneficial for a practical

use (Huppert et al., 2009).
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Algorithm Development for Removing Noisy Activation Signals
and Its Implementation”
Introduction

fNIRS has been recently used for pediatric studies (Pena et al., 2003; Sugiura
etal., 2011; Monden et al., 2012a) because of its flexibility (Cui et al., 2011), such
as no confinement, no head restrainer, and not necessarily putting subjects in a
supine condition. fNIRS is also motion tolerable on condition of which probes are
securely adhered on the scalp (Hoshi et al., 2005; Koike et al., 2013). Despite its
advantages, pediatric studies manage challenging subjects, infants and children.
Less comfortable conditions and/or measurement engagement (i.¢., attention) will
trigger a restless situation for infants and children. An extreme movement will
cause a lousy contact between probes and the scalp; motion artifacts unavoidably
occur. The measurement of disordered children with symptomatic hyperactivity
(e.g., ADHD) worsens the risk of motion artifact.

To date, there is no golden approach to detect and remove noises. While the
prolonged measurement is unfavorable for infants and children, the noise
correction method is preferably selected over the noise rejection method because
of maintained samples (Cooper et al., 2012). However, the noise correction
algorithms require parameters that should be specified prior to applications. The
performances of those algorithms were found to be unstable across datasets, and
it may be caused by the improper selection of algorithm parameters. Furthermore,
the incorporation of multimodality measurement to estimate motion artifacts
involves more attached probes. The risk of motion likely increases, and the
measurement practicability is reduced (Robertson et al., 2010; Virtanen et al.,
2011; Barker et al., 2013; Chiarelli et al., 2015). Therefore, the noise rejection
method is re-approached.

The conventional noise rejection method is laborious and less objective. Due

The work in Chapter 3 has been published in two journal articles (Sutoko et al., 2018; Sutoko et
al., 2019c¢).
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to the inter-subject variability of noise levels (i.e., how severe do noises affect
signals), raters may subconsciously adjust the pre-set noise criteria to maintain
subject data and sufficient sample number. A novel algorithm of noise rejection
method is introduced in this chapter. This algorithm was named ‘“‘adaptive
rejection algorithm”. Following its name, this algorithm aimed to adaptively
accommodate a trade-off between the rejection control and personal noise levels.
To simply put, the adaptive rejection algorithm tried to maintain the least noisy
signals and to obtain the sufficient sample number.

The application of the adaptive rejection algorithm should be versatile; thus,
the algorithm was designed based on the bottom-up process which algorithm
variables (e.g., noise criteria, rejection control rate/acceptance rate) could be
flexibly set. Even though this feature improved the algorithm flexibility, the
algorithm performance may be influenced by the set algorithm variables. In order
to avoid this problem, the algorithm variables were selected through the
optimization process. By repetitively re-doing the optimization process, the
algorithm variables will be re-tuned, and the applicable variables will be
eventually obtained.

The algorithm performances were evaluated in synthetic and human
measurement datasets. The synthetic datasets were used to confirm the algorithm
concept and to simulate effects of noise level and phenomenon strength on the
algorithm performance. The human measurement datasets came from TD and
ADHD children that had been analyzed and reported before (Nagashima et al.,
2014b; Nagashima et al., 2014c). The algorithm application on TD and ADHD
data might suggest the algorithm feasibility in managing different noise levels (i.e.,
risk of motion artifacts in ADHD > TD). This algorithm can be performed in an
automatic manner; the algorithm application for a substitute to the conventional
visual judgment is highly expected.

Noise removal is commonly done during the signal preprocessing. Therefore,

the application of the adaptive noise algorithm for one of signal processing steps
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was confirmed on the new dataset. After applying the algorithm, the analysis was
continued to develop biomarkers for differentially diagnosing ADHD children
with autism spectrum disorder (ASD) comorbidity. The well-performed
biomarkers not only suggested the successful development of supporting
differential diagnostic tools but also confirmed the practicability of the adaptive
rejection algorithm for a signal processing step.

Besides ADHD, ASD is also one of the most prevalent neurodevelopmental
disorders. Within 12 years, the prevalence rate of ASD increased more than
doubled from 0.67 to 1.46% (2000-2012) (Christensen et al., 2016). Subjects with
ASD show symptomatic social and communication impairments with restricted
interests and repetitive behaviors. ADHD and ASD are identified as completely
different disorders according to the DSM-IV. The comorbidity between ADHD
and ASD was also not explained. Despite independently interpreted phenotypes,
ADHD and ASD symptoms were found to co-occur. Primarily ASD-diagnosed
subjects (30—-50%) revealed ADHD symptoms (Goldstein et al., 2004; Gadow et
al., 2006; Lee et al., 2006), and vice versa for ADHD-diagnosed subjects (66%)
(Mulligan et al., 2009).

In the updated DSM-5 (American Psychiatric Association, 2013), the
comorbidity between ADHD and ASD is clinically recognized. Its comorbidity
was modeled in three mechanisms (Sokolova et al., 2017): (1) dysfunction of
social information perception caused by impulsivity, (2) hyperactivity associated
with stereotypic and repetitive behavior, and (3) accumulative effects between
inattention, difficulties of social information perception, and verbal 1Q. Besides
its comorbidity, the age of symptomatic onset for diagnosing ADHD was re-
defined from seven to twelve years old. This change elevated the ADHD diagnosis
rate from 7.38% to 10.84% particularly in the inattentive dimension (Vande Voort
etal., 2014).

Diagnosing either primary or comorbid disorders is never an easy work even

using standard diagnostic guidelines. The difference of diagnosis rate between the
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DSM-IV and ICD-10 was substantial by about five times (Dopfner et al., 2008;
Adornetto et al., 2012). The accurate diagnosis and therapeutic assessment require
the longitudinal behavioral monitoring from multiple respondents, such as parents
and teachers (Soma et al., 2009). The clinical application of biomarkers will speed
up the diagnosis process and the evaluations for prognosis and pharmacological
efficacy.

The understanding of disorder characteristics and the development of
biomarkers based on fNIRS measurements have been pursued separately for
ADHD and ASD. Compared to control subjects (i.e., healthy children, adolescents,
and adults), subjects with ADHD revealed hypoactivation in responses to
inhibition (Monden et al., 2012a; Ishii-Takahashi et al., 2014), attention
(Nagashima et al., 2014c¢), verbal fluency (Matsuo et al., 2014), and facial
recognition (Ichikawa et al., 2014) tasks. Using these characteristics, ADHD
biomarkers were developed, resulting in 78.8—-85% accuracy (Ishii-Takahashi et
al., 2014; Monden et al., 2015). The comparison of brain activation between
control and ASD subjects showed divergent results depending on performed tasks.
During the inhibition GNG (Xiao et al., 2012; Ikeda et al., 2018b), own-face
recognition (Kita et al., 2011), gaze recognition (Ikeda et al., 2018a), and
perception of person’s expression (Iwanaga et al., 2013) tasks, hypoactivation was
observed for ASD children. Meanwhile, the activations during the Stroop (Xiao et
al., 2012; Yasumura et al., 2014), and expression of an object’s characteristics
(Iwanaga et al., 2013) tasks were similar for both control and ASD children.
Furthermore, ASD children was successfully characterized by 83.3% accuracy
based on their weak efficiency for the network between bilateral PFC and bilateral
temporal cortices during the visual stimulus (i.e., watching a cartoon) (Li et al.,
2016b). High diagnostic performance (81.6% sensitivity and 94.6% specificity)
was also found by identifying the weak bilateral FC and the strong fluctuation
magnitude during the RS for ASD children (Li et al., 2016a). In spite of previous

findings, the biomarker for comorbidity diagnosis has never been addressed.
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3.2

The distinct characteristics between ADHD and ASD-comorbid ADHD
children had been reported. The activation responses on the GNG task and the
neuropharmacological effects were contrast between ADHD and ASD-comorbid
ADHD children (Tokuda et al., 2018). However, the biomarker for differentiating
ASD-comorbid ADHD children from ADHD children has not been advanced
before. Therefore, the objective for a study with the application of adaptive
rejection algorithm was to investigate any effective differential diagnostic
biomarkers based on activation characteristics of ADHD and ASD-comorbid

ADHD children.

Materials and methods

In this chapter, the development of rejection algorithm and its application as
a substitute to the visual rejection in the signal preprocessing were independently
described. Therefore, 3.2 Materials and methods and 3.3 Results were arranged

into two subsections.

A. Development of the adaptive rejection algorithm: design and feasibility

3.2.1 Design of rejection algorithm

A rejection algorithm for suitably evaluating noises in datasets with the block-
design paradigm was constructed in two processes.

1. Noise identification. Three noise criteria were initially formulated as shown
in Table 3.1. Criterion 1 was the typical characteristic of motion artifact — any
sudden amplitude (i.e., TNIRS signals) increases/decreases with recovery
failure to the base amplitude. The greater amplitude increase/decrease was
observed, the longer time was required to return to the base amplitude. If
amplitude changes from two datapoints surpassed a threshold, those
datapoints would be marked as the starting and ending time of a sudden
amplitude increase/decrease. Furthermore, in order to confirm the

recoverability, the amplitude levels before and after those datapoints were
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No.

Table 3. 1 Noise criteria. From (Sutoko et al., 2018), reproduced with permission.
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evaluated. Epochs (i.e., shorter signals from the temporal courses
corresponding to trials) containing any shifts of amplitude levels over 0.2
mM-mm were recognized as noisy ones. Criterion 2 was an extreme baseline
shift before stimulus. The baseline shifts might be caused by the effects of
sudden amplitude increases/decreases and/or the physiological noises (Birn
et al., 2006; Chang et al., 2013; Murphy et al., 2013) with spurious signals
and interlocked phases. The baseline slope was computed using a linear fitting.
If epochs had slope baselines over a threshold, those epochs were marked as
noisy epochs. Criteria 3 was high inter-epoch variability. Low noises likely
resulted in the high inter-epoch similarity. Epoch signals were correlated with
each other, and the summation of correlation coefficients represented a
similarity measure. For example, if epoch 1 had noises, the summation of
correlation coefficients between epoch 1 and other epochs would be low.

Epochs with the outlier correlation summations were defined as noisy epochs.
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The outlier range was determined by the multiplication between a threshold
constant and interquartile range (IQR) of correlation summations. Criteria 1,
2, and 3 comprehensively controlled noises in datapoint, epoch, and entire
temporal levels, respectively. While criteria 1 and 2 were assessed with global
thresholds (i.e., same thresholds for all subjects), criteria 3 was examined
using the personalized threshold (i.e., IQR).

2. Rejection judgment. The current algorithm approached the adaptive judgment
based on both dataset and personal noise levels. Figure 3.1 shows the process
of adaptive judgment explained in eight steps. First, the presence of noisy

epochs was examined according to a noise criterion. Second, the number of

Epoch data Order of criteria
—>! Identify noisy epochs based on criterion

Calculate the remainingepochs
(total minus identified noisy epochs)

< Remainingepochs>acceptance rate? >
\l/ yes \l/ no
Reject noisy epochs Ignore criterion

v

Recordidentified
noisy epochs

—< Any remainingcriteria? >
yes
\/ no

Rank epochs based on record of noisy epoch

\’

< Remainingepochs>acceptance rate? >

\l/yes no

Reject epochsup to acceptance
rate accordingto epoch ranking

/ Acceptedepochswith the least noise level /

Figure 3. 1 Process flow of the adaptive rejection algorithm. From (Sutoko et al., 2018),
reproduced with permission.
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remaining epochs after subtracting the number of detected noisy epochs from
total epochs were counted. Third, the number of remaining epochs was
evaluated whether it was greater than or equal to the pre-set acceptance rate
(i.e., the minimum expected value of remaining epochs). Fourth, the rejection
of detected noisy epochs was executed if step 3 is met. Otherwise, the rejection
was halted; however, those epochs were still labeled as noisy epochs. Fifih,
the judgment was continued by applying other noise criteria on the
remaining/non-rejected epochs. Sixth, steps 1-5 were repetitively done until
all noise criteria had been examined. Seventh, in order to maintain the
objectivity of judgment, the remaining epochs were ranked depending on how
many times the epochs were saved from rejections but labeled as noisy epochs.
If the number of remaining epochs was still greater than the pre-set acceptance
rate, this ranking was re-checked. Eighth, if there was any remaining epochs
having labels as noisy epochs, the rejection was resumed until the number of
remaining epochs was equal to the pre-set acceptance rate.

To simply put, this algorithm introduced a fuzzy approach in which the epochs
were labeled not only as noisy or noise-free but also as acceptably noisy
epochs. This algorithm aimed to reduce noises to a tolerable level while

maintaining the sufficient epoch number.

3.2.2 Datasets

Two datasets that had been collected previously used in this chapter. These
datasets consisted of TD and ADHD children data (Nagashima et al., 2014b;
Nagashima et al., 2014c). Table 3.2 shows the summary of dataset information.
All ADHD children were clinically diagnosed based on the DSM-5 guideline and
prescribed by either MPH or ATX with varied ranges of doses and intervals. The
experiment was designed following the randomized, double-blind, placebo-
controlled, and crossover study for ADHD children. Therefore, ADHD children

underwent four measurement sessions (i.e., pre-medication, pre-placebo, post-
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Table 3. 2 Demographic information. From (Sutoko et al., 2018), adapted with permission.

Parameters Dataset | Dataset Il
22 (15 boys) 16 (14 boys)
TD children 9.8+ 2.0 years old 8.9+ 2.2 years old

IQ 108.0+ 11.4

IQ 108.6+8.1

ADHD children

22 (19 boys)
9.5+ 2.0 years old

16 (14 boys)
8.9+ 2.2 years old

1Q 944117 1Q 99.4*14.4
MPH ATX
Medication 27+108 mg 231+136 mg
22+ 21 months 10% 8.0 months
Placebo Double-blind Double-blind
Task Oddball Go/no-go

medication, and post-placebo) in two measurement days (Figure 3.2A). Two
measurement days were apart for about 2-30 days. In order to control medication
and placebo effects, ADHD children refrained taking their medications for about
24 days (i.e., wash-out period) before the measurement day. In contrast, a single
measurement was performed for TD children without any administration of
medication or placebo. All subjects were right-handed, and the 1Q was assessed
using the Wechsler Intelligence Scale of Children — Third Edition (WISC-III)
which IQ results were over 70 for all subjects.

In a measurement session, subjects performed either GNG or oddball (OB)
task for about 67 min while their brains were being measured. The GNG task
was done to evaluate the inhibition control, while the OB task targeted subjects’
sustained attention measures (Monden et al., 2012a; Monden et al., 2012b;
Nagashima et al., 2014a; Nagashima et al., 2014b; Nagashima et al., 2014c). Both
GNG and OB task were constructed following the block-design paradigm with six
trials (E-Prime 2.0, Psychology Software Tools). In the block-design paradigm,
the entire task was categorized in baseline and stimulus tasks which were
alternately performed (seven and six times for baseline and stimulus tasks,
respectively; green and yellow intervals in Figure 3.2B). The 3-s instruction

always preceded the baseline and stimulus tasks (gray intervals in Figure 3.2B).
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Figure 3. 2 Experimental procedure, design, and task paradigms. (A) Four measurement sessions
were performed in two days. (B) Each measurement session lasted for 6—7 min with alternated
baseline (BS; 24-25 s) and stimulus (Stim; 24-25 s) intervals for seven and six times, respectively.
Task commands were specific for baseline (C) and stimulus (D) intervals for the GNG (C1, D1)

GNG stimulus

24s
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and OB (C2, D2) tasks. From (Sutoko et al., 2018), modified with permission.

During the baseline interval(24 and 25 s for baselines of GNG and OB tasks,
respectively), subjects were asked to respond to any displayed images (1-Hz
frequency display; 800 and 200 ms for display and between-image waiting
intervals, respectively) by pressing a designated button (Figure 3.2: C1-2).
Subjects were required to inhibit their responses to the no-go images (e.g., tiger)
and to specifically respond to the go images (e.g., elephant) by pressing a
designated button during the stimulus interval of GNG (Figure 3.2D1; 24 s; 1-Hz
frequency display; 800 and 200 ms for display and between-image waiting
intervals, respectively). The ratio between no-go and go occurrences was 1:1.

Meanwhile, subjects were asked to press specific buttons as standard (the blue
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button, similar to the pressed button during the baseline) and target (the red button)
images displayed during the stimulus interval of OB (Figure 3.2D2; 25 s; 1-Hz
frequency display; 800 and 200 ms for display and between-image waiting
intervals, respectively). The ratio between standard and target occurrences was 4:1.

The brain measurement was performed using the multichannel fNIRS system
(ETG-4000, Hitachi, Ltd., Japan). Two plane probes were connected to this dual-
wavelength fNIRS system (695 and 830 nm). Figure 3.3 shows the probe
arrangement and placement on the brain template. A probe plane consisted of eight
emitters (red circles in Figure 3.3) and seven detectors (yellow squares in Figure
3.3) that were alternately placed constructing the 3 x 5 arrangement. The
measurement sites named channels (black circles in Figure 3.3) were estimated at
the middle of an emitter and a detector. In total, two plane probes measured 44
channels. These probes were put to cover bi-hemispheric lateral prefrontal to
inferior parietal cortices following the standard placement (Garavan et al., 1999;
Liddle et al., 2001; Rubia et al., 2003; Herrmann et al., 2004; Herrmann et al.,
2005). The probe position on the head was digitized for all subjects after the first
measurement session; the channel locations were approximated and spatially
registered to the Montreal Neurological Institute (MNI) space (Okamoto et al.,
2004; Jurcak et al., 2005; Okamoto et al., 2005; Singh et al., 2005; Tsuzuki et al.,

Right Left

Figure 3. 3 Two-plane probe configuration with 16 emitters (red circles), 14 detectors (yellow
squares), and 44 channels (numbered black circles). From (Sutoko et al., 2019b), reproduced with
permission.
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3.2.3

3.24

2007; Okamoto et al., 2009). The experimental procedures were described
elsewhere in detail (Nagashima et al., 2014b; Nagashima et al., 2014c).

fNIRS signal preprocessing and analysis

Signal preprocessing was done on the MATLAB-based (Mathworks, Inc.)
software Platform for Optical Topography Analysis Tools (POTATo, Hitachi, Ltd.,
Research & Development Group) (Sutoko et al., 2016). The detected optical
intensity was converted to the product of hemoglobin (Hb) concentration change
and optical path length (AC,,,,;, - L, ACy,,, - L, and ACy, ., - L for oxygenated,
deoxygenated, and total Hbs, respectively) (Maki et al., 1995; Koizumi et al.,
2003) as being imported to the POTATo analysis platform. The conversion was
done following the MBLL (Delpy et al., 1988; Maki et al., 1995). The obtained
AC - L signals were fitted to a first-degree line to correct the global baseline shift.
Afterwards, FIR band-pass filter was implemented on the signals to remove low-
frequency drift (< 0.01 Hz) and cardiac pulsation (> 0.8 Hz). In order to analyze
each single trial, the entire temporal signal was segmented into six shorter signals
(i.e., epochs) for each channel. An epoch signal consisted of 10-s pre-stimulus
baseline, 3-s pre-stimulus instruction, 24- or 25-s stimulus, 3-s post-stimulus
instruction, and 10-s post-stimulus baseline (Figure 3.2B). The developed
rejection algorithm was then applied on these epochs. Noise-affected epochs were
eliminated; the activation analysis was performed on the remaining epochs.
Before computing the activation analysis, the epochs were fitted by the averaged
amplitude of 10-s baseline. Afterwards, the activation values were acquired by
averaging inter-epoch signals within activation interval (i.e., 4 s after stimulus

onset to the end of stimulus) for each channel.
Dataset quality

As mentioned above (see 3.2.1), noise criteria determined the status of epochs

(i.e., noisy) based on thresholds. The values of thresholds were optimized to
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appropriately evaluate noises in the current datasets. Therefore, the dataset quality
should be examined in advance. There were four parameters related to noise
criteria — SNR, amplitude change between two datapoints (criterion 1), epoch
baseline slope (criterion 2), and dispersion of correlation summation (criterion 3).
Those parameters were evaluated for all datasets, subjects, channels, and signal
types (i.e., ACy,y, " L and ACy, - L) before (blue histograms in Figure 3.4: A-D)
and after (red histograms in Figure 3.4: B-D) the signal preprocessing. The SNR

of a single channel and signal type was calculated as follows:

Hac. N
SNR = 20 X logyo —Loc -t activation] (Eq. 3)

o
[(AC-L)(t)-»t baseline]

where u is the average of AC - L signal within the facrivarion interval (i.e., 4 s after

stimulus onset to the end of stimulus) and ¢ is the standard deviation of AC - L
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Figure 3. 4 Dataset characteristics — SNR (A), amplitude difference between two datapoints (B),
epoch baseline slope (C), and dispersion of inter-epoch correlation summation (D). From (Sutoko
et al., 2018), modified with permission.
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signal within the paseiine interval (i.e., 10-s epoch baseline). The negative skewness
was found in the distribution of SNR (Figure 3.4A). The signal preprocessing
brought the greater kurtosis and smaller standard deviation for the distribution of
amplitude changes between two datapoints (Figure 3.4B). Meanwhile, there was
no preprocessing effects on parameters of epoch baseline slope (Figure 3.4C) and
dispersion of correlation summation (Figure 3.4D). Thresholds for noise criteria
were then optimized with 95% or 97.5% of two- or one-tail accumulative
distributions as the upper optimization limits. Therefore, the optimization ranges
for criteria 1 and 2 were 0.01 — 0.05 mM-mm with 0.001 in steps, and 0-3 (x IQR)
with 0.1 in steps for criterion 3. The visual judgment for rejecting noises had been
previously done in the current datasets. On the basis of visual judgment, all epochs
were survived in 35% of total data (channels x subjects), either one- or two-epoch
rejection happened in more than 60% of total data, and less than 1% of total data

underwent three-epoch rejection.

Simulation of random epoch rejection
In order to evaluate the effects of signal quality and random rejection on
statistical power, a simulation analysis was performed. The synthetic brain signals
were initially created following two methods.
1. Synthetic brain signal (Figure 3.5). A HRF (A(%), Figure 3.5A), adopted from
the gamma function(Boynton et al., 1996) (Eq. 4), was used to model a brain

activation.

h(t) = (E)“‘l (%)

T (n-D't

(Eq. 4)
where ¢ is time, 7 is 1.08, and n is 3 (Tanaka et al., 2013). The HRF was
convolved with the boxcar function (b(?), Figure 3.5B) in the six-trial
paradigm with 24-25 s of stimulus intervals and 25-26 s of inter-trial

intervals. The activation degree was manipulated by varying the boxcar

amplitude (u = 0.14-0.3; ¢ = 0-0.16; and g = 0.85,1, 2) across six trials.
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Figure 3. 5 Generation of synthetic brain signal. HRF (A) was convolved with the boxcar
function (B) resulting in task-related hemodynamic response signal (C). The physiological
component (D) and machine noise (E) were subsequently added constructing the typical fNIRS
signal (F). After preprocessing (G), the epoch signals (H) were extracted from the continuous
signal. Gray areas represent the stimulus interval. From (Sutoko et al., 2018), reproduced with
permission.

This manipulation was done to mimic the variant stimulus-evoked responses.

The average of boxcar amplitude («) was selected based on the characteristics

of datasets. Furthermore, the % variables were set following the average (i.e.,

0.85) and maximum (i.e., 2) ratios in the TD data with positive activations.

The physiological noise (p(z), Figure 3.5D) was modeled by the filtered
random Gaussian noise (4 = 0; o = ) using bandpass filtering (0.08-0.15 Hz;

4™ order Butterworth) (Pinti et al., 2017). Meanwhile, the machine noise (m(?),
Figure 3.5E) was represented by the random Gaussian noise (¢ = 0) without
filtering. The variance of random Gaussian noise was controlled to simulate
the SNR parameter within a range of -40-20dB (2dB interval). The synthetic
brain signal (f(¢), Figure 3.5F) was created by adding p(?) and m(z) to the
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normalized h(t) x b(t) (Figure 3.5C).

Synthetic brain signal with motion artifacts (Figure 3.6). Two artifact
characteristics, such as spikes and epoch baseline shifting, were added to
synthetic brain signals. Spikes were generated by convolving the modified
first derivative of the gamma function (%°(z), Figure 3.6A) with the rebound
step function (s(?), Figure 3.6B). In order to establish the unrecoverable spike
model, the modification of first derivative of the gamma function was done

as the following equation.
() = [h’(t)t=1_)mgxhr(t), (2% h’(t)t=m?xhr(t)_>end) — max 1G]

(Eq. 5)

The spike amplitude was varied within 0.14—0.48, and the spike direction was
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Figure 3. 6 Generation of synthetic brain signal with motion artifacts. Spikes were modeled by
convolving the first derivative HRF (A) with rebound step function (B). The model of epoch
baseline shift (C) was also added. All noise models (D) were composed together with the task-
related signal (E; physiological components p(?) included) and machine noise (F) resulting in
the typical fNIRS (G). After preprocessing (H), the epoch signals (I) were extracted from the
continuous signal. Gray areas and black arrows represent the stimulus interval and modeled

noises, respectively. From (Sutoko et al., 2018), reproduced with permission.
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3.2.6

set either positive or negative. Epoch baseline shifting (w(z), Figure 3.6C) was

constructed by manipulating the epoch baseline interval (13 s before the

stimulus onset) with either a positive or negative slope (¢ =0.025 mM-mm/s,

o =0-0.025 mM-mm/s). The number of occurred artifact (1-6 times), artifact

types, and temporal artifact event were randomized. All artifact components

(Figure 3.6D) were added to the activation signal (h(t) X b(t)) with the

physiological noise (h(t) X b(t) + p(t); Figure 3.6E) and the machine noise

(Figure 3.6F) resulting in the synthetic brain signal with motion artifacts (f{z),

Figure 3.6G).

One-thousand synthetic brain signals (i.e., with and without motion artifacts)
were generated for each value of SNR parameter. Those signals were preprocessed
(see 3.2.2, Figures 3.5H, 3.6G) and compartmentalized into six epoch data
(Figures 3.5H, 3.6I). The random rejection (0—4 epoch rejection) was applied on
those epoch data, and the activation analysis was performed on the remaining
epoch data. The activation values were then statistically evaluated (z-test).
Because the boxcar amplitudes were set to be greater than 0 on average, the
average of activation values should be significantly found greater than 0 (5%
significance level). The occurrence of insignificant results (i.e., out of 1000

synthetic brain signals) presented the probability of false negative rate ().

Confirmation of algorithm feasibility

Algorithm feasibility was assessed in both synthetic signals with motion

artifacts and the real datasets. A synthetic dataset (N = 98, g = 1) was created

following the SNR distribution of the real datasets. The rejection algorithm was
then applied on the artificial dataset using all noise criteria with associated
optimization threshold ranges. Three epochs were selected as the pre-set
acceptance rate due to the upper limit of three epochs rejection in the real datasets.

The optimization objective was to find the optimum threshold values resulting in
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the lowest false negative rate. Furthermore, HRF recovery was evaluated in the
results of the adaptive rejection algorithm and the process without any rejection.
While the information of HRF was controlled in the synthetic dataset, noise-
free HRF was unknown in the real datasets. Because the current datasets had been
previously analyzed, the statistical results for group analyses were available.
Therefore, the optimization objective in the real datasets was to find the optimum
algorithm variables that were able to reproduce statistical results (one-tail sample
t-test; a = 0.025) of group analyses as listed in Table 3.3. In accordance with
previous studies (Inoue et al., 2012; Monden et al., 2012b; Ishii-Takahashi et al.,
2014; Nagashima et al., 2014a; Nagashima et al., 2014b; Nagashima et al., 2014c;
Araki et al., 2015; Ota et al., 2015), TD children revealed the significant O,Hb
activation (p < 0.025) at the right inferior frontal gyrus/middle frontal gyrus
(IFG/MFG; channel 32 in Figure 3.3) as performing GNG and OB tasks. ADHD
children without any medication showed null O;Hb activation (p > 0.025).
However, the medication (MPH and ATX) effects in neuromodulating O,Hb
activation (p < 0.025) have also been confirmed. The O,Hb activation was not
regulated by the placebo administration (p > 0.025), and the medication effects
were greater than the effect of placebo on O;Hb activation (p < 0.025). The
difference between medication and placebo effects was defined by ‘inter-

administration’ term.

Table 3. 3 Significances of right IFG/MFG activation as training and validation targets. From
(Sutoko et al., 2018), modified with permission.

Feasibility steps 1;;31;":&;;? anotie\r/axgaljlgn dai;ase t 3. Validation in TD datasets
Samples 22 ADHD (dataset 1) 16 ADHD (dataset I1) 22 TD (dataset) 16 TD (dataset II)
Task Oddball Go/no-go Oddball Go/no-go
Medication MPH ATX — —
Pre-administration p>0.025 p > 0.025 p < 0.025 p < 0.025
Post-medication p <0.025 p <0.025 — —
Post-placebo p>0.025 p>0.025 — —
Inter-administration p <0.025 p <0.025 — —
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There were four algorithm variables that were simultaneously optimized — (1)
acceptance rate (e.g., three and four epochs following the visual rejection of the
real datasets), (2) number of noise criteria (e.g., one, two, and three criteria), (3)
noise criteria (e.g., criteria 1, 2, and 3), and (4) criteria threshold. A conventional
approach without the pre-set acceptance rate was also performed to evaluate the
effectiveness of adaptive judgment. Furthermore, the OB task may be more prone
to noise than the GNG task due to the demand of repetitive responses. Therefore,
the task-dependent possibility of acceptance rates was also examined. In total,
there were 35 combinations of algorithm variables (Table 3.4) optimized in the
real datasets.

Training and validation steps were incorporated in the optimization process to
confirm the feasibility and robustness of algorithm applications across tasks (e.g.,
OB vs. GNQG), medications (MPH vs. ATX), and population (ADHD vs. TD
children). The optimization process was done in two ways — independent for each
training and validation steps (Figure 3.7A) and sequential with the order of

training and validation steps (Figure 3.7B). In the sequential way, combinations

A B
Trainingdataset Trainingdataset
All combinations Combinationswith the | All combinations
Noise rejection & ——— highest reproducibility ——» Noiserejection &
activation analysis activation analysis
ADHD validation dataset Combinations with the

highest reproducibility

ADHD validation

All combinations Combinationswith the | dataset o
—— Noiserejection & ———— highest reproducibility —— Noiserejection &
activation analysis activation analysis

Combinationswith the

TD validation dataset . P
highest reproducibility

R

TD validation
All combinations ) - Combinationswith the dataset . L Combinationswith the
——» Noiserejection & ——— highest reproducibility —— Noiserejection & ——— highest accumulative
activation analysis activation analysis reproducibility

Figure 3. 7 Independent (A) and sequential (B) optimization processes. From (Sutoko et al., 2018),
modified with permission.
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Table 3. 4 Combinations of algorithm variables. Blue and gray-colored rows indicate
combinations with three and two noise criteria, respectively. From (Sutoko et al., 2018), modified
with permission.

Oddball task Go/no-go task
Combination Acceptance rate Noise criteria Acceptance rate Noise criteria
3epochs 4 epochs None Criterion 1 Criterion 2 Criterion 3 3 epochs 4 epochs None Criterion 1 Criterion 2 Criterion 3
1 7 | Y 7 v 7 : v v 7
2 v : v v v | v v
8 v | v v v : v v
4 v : v v : v
5 v : 7 v : 7
6 v : v I
7 v ! v :
8 v i v v : v
9 v : v v : v
10 v | v v v | v 7
11 v : 4 v : v
12 v : v v : v
13 v : v :
14 v ! v |
15 v | v v i v
16 v : v v : v
17 v : v v v | v v
18 v | v v : v
19 v : v v : v
0 oo oo
21 v : v !
2 7 | v v | 7
23 v : v v : v
24 v : v v v : v v
25 v : v v | v
2 v : v v : v
27 v | v :
28 v : v I
2 v : v v v
30 v | v 7 : v
31 v : v v v : v v
32 v : v v : v
33 v : v v | v
34 v | v :
35 v : v v : v

of algorithm variables that only satisfied 100% (or the highest) reproducibility in

the training subset were survived and used for optimizing the validation subsets.

3.2.7 Comparison between visual and algorithm rejections
Besides the reproducibility of statistical results, rejection performances were
evaluated in three factors. First, the rejection accuracy — how accurate could the
adaptive rejection algorithm reject the noisy epochs that were previously labeled

by visual raters? The current application solely focused on optimizing noise
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rejection for AC, ., - L signals because AC,, ;- L is more pronounced compared
to ACyyy, - L (Hoshi et al., 2001; Strangman et al., 2002; Hoshi, 2003). However,
to confirm the feasibility of this algorithm in different signal types, the rejection
accuracy was also evaluated in AC,,, - L and AC,, .., - L signals using the
optimum algorithm variables. Note that the visual judgment was only processed
onAC,,,y, - L signals. Second, the temporal correlation (i.e., Pearson’s correlation)
— how similar were the resulted waveforms after the visual rejection to those after
the algorithm rejection? Third, the correlation of activation value (i.e., Spearman’s
rank correlation) — how close were the resulted activation values after the visual
rejection to those after the algorithm rejection? Those activation values were
statistically examined (one-sample ¢-test) to confirm whether the visual and
algorithm rejections significantly brought different interferences or not. An
analysis of variance (ANOVA) was also conducted to evaluate the effects of signal
types on rejection performances. These three factors were independently
computed for each population, administration status, and task (i.e., TD, ADHD
pre-administration, ADHD post-medication, and ADHD post-placebo data during
OB and GNG tasks). These evaluations were performed to confirm the ability of

the adaptive rejection algorithm to be a substitute for the visual rejection.

B. Application of the adaptive rejection algorithm as a signal preprocessing step
3.2.8 Subjects and experimental design

Thirty-two medication-naive children participated in this study. All children
were right-handed and diagnosed with ADHD based on the DSM-5. Twenty-one
children (7.8 £ 1.7 years old) presented only ADHD symptoms while 11 children
(8.2 £ 2.1 years old) also presented ASD symptoms based on what the DSM-5
refers to as ASD-comorbid ADHD children. All subject’s 1Qs were over 70
(WISC-IIT or WISC-1V); however, ASD-comorbid ADHD children (103.2 + 14.5)
had significantly higher 1Qs (¢30)= 2.08, p < 0.05, Cohen’s d = 0.77) than ADHD
children (92.8 £ 12.9). Age and gender were matched for both ADHD and ASD-
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comorbid ADHD groups. This dataset had been collected and previously reported
by Tokuda et al. (Tokuda et al., 2018). A technical problem unexpectedly occurred
during data saving; thus, the affected data (i.e., two behavioral performance data
and an fNIRS measurement data) were excluded in the analysis.

The experiment was designed following the randomized, double-blind,
placebo-controlled, and crossover study. All subjects were administered by 18-mg
MPH and placebo in two different measurement days. Therefore, both ADHD and
ASD-comorbid ADHD children underwent four measurement sessions with pre-
medication, post-medication, pre-placebo, post-placebo conditions (i.e., two
measurement sessions in a measurement day). Two measurement days were at
least four days apart. In each measurement session, the GNG task was performed
while the subject’s brain was also measured using the ETG-4000 fNIRS system.
The GNG task was designed following the block-design paradigm with six trials
(Monden et al., 2012a; Monden et al., 2012b; Nagashima et al., 2014b). The
experimental design, task paradigm, and measurement system were same as
mentioned above (see 3.2.2). The channels were spatially registered in the brain
template (Figure 3.8) and labeled as the LONI Probabilistic Brain Atlas (Shattuck
et al., 2008) and the Brodmann’s atlas (Rorden et al., 2000), as listed in Table 3.5.

Figure 3. 8 Spatially registered channels on bilateral hemispheres. From (Sutoko et al., 2019c),
reproduced with permission.
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Table 3. 5 Estimated brain regions for each channel. Coordinates 0 for x-, y-, and z-axes are
determined at the midline vertex, the lateral vertex (left-to-right preauricular points), and the Fp
point, respectively. From (Sutoko et al., 2019c), reproduced with permission.

X z c Macroanatomy X z c Macroanatomy
Channel L
Channel (mm)  (mm)  (mm)  (mm) (Probability) AN mm) m) mm)  (mm) (Probability)
L-MFG (0.52) RIFG (082)
1 21 36 51 14| srG (048) 23 50 52 -4 10 RIOFG (0.17)
R-MFG (0.01)
L-MFG (0.68)
2 -47 9 55 ¥ pee 032) R-IFG (0.45)
R-STG (0.34)
L-SMG (0.55) 24 58 19 2 15 R-PICG (0.15)
3 -59 -25 52 14 pocs (045) R-IOFG (0.03)
R-MTG (0.02)
L-ANG (0.86)
4 -58 -55 6 14 R-MTG (0.79)
L-SMG (0.14 . -
014 25 72 16 9 2 Rst6 021)
L-MFG (0.85)
5 24 55 38 13 i ) ) R-MTG (054)
L-SFG (0.15) 2 69 48 12 W RiTe 040
6 -46 30 2 13 L-MFG (1.00) R-MFG (0.76)
27 40 63 10 N SEG 00
LPICG (052) -IFG (024)
7 -60 -4 4 14 L-PoCG (0.46) 28 58 35 12 12 RIFG (1.00)
L-SMG (0.02)
R-PoCG (0.39)
L-SMG (0.96) R-STG (0.35)
8 67 36 3 14 ANG (004) 29 67 0 n ¥ Recs (026
R-IFG (0.01)
L-ANG (0.78)
L-MOG (0.20) 20 7 2 s 1 RMTG (059
9 B9 65 30 15 L-SMG (0.02) R-STG (047)
L-MTG (0.01) RMTG (0.39)
L-STG (0.00)
R-MOG (0.31)
3 63 -63 0 16
L-MFG (0.99) RITG (030)
10 42 48 2 2 G 0on R-ANG (0.00)
R-MFG (0.63)
LIFG (042) £ /% B B kG (03
1 58 17 27 14 L-PrCG (0.33)
L-STG (0.11) R-PrCG (0.74)
R-IFG (0.24)
L-PoCG (0.49) 8 63 15 % 4 R MEG 00)
12 -68 17 27 14 L-SMG (0.40) R-PoCG (0.01)
L-STG (0.11)
R-SMG (0.41)
L-STG (0.30) u 0 a9 24 15 RPoCG (03D
L-SMG (0.29) RSTG (0.27)
13 -67 -50 2 5 | ANG (025 R-ANG (0.02)
L-MTG (0.16) R-MTG (0.39)
R-ANG (0.31)
L-MFG (0.95)
14 34 64 1 12 i ) R-STG (0.24)
L-IFG (0.05) 35 68 50 18 15 RSMG (006)
L-IFG (0.85) R-MOG (0.01)
15 54 37 13 B vrc (015 R-ITG (0.00)
L-PICG (051) 36 31 53 37 14 2'2"FFGG 806%7)
16 65 2 13 5 FocG 029 e
- L-STG (0.14) R-MFG (0.84)
L-IFG (0.06) 37 51 27 40 14 R-IFG (0.11)
oo 00 R-PICG (0.05)
17 -70 -32 8 5 w6 039 R-POCG (0.49)
38 65 -6 39 14 R-SMG (027)
L-MTG (0.72) R-PICG (0.24)
L-ITG (0.16) REMG 0
X - L-MOG (0.09 : '
18 64 62 2 B ANe ((0.03)) 39 68 33 3% 15 RANG (0.29)
L10G (0.00) R-STG (0.06)
R-ANG (0.62)
L-IFG (0.82) 40 58 68 27 16 R-MOG (0.37)
19 -46 54 -3 11 L-IOFG (0.18) R-MTG (0.01)
L-MFG (0.01)
R-MFG (0.88)
L-IFG (056) 4 3 34 50 ¥ Rsre 012)
L-STG (0.31)
20 -56 2 2 6 LiorG (008) R-PICG (0.55)
LPICG (005) 2 52 6 52 15 R-MFG (0.36)
R-PoCG (0.09)
L-MTG (0.77)
2 -70 -15 7 13 } R-SMG (0.98)
L-STG (0.23) 43 64 % 51 15 Rpoce 002
L-MTG (0.60) R-ANG (0.95)
22 68 47 10 Y 16 (040) 4 60 -56 44 16 RswmG (0.05)
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3.2.9

3.2.10

Analysis of fNIRS data

The conversion of the detected optical intensity based on the MBLL and the
signal preprocessing (i.e., temporal fitting, filtering, and epoch making) were done
identically as mentioned above (see 3.2.3). The motion artifacts were then
managed by rejecting the affected epochs using the adaptive rejection algorithm.
Similar to the datasets (see 3.2.2) used in developing the algorithm, the current
dataset had been analyzed before; thus, the information of visually rejected epochs
was available. While the above optimization of algorithm variables aimed to
reproduce statistical results (see 3.2.6), the optimization objectives could be easily
modified, and the current optimization objective was to obtain the highest
rejection accuracy compared to the visual judgment. The optimization process
revealed the optimum algorithm variables with single noise criterion (i.e., criterion
3) and the criterion threshold of 3 x IQR. These optimum algorithm variables
resulted in 96.1% rejection accuracy, and the high rejection accuracy was achieved
even without the predetermined acceptance rate. In order to maintain the similarity
of data number, channel-wise signals underwent excessive epoch rejection (> two
epochs) were excluded in the further analysis. The baseline epoch fitting and

activation analysis were performed only for the remaining epochs (see 3.2.3).

Dataset features

Dataset features were extracted from behavioral performances and brain
measurements. While performing the GNG task, there were five features
indicating subject’s behavioral performances — (1) accuracy of go response during
the baseline interval (i.e., 1 — omission error), (2) accuracy of go response during
the stimulus interval, (3) accuracy of no-go response during the stimulus interval
(1i.e., I — commission error), (4) response time of correct go response during the
baseline interval, and (5) response time of correct go response during the stimulus
interval. Furthermore, the brain features were obtained from channel-wise (O2Hb

and HHb) activation values in the conditions of pre-administration, post-MPH,
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3.2.11

and post-placebo. Because the activation of right MFG/IFG had been prominently
reported for the GNG task (Monden et al., 2012a; Monden et al., 2012b;
Nagashima et al., 2014b; Tokuda et al., 2018), the brain features were focused on
the right hemisphere. The effects of medication and placebo administrations in
each feature were assessed against the pre-administration condition for the ADHD
and ASD-comorbid ADHD groups (one-sample z-test). The differences between
ADHD and ASD-comorbid ADHD group were statistically evaluated in each

feature (two-sample z-test).

Classification optimization and cross-validation

The significantly differing features between two groups would be hints of
effective classification. Therefore, only those features were used and optimized
for individual classification. Extensive optimization was done for each feature
type (i.e., behavioral and brain features). In the case of brain feature, the
significantly differing features may occur in multiple channels. Those channels
were categorized on the basis of brain regions (brain macroanatomy with the
highest probability; Table 3.5). Region-wise features were computed by averaging
activation values from significantly differing channels in the same regions.

Six operations, named simple, OR, AND, linear discriminant, quadratic
discriminant, and support vector machine (SVM) were carried out in this
optimization process. The simple operation classified subjects based on one-axis
threshold — whether the ADHD group showed greater features than the ASD-
comorbid ADHD group, or vice versa. Other operations were performed to
classify subjects based on two-axis thresholds. An axis threshold was either a
single feature or a combination of multiple features (i.e., averages of multiple
features). Therefore, the combination between accuracy response and response
time features for an axis threshold was unavailable due to different unit measures.
There was no overlapping feature between axes. In the OR and AND operations,

the axis thresholds were managed by different operations (Monden et al., 2015).
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Figure 3. 9 Binary classification with simple (A), OR (B), and AND (C) operations. From (Sutoko
et al., 2019c¢), reproduced with permission.

Several possible cases with the estimated classification axes for the simple, OR,

and AND operations are shown in Figure 3.9. Leave-one-out cross validation (32

iterations; 31 training data and 1 test data) was also simultaneously done to

confirm the robustness of classifying features. The optimum feature and operation

were determined by high validated specificity (true ADHD) — sensitivity (true

ASD-comorbid ADHD) in the training data and high accuracy in the test data. The

classification performance using behavioral performances and brain features were

then compared.

3.3 Results

A. Development of the adaptive rejection algorithm: design and feasibility

3.3.1 Effect of random rejection on false negative rate

Figure 3.10 shows the plots of statistical power (7t; 1-3) against SNR in varied
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Figure 3. 10 Rejection of random epochs in synthetic brain signal without (solid lines) and with
(dotted lines) noise models in three activation variances — (A) 0.85 as similar as the average of
real datasets (i.e., TD children with positive activation), (B) 1, and (C) 2 as the highest value in
the real datasets of TD children. Blue, green, red, cyan, and magenta plots indicate results from
randomly rejected four, three, two, one, and no epochs, respectively.

activation variances (g = 0.85, 1, 2). There are five points observed from the plots.

First, the evaluation of activation values from low SNR signals resulted in low
statistical power and high false negative rate. Second, as SNR improved, the

statistical power increased and reached a plateau at around -10 — -5 dB SNR. Third,

the low activation variance (i.e., high g) showed the increased statistical power,

and an adequate power (i.e., 80%) could be achieved by less epochs. For example,
five epochs were required at least to satisfy 80% statistical power as % was 0.85
(solid cyan line in Figure 3.10A). However, three epochs were sufficient to result
in 80% statistical power as g was set to be 2 (solid green line in Figure 3.10C).

Fourth, synthetic noises decreased the statistical power (dotted lines in Figure
3.10). These decreases become less substantial as the activation variance also
decreased (dotted lines in Figure 3.10: A vs. C). Fifth, the excessive rejection did
bring reduced statistical power, and preserving more epochs was more beneficial
for the statistical analysis. This simulation confirmed that the sufficient statistical
power could still be maintained by a small number of epochs if the rejection was
done accurately, the signal quality was adequate, and the activation phenomenon

was strong.
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3.3.2

3.3.3

Adaptive rejection algorithm application in the synthetic dataset

Without any rejection, the false negative rate was inflated up to 34%. The use
of adaptive rejection algorithm could control the false negative rate at around 18%.
Figure 3.11 shows the comparison of HRF recovery between the results of the
adaptive rejection algorithm and no rejection. The application of the adaptive
rejection algorithm could conserve the HRF (i.e., the red plot closely aligned with
the black HRF plot in Figure 3.11) better than without any rejection did. This result
suggested that the adaptive rejection algorithm could manage spikes which

frequently occurred in the baseline (77% of total synthetic noise).

Optimization of algorithm variables

Figure 3.12 shows the reproducibility results obtained during the optimization
process for each combination of algorithm variables. For the independent
optimization, the reproducibility (0-100%) was independently assessed for
ADHD training, ADHD validation, and TD validation subsets. Meanwhile, the
reproducibility for the sequential optimization ranged from 0-300% because all

datasets were examined cumulatively. Twenty-six out of 35 combinations of
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Figure 3. 11 HRF recovery from the synthetic brain signals with motion artifacts using the
adaptive rejection algorithm (red plot). Black and blue plot indicate the ground truth for HRF and
the HRF recovery without using the adaptive rejection algorithm, respectively. Shaded patches
around plots represent the standard deviation. From (Sutoko et al., 2018), reproduced with
permission.
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Figure 3. 12 Reproducibility results (y-axis) in the ADHD training (black bars), ADHD
validation (red bars) and TD validation (blue bars) datasets for each combination of algorithm
variables (x-axis) optimized using the independent and sequential (gray bars) processes. From
(Sutoko et al., 2018), reproduced with permission.

algorithm variables were able to achieve the perfect reproducibility (i.e., four
statistical inferences, see Table 3.3) in the ADHD training subset (black bars in
Figure 3.12). However, only seven combinations of algorithm variables
reproduced four statistical inferences (see Table 3.3) in the ADHD validation
subset (red bars in Figure 3.12). Different with other datasets, two statistical
inferences of the TD validation subset (blue bars in Figure 3.12) could completely
be obtained by using any combinations of algorithm variables. Besides the
different number of statistical inferences, the noise level and type were likely
divergent across datasets.

Six combinations (combinations 8, 9, 15, 16, 17, and 29) of algorithm
variables were able to obtain 100% reproducibility for all datasets. However, only
three combinations (combinations 8, 15, and 29) reproduced all statistical
inferences for all datasets (300%, gray bars with asterisks in Figure 3.12) using
the same thresholds of noise criteria. Therefore, these three combinations were
considerably robust compared to other combinations. Combinations 8 and 29 used
three criteria in detecting noises, but the acceptance rates applied on those
combinations were different. Combination 8 controlled the rejection up to three
epochs in both OB and GNG datasets, and the acceptance rate of combination 29
was heterogenous depending on the datasets (four and three epochs for OB and

GNG datasets, respectively).
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3.34

A comparison factor, namely, the rejection accuracy (i.e., factor 1), was used
to determine the most optimum combination. Among three robust combinations,
combination 29 presented the highest rejection accuracy of O2Hb epochs in both
OB and GNG datasets (i.e., combinations 29 > 8 > 15; 74.5% > 67.2% > 66.3%
in the OB dataset; 69.2% > 64.2% > 62.3% in the GNG dataset). Therefore,
combination 29 was the most optimum combination of algorithm variables.
Thereafter, the results of the adaptive rejection algorithm were based on algorithm
variables used in combination 29 and obtained robust thresholds (i.e., 0.047
mM-mm, 0.029 mM-mm/s, and 0.6 x IQR for criteria 1, 2, and 3, respectively).
By using the optimum algorithm variables and robust thresholds, the rejection
accuracies for HHb and Hb-total epochs were evaluated. The performances were
relatively similar or even better than the rejection accuracy of OHb with 75.6—
76% and 69—-77% for HHb and Hb-total, respectively. Therefore, the adaptive

rejection algorithm was applicable for any signal types.

Performances of adaptive rejection algorithm

Even though the adaptive rejection algorithm could reproduce all statistical
inferences and resulted in about 70% rejection accuracy (i.e., factor 1), the
recovery of activation waveform should be further confirmed in regard to the
results of visual judgment. Beforehand, the effect of signal types on correlations
between waveforms obtained from visual and adaptive judgments was evaluated
(i.e., factor 2). There was no significant effect of signal types (¥ = 0.02-0.74, p >
0.05, DF = 2) in both OB and GNG datasets. Figure 3.13 shows the boxplots of
correlation coefficients (r) for each group (i.e., TD and ADHD), administration
condition (pre-administration, post-medication, and post-placebo), and task (OB
and GNG). Even though some outliers were observed (i.e., cross marks in Figure
3.13), the median of correlation coefficient was greater than 0.70 for all groups,
administration conditions, and tasks (7median = 0.88 = 0.06). This result suggests

that the waveforms resulted from the visual and algorithm rejections were similar.
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Figure 3. 13 Boxplots of temporal correlation () between resulted waveforms by the visual
judgment and the adaptive rejection algorithm in datasets I (OB; filled boxes) and II (GNG; void
boxes). Cross marks indicate non-parametric outliers. From (Sutoko et al., 2018), reproduced with
permission.

Subject-average waveforms were compared in the raw data without any
rejection and processed data through the visual and algorithm rejections as shown
in Figure 3.14. No obvious spike was observed in averaged waveforms in the OB
dataset (Figure 3.14: A1-D1); however, heavy spikes were found in the averaged
waveforms of ADHD children at the pre-administration and post-placebo
conditions during the GNG performance (arrows in Figure 3.14: B2 and D2). By
rejecting noisy epochs using either the visual judgment or the adaptive rejection
algorithm, noises could be controlled in the averaged waveforms of ADHD
subjects at post-placebo condition (Figure 3.14D2). However, spikes still
remained in the averaged waveforms of ADHD children at the pre-administration
condition (Figure 3.14B2) after the epoch rejection. While the big dip at the
baseline interval at the post-medication condition (arrow pointing to magenta plot
in Figure 3.14C2) could be managed by Criteria 2, the result of the adaptive
rejection algorithm revealed another big dip at the post-stimulus interval (arrow
pointing to red plot in Figure 3.14C2).

Besides the temporal waveforms, the activation values were also compared.
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Figure 3. 14 Subject-average waveforms for TD (A1-2) and ADHD children of datasets I (A1—
D1) and II (A2-D2) in the conditions of pre-administration (B1-2), post-medication (C1-2), and
post-placebo (D1-2). Brown, magenta, and red plots indicate averaged AC, Ot L without any
rejection, with the visual judgment, with the adaptive rejection algorithm, respectively. Black,
cyan, and blue plots show averaged AC},,,, - L without any rejection, with the visual judgment,
with the adaptive rejection algorithm, respectively. Shaded patches around plots are standard
errors, while gray areas represent the stimulus interval. From (Sutoko et al., 2018), reproduced
with permission.

Figure 3.15 shows the correlations between activation values obtained from the
visual and algorithm rejections (i.e., factor 3). All correlation coefficients were
significant (Spearman’s rank correlation, p < 0.01). Despite several substantial
offsets (arrows in Figure 3.15: B1, B2, C2, and D2), the trend between activation
values resulted from the visual and algorithm rejections was similar (p > 0.69).
The offsets were also statistically evaluated (paired sample f-test), and the
alternative hypothesis was rejected (H;: offset is not equal to zero; p > 0.05,
Cohen’s d = 0.03—0.23). This result confirms the rejection similarity in activation
values, and the adaptive rejection algorithm may be a potential substitute for the

visual judgment.

B. Application of the adaptive rejection algorithm as a signal preprocessing step
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Figure 3. 15 Relationship between activation values (O.Hb, HHb, and Hb-total) resulted from
the visual judgment (x-axis) and the adaptive rejection algorithm (y-axis) for TD (A1-2), pre-
administration (B1-2), post-medication (C1-2), and post-placebo (D1-2) ADHD children in
datasets I (A1— D1) and II (A2-D2). Arrows indicate examples of substantial offsets. From
(Sutoko et al., 2018), reproduced with permission.

3.3.5 Behavioral performance

Figure 3.16 shows the boxplots of behavioral performances for ADHD and
ASD-comorbid ADHD children in each administration condition. There was no
significant difference (two-sample #-test, p > 0.05, DF = 28-30) between ADHD
and ASD-comorbid ADHD children in any behavioral performances. The effects
of groups (i.e., ADHD and ASD-comorbid ADHD), behavioral performances (i.e.,
accuracy and response time), and administration conditions (i.e., pre-
administration, post-medication, and post-placebo) were evaluated using
multivariate ANOVA and post hoc analysis. The significant effect was brought by
behavioral performances; the effects of groups and administration conditions were
null. The accuracy of go response was greater (F(2,271) = 5.67, p < 0.01) in the
stimulus interval along with slower reaction time (F(1,186) = 87.14, p < 0.001) than
those in the baseline interval. These results suggested that behavioral

performances was influenced by the task paradigm (e.g., baseline and stimulus)

65



A. Firstday pre-administration

T T T
_ 100 - S 3 J600 F
8 - BE T : + T - £
- : T >
g ﬁa - 5 1 T 55 z
< - 3 E — =
> 75+ -+ _ - ‘ I;I {300 =
o + ¥ - - £l
: 3
g + : + 3
50 1 1 1 0 =
B. Post-MPH medication
_. 100 — 3 {600 2
g T7 ﬁﬁ - 3 o £
S . o}
g s 1Y B0 @ - 8f
< - - : = - 3
> 715- - | - ; 1300 &
© _ : —
oo | ! 3
< + ‘ 3
50 1 1 1 o =
C. Post-placebo administration
T T " T
100} T - - _ .. {600 2
b T ! o £
O H B . | T QQ 7
(®) . = @
< — - ; ElE _ o
> 51 ! ‘ = {300 3
3 _ ‘
g | | : - =
3 | - ! 3
< -t + ‘ 3
50 +I 1 N 1 0 ~
ACCGo ACCGo ACCNo-Go RT Go RT Go
[Baseline] [Stimulus] [Stimulus] [Baseline]  [Stimulus]

Figure 3. 16 Behavioral performances for ADHD (gray-filled boxplots) and ASD-comorbid
ADHD (void-filled boxplots) children during the GNG task in the conditions of first-time
measurement (A), post-MPH (B), and post-placebo (C) administrations. Cross marks indicate
non-parametric outliers. From (Sutoko et al., 2019c¢), reproduced with permission.

rather than group characteristics or neuropharmacology effects. Because there was

no between-group difference observed, behavioral performances were not

included for classifying features.

3.3.6 Brain features
Figure 3.17 shows the -maps of O-Hb and HHb activations for ADHD and
ASD-comorbid ADHD children in each administration condition. There were six
highlighted points. First, there was no significantly increased O>Hb activation for
the ADHD group on the first day of pre-administration. Second, the ASD-

comorbid ADHD group revealed significantly increased O>Hb activations (#10) =

66



A. First-time B. Post-MPH C. Post-placebo
measurement medication administration
O,Hb HHb O,Hb HHb O,Hb HHb
ADHD
ASD-comorbid
ADHD
ADHD vs.
ASD-comorbid
ADHD
y t-value

- 275 0 275 55
55

Figure 3. 17 t~-maps of O,Hb and HHb activations for ADHD children, ASD-comorbid ADHD
children, and its comparisons in the conditions of first-time measurement (A), post-MPH (B), and

post-placebo (C) administrations. p < 0.05%); p <0.01"™ for Student’s t-test. From (Sutoko et
al., 2019c), reproduced with permission.

2.91-4.48, p < 0.05) in the right IFG, MFG, superior temporal gyrus (STG), and
precentral gyrus (PrCG) on the first day of pre-administration. Third,
neuropharmacological effects were distinct depending on the groups. MPH
administration resulted in significant increases of OHb activations (¢20) = 2.19—
5.14, p < 0.05) in substantial areas of the right MFG/IFG and parts of the right
PrCG, postcentral gyrus (PoCG), supramarginal gyrus (SMG), angular gyrus
(ANG), STG, and middle temporal gyrus (MTG) for the ADHD group. However,
the ASD-comorbid ADHD group revealed either null or significantly decreased
O:Hb activations (the right PrCG, f10) = -3.35, p < 0.05) in the post-MPH
condition. Fourth, the effect of placebo on increased O2Hb activations in the right
MFG was similar for both ADHD (#20) = 2.69, p < 0.05) and ASD-comorbid
ADHD (t10) = 2.49-2.57, p < 0.05) groups. Fifth, the significant HHb activations
mostly differed from the significant OHb activations in terms of group (i.e., one-
sample ¢-test against baseline/zero) and between-group (i.e., two-sample z-test

between ADHD and ASD-comorbid ADHD groups) characteristics. For example,
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the significant placebo effects were only observed in the O>Hb activations but not
in the HHb activation. Sixth, the significant between-group difference was only
brought by the MPH administration. The O;Hb activation was significantly
greater (f30) = 2.60 — 3.84, p <0.05) for the ADHD group in the right MFG, PrCG,
SMG, and ANG. The HHbD activation was also found to significantly decrease (¢:30)
=-2.86, p < 0.05) in the right PoCG for the ADHD group. Table 3.6 summarizes
the significant inferences of O;Hb and HHb activations for each group,
administration condition, and brain region. Because the between-group
differences were only observed in the post-MPH condition, those differences were

then used as classifying features.

Optimization of classifying features
The features of O2Hb activation came from seven significant activation

channels; those significant activation channels were categorized into four spatial

Table 3. 6 Summary of significant OoHb and HHb activations for ADHD and ASD-comorbid
ADHD children in the conditions of first-time measurement, post-MPH, and post-placebo
administrations. From (Sutoko et al., 2019c¢), reproduced with permission.
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features, i.e., right MFG (channels 32, 37, 41), right PrCG (channel 42), right
SMG (channels 39 and 43), and right ANG (channel 44). All optimization
operations were applied on four features of O.HDb activations. Meanwhile, the
feature of HHb activation was extracted from a single activation channel (i.e.,
channel 38). Therefore, only the simple operation was able to be performed for
optimizing the feature of HHb activation.

Table 3.7 presents the optimization results for each optimization operation and
feature (O,Hb and HHb activation features). The features of O,Hb activation
performed better by resulting in the higher summation of specificity and
sensitivity compared to the feature of HHb activation. The comparison of
classification performance among optimization operations and features was
statistically evaluated using univariate ANOVA and post hoc analysis. The SVM
operation with the optimum O;Hb activation feature of right MFG-PrCG
(channels 32, 37, 41, and 42; axis 1) and right SMG-ANG (channels 39, 43, and
44; axis 2) significantly revealed the highest specificity (94 + 3.4%). The highest

Table 3. 7 Classification performances using optimum brain features for each operation. From
(Sutoko et al., 2019c¢), reproduced with permission.

Characteristic Condition O ptimization operation Feature(s) Specificity Sensitivity Accuracy
O,Hb activation Post-MPH CH32,37,41,44 67+1.9% 100% 72%
medication g ote CH32,37,41,42 76+1.8% 91+1.7% 75%
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sensitivity (100 + 0.0%) was achieved by four combinations of OHb activation
features using simple, OR, and AND operations (see Table 3.7). The OR and SVM
operations with the optimum O;Hb activation features of right MFG-ANG
(channels 32, 37, 41, and 44; axis 1) and right PrCG (channel 42; axis 2)
contributed to the highest summation of specificity and sensitivity. Furthermore,
the linear discriminant operation with the same optimum feature presented the
highest cross-validation accuracy. Because the sample number was currently
limited, the classification error from a single sample could bring a decreased
cross-validation accuracy by around 3%. Even though the best-performing
operation was difficult to be determined, the O>Hb activation features of right
MFG-ANG and right PrCG were found to be robust across optimization
operations resulting in 86 + 4.1%, 93 + 7.3%, 82 + 1.6% (pooled variance) for
specificity, sensitivity, and cross-validation accuracy, respectively.

Figure 3.18 shows the scatter plot of O2Hb activations of right PrCG against
right MFG-ANG and the receiver operating characteristic (ROC) graphs for the
OR and AND operations. The MPH-evoked O,Hb activations of ASD-comorbid

A B MFG-ANG vs. PrCG
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Figure 3. 18 (A) O,Hb activations of right PrCG against right MFG-ANG for ADHD (black dots)
and ASD-comorbid ADHD (white dots) children with the optimum classification — green patch
(cut-off thresholds at 0.04 mM-mm and 0.016 mM-mm for axis 1 and 2, respectively), red, blue,
and black lines for the OR, linear discriminant, quadratic discriminant, and SVM operations,
respectively. (B) ROCs using the optimum two-axis features (MFG-ANG vs. PrCG) for the OR
(green curve) and AND (magenta curve) operations. Shaded patches around curves represent the
range of validation performance (minimum-to-maximum specificity and sensitivity). From
(Sutoko et al., 2019c), modified with permission.
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Figure 3. 19 Subject-average waveforms for ADHD (red and blue plots for ACy, ., * L and AC,,, - L,
respectively) and ASD-comorbid ADHD (magenta and cyan plots for ACy,,, + L and ACy,, - L,
respectively) children in the right MFG (channels 32, 37, and 41), right ANG (channel 44), and right
PrCG (channel 42). Shaded patches around plots indicate standard errors. Gray areas represent the 24-s
stimulus interval. From (Sutoko et al., 2019¢), reproduced with permission.

3.4
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ADHD group was lower than 0.04 and 0.016 mM-mm for the right MFG-ANG
and right PrCG, respectively. Figure 3.19 visualizes the subject-average AC, ., -

L and AC,;,,, - L waveforms of the ADHD and ASD-comorbid ADHD groups in
the right MFG, ANG, and PrCG (i.e., channels 32, 37, 41, 42, and 44). The

increases of AC,,,;, L during the stimulus interval was clearly observed for the

ADHD group (red plots in Figure 3.19); the ASD-comorbid ADHD group showed
insignificant changes of AC, ., - L (magenta plots in Figure 3.19) and ACy,,, - L

(cyan plots in Figure 3.19) during the stimulus interval.

Discussion
Noise correction versus adaptive rejection algorithm

Noise correction algorithms had been frequently reported offering benefits
over the noise rejection method in maintaining sufficient sample number
(Robertson et al., 2010; Cooper et al., 2012; Brigadoi et al., 2014; Hu et al., 2015;
Jahani et al., 2018). However, there are five arguments as to why the rejection
algorithm was worthwhile to be approached and developed.
First, the temporal information was also omitted under the performance of noise
correction algorithm as similar as the noise rejection method did. Noises could
occur during baseline and stimulus intervals. If baseline and stimulus signals are

dominantly influenced by noises, the excessive noise correction will be required,
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and the results may bring the heightened risk of false positive (i.e., exaggeration
of true activation) and false negative (i.e., elimination of true activation).
Furthermore, the trends of temporal courses may substantially change due to
overcorrecting results.

Second, unstable performances of noise correction algorithms were found (Cooper
et al., 2012; Hu et al., 2015). This instability might be caused by the unmatched
correction algorithms toward noise types. For example, spline interpolation
performed the best to remove high frequency spikes; however, the correction
become ineffective as eliminating the overlapped noises with true activation
signals (Brigadoi et al., 2014; Chiarelli et al., 2015; Hu et al., 2015). The
optimization of correction performance should be personalized (Brigadoi et al.,
2014; Vinette et al., 2015). Furthermore, the performance of PCA depends on the
noise types and the parameter of variance elimination (e.g., 80%). There is no
optimum way to determine the best parameter of variance elimination. PCA is
performed on the basis of the assumption of uncorrelated components (Zhang et
al., 2005; Kohno et al., 2007; Katura et al., 2008). However, this assumption is
likely be violated as the true activation and noises are convolved, and brain
activation is confided in networks.

Third, some noise correction methods requires multiple signal sources. Even
though the removal of physiological noises had been demonstrated using the
single-channel ICA method (Aarabi et al., 2016), the decomposition of motion
artifacts still required the multichannel measurement (Virtanen et al., 2009;
Schelkanova et al., 2012; Tanaka et al., 2014). The performance efficiency will be
likely reduced, if the number of independent components is more than the
available signal sources (Djuwari et al., 2006).

Fourth, the performance of noise correction algorithms in an almost real-time
application is still limited. The real-time application for ICA has been attempted
(Esposito et al., 2003); however, this application was hindered by low data

availability, limited computation time, and variances of brain signals (Soldati et
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al., 2013).

Fifth, the performances of noise correction algorithms have been confirmed for
the HRF recovery (Cooper et al., 2012; Yiicel et al., 2014); however, the regular
HRF may not be identified for the disordered children. In order to
comprehensively evaluate true activation characteristics for the disordered
children, the modified temporal courses caused by noise correction algorithms
may not be preferable.

The adaptive rejection algorithm was developed to solve five issues above.
Noise rejection may lead to the excessive loss of temporal information. However,
the adaptive rejection algorithm controlled the data loss to the tolerable level of
statistical requirement. The unstable performance due to diverse noise types and
levels could be resolved by the personalized and adaptive judgment. The adaptive
rejection algorithm may be applied on even only a channel (i.e., single signal
source) in an almost real-time application. Furthermore, the adaptive rejection
algorithm could retain the original trend of temporal course for supporting

comprehensive evaluations of disordered brain activations.

Visual judgment versus adaptive rejection algorithm

There were three factors used in comparing between results of the visual
judgment and the adaptive rejection algorithm. The rejection accuracy was more
than 70% (i.e., factor 1) with high similarity of resulted temporal courses (i.e.,
factor 2) and activation values (i.e., factor 3). All factors positively suggested that
the results of both methods were similar, and the adaptive rejection algorithm
might potentially be a substitute for the visual judgment. While the excessive
rejection (> 90%) was reported using the conventional noise rejection without the
controlled rejection rate (Cooper et al., 2012), the adaptive rejection algorithm
was able to control the maximum rejection rate to achieve the least noise level and
the sufficient statistical power. Furthermore, this algorithm provided benefits,

such as analysis speed, objectivity, and applicability for even inexperienced data
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analysts.

Even though three comparison factors generally concluded the advantages of
the adaptive rejection algorithm, the discrepancy between results of the visual
judgment and the adaptive rejection algorithm was observed in the subject level.
For example, the offsets of activation values were found to be substantial (arrows
in Figure 3.15). There are three arguments related to the reasons for these offsets.
First, the noise types differed from the noise criteria used in the adaptive rejection
algorithm. Therefore, the adaptive rejection algorithm missed to identify the noisy
epochs. Second, the number of noisy epochs was more than the maximum
rejection rate (i.e., 100% - acceptance rate). The noisy epochs still then remained.
Third, the signal quality was originally low with heavy noises in major temporal
courses. In this situation, the measurement data should not be used, and the re-
measurement is highly recommended. Note that the perfect reproducibility for
results of the visual judgment may not always be favored because the visual
judgment might be entailed by the rater’s subjectivity.

The application of the adaptive rejection algorithm is exploitable and versatile.
Thus, further applications can resolve above arguments. The algorithm provided
the bottom-up and flexible design. The current noise criteria are able to be
replaced with other criteria and different detection orders. Besides rejecting noisy
epochs, this algorithm can be applied on the real-time measurement to directly
evaluate the noise level and to contribute to a control command for either
continuing or terminating the measurement after reaching the sufficient epoch data.

Therefore, the measurement quality can be maintained in the best quality.

Optimum algorithm variables

After the optimization process, three noise criteria were optimally embedded
on the adaptive rejection algorithm. This result suggested that the noise types were
diverged across subjects. The effect of signal preprocessing (e.g., baseline

correction, filtering) on the algorithm variables was not evaluated; however, the
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significant effect of signal preprocessing was only observed in the threshold of
noise criteria 1. Therefore, the threshold of criteria 1 should be re-tuned as the
signal preprocessing is modified.

Through the sequential optimization, the robust thresholds for each criterion
were found. Even though those thresholds were applicable for training and
validation subsets, the different acceptance rates were observed for GNG (= three
epochs) and OB (= four epochs) datasets. The initial hypothesis suggested the
task-dependent effect on the algorithm variables. However, the complete
reproducibility of the TD validation subset (i.e., GNG and OB tasks) could be
achieved by either three or four epochs acceptance rates (blue bar-plots in Figure
3.12). Meanwhile, the ADHD validation subset (i.e., GNG task) only reached the
complete reproducibility (combinations 8, 9, 15-17, 29, and 30; red bar-plots in
Figure 3.12) when the acceptance rate was set to be either three epoch or none
(i.e., non-adaptative judgment). From Figure 3.14, apparent spikes were observed
in the averaged waveforms for ADHD children in the conditions of pre-
administration and post-placebo. Therefore, instead of task paradigms, the noise
level, that may vary across subjects, highly influenced the selection of algorithm

variables.

Use of adaptive rejection algorithm as a signal preprocessing step

The adaptive rejection algorithm was applied on the different dataset and
incorporated as one of signal preprocessing steps. In prior to the application, the
algorithm variable was re-optimized to reach the highest rejection accuracy (factor
I; see 3.2.7) on the basis of the visual judgment results. Here, the different
objective of optimization process was pursued and demonstrated. This
demonstration addressed the application flexibility of the adaptive rejection
algorithm. However, the optimum algorithm variables (i.e., number of criteria,
noise criteria, acceptance rate) revealed to be different to the previously found

variables during the algorithm development. This result confirmed the above logic
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that the noise level affects the optimum algorithm variables. In the new dataset
(i.e., ADHD and ASD-comorbid ADHD children), only single noise criterion was
used in the adaptive rejection algorithm without pre-set acceptance rate. The new
dataset seemingly had higher signal quality and lower noise level than the previous
datasets. In order to construct a practical utility using the adaptive rejection
algorithm, the tuning process for algorithm variables should be performed in
various datasets with heterogeneous noise types and levels. The application of
algorithm variables can be categorized depending on ranges of noise level. For
example, single noise criteria is used for relatively high quality datasets, and

multiple noise criteria are implemented on datasets with low quality.

Characteristics of ADHD and ASD-comorbid ADHD groups in inhibition
response

The comparison of behavioral performances showed insignificances between
ADHD and ASD-comorbid ADHD groups. While the performances related to
attention tasks reportedly presented significant differences between TD, ADHD,
ASD, and ASD-comorbid ADHD groups, the inhibitory performances (e.g.,
omission and commission errors) were comparable among groups (Sinzig et al.,
2008). Furthermore, the neuropharmacological effects were not pronounced in the
current behavioral performances. These results were relatively consistent with
previous results. The difference between ADHD and ASD subjects was also
reported to be insignificant in previous studies (Ishii-Takahashi et al., 2014; Tye
et al., 2014). Furthermore, ADHD/ASD children or adolescents could perform the
task equally compared to TD controls did (Kana et al., 2007; Nagashima et al.,
2014b; Ikeda et al., 2018a; Ikeda et al., 2018b).

The characteristics of behavioral performances are apparently divergent.
ADHD/ASD children or adolescents revealed lower accuracy responses (Monden
et al., 2012b; Xiao et al., 2012; Vara et al., 2014), slower response time (Alderson

et al., 2008; Xiao et al., 2012), and greater variability of response time (Smith et
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al., 2006; Alderson et al., 2008; Hart et al., 2014; Tye et al., 2014) than TD controls.
Despite the inferences of behavioral performances, functional imaging results
(e.g., INIRS, fMRI, MEG, EEG) could distinguish group characteristics better
than behavioral performances. The current results based on the brain activation
analysis was also prominent in differentiating ASD-comorbid ADHD children
from ADHD children.

The observed null activation for the ADHD group was consistent with the
previous results (Monden et al., 2012b; Nagashima et al., 2014b; Tokuda et al.,
2018). Different to the ADHD group, the TD group showed the significant
activation in the bilateral VLPFC, DLPFC (or IFG and MFQG), supplementary
motor area (SMA), anterior cingulate gyrus, inferior parietal and temporal lobes,
caudate nucleus, and cerebellum during the GNG task (Garavan et al., 1999;
Liddle et al., 2001; Menon et al., 2001; Rubia et al., 2003). The activation of right
IFG has been associated with not only the GNG task but also other inhibitory tasks
(Menon et al., 2001; Aron et al., 2003; Rubia et al., 2003; Aron et al., 2004).
Therefore, as hypothesized before, the impairment of inhibitory response for
ADHD children closely related to the brain dysfunctions particularly in the right
IFG.

Vara et al. previously reported the broad activation in the frontal cortex for
ASD adolescents during the inhibitory process compared to the localized
activation for healthy young adults (Vara et al., 2014). However, ASD adolescents
revealed poorer behavioral performances than healthy young adults performed
(Belmonte et al., 2004; Schulz et al., 2004). Even though the evident activation
was observed for the ASD group, contrast results were also observed. Compared
to the TD group, the ASD group exhibited low activation in the bilateral DLPFC,
left VLPFC, left premotor area, left pre-SMA, and frontal lobe during the
inhibitory SST (Xiao et al., 2012; Ishii-Takahashi et al., 2014). Those results
addressed a hypothesis of ASD neuropathophysiology related to inefficient brain

recruitment or low activation.
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3.4.6

The study of ASD-comorbid ADHD group is still limited. Chantiluke et al.
hypothesized that “the comorbidity is neither an endophenocopy of the two pure
disorders nor an additive pathology” (Chantiluke et al., 2014). In the pre-
administration time, the ASD-comorbid ADHD group showed the increased brain
activation at the right frontal lobe. The causal understanding is unclear whether
the impaired recruitment was behind the significant activation for the ASD-

comorbid ADHD group. Further studies are required to clarify this point.

Distinct MHP-evoked response in ADHD and ASD-comorbid ADHD group

The strategic treatment for ASD patient focused on the management of
comorbidity condition rather than the ASD phenotypes (Davis et al., 2012;
Santosh et al., 2016). For the case of ASD-comorbid ADHD children, common
ADHD medications (e.g., psychostimulants and non-stimulants) (Davis et al.,
2012) are often prescribed. Only 34% ASD diagnosed children take medications
to ease symptoms (Frazier et al., 2011). MPH has been well used for treating
ADHD symptoms. Symptomatic improvements (e.g., symptomatic rating scale)
were also observed for the ASD-comorbid ADHD children; yet, the respondent
rate of ADHD children (70-80%) was higher than that of ASD-comorbid ADHD
children (50%) (Greenhill et al., 1996; Greenhill et al., 2006; Frazier et al., 2011).
Furthermore, ASD-comorbid ADHD children revealed low tolerability against
medication doses and side effects (Frazier et al., 2011). According to the improved
symptomatic rating scales, MPH was suitable to manage symptoms for both
ADHD and ASD-comorbid ADHD children (81.8% respondent rate based on total
hyperactivity and inattentive rating scale). Note that the current dataset was
limited.

The MPH-evoked responses brought the increased O.Hb activations in the
right IFG/MFG and parietal cortex for the ADHD group. While the MPH effect
on right IFG/MFG was frequently reported (Monden et al., 2012a; Monden et al.,

2012b), the parietal activation was rarely observed (Nagashima et al., 2014a) due
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3.4.7

to selective MPH effects on the dopamine pathway (prefrontal and striatal regions)
(Faraone et al., 1998; Bymaster et al., 2002). Medication history and
pathophysiology may influence the neuropharmacological effect on brain
activations. The current dataset only included medicated-naive children being
more prone to any medications, and the MPH effects were distinct between ADHD
and ASD-comorbid ADHD children. In contrast with ADHD children, the
decreased activation was found in the right hemisphere for the ASD-comorbid
ADHD children. This result may suggest the different MPH mechanisms between
ADHD and ASD-comorbid ADHD children.

Inhibitory responses in the right IFG may specifically relate to the cue
recognition regardless of the involvement of inhibition output (e.g., motor
response) (Hampshire et al., 2010; Aron et al., 2014). Even though the activation
of right IFG and symptomatic rating scale were modulated by the MPH
administration, the improvement of behavioral performance (e.g., accuracy and
response time) was not expressed by ADHD children. The insignificant
improvement was also observed for ASD-comorbid ADHD children (multivariate
ANOVA; administration and pathophysiological status). The placebo effect was
failed to reject in behavioral performances (Monden et al., 2012b; Nagashima et
al., 2014b; Chantiluke et al., 2015). Therefore, neuroimaging-based analysis is a

sensitive measure in evaluating pathophysiology and neuropharmacological effect.

MPH-evoked response as a differential feature

The anti-correlated relationship between increased O,Hb and decreased HHb
has been frequently assumed following the neurovascular coupling theorem
(Obrig et al., 2000b). In the current results, the significant increases of O.Hb
activations were more prominent as similar as previous studies (Monden et al.,
2012b; Ishii-Takahashi et al., 2014; Nagashima et al., 2014b) and found in the
different but adjacent channels (see Figure 3.17) of significant HHb deactivation.

Furthermore, the inconsistent effect of cerebral blood flow change on HHb signal
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was reported compared to the robust and profound O>Hb signal. Therefore, the
current results may support the latter theorem which contributes to the minimum
HHD significance and the shifted regions of HHb deactivation.

The MPH effect on brain activation reflected the most evident differences
(e.g., great statistical power) between ADHD and ASD-comorbid ADHD children.
Therefore, the optimum classifying features were obtained from the MPH-evoked
O2Hb activations. The diagnostic robustness have been improved by optimizing
spatially categorized features. Without the spatial categorization, the selected
optimum features were spurious across optimization operations (Table 3.8).

Three optimum and robust regions, including the right MFG, ANG, and PrCQG,
were found to differentiate ASD-comorbid ADHD children from ADHD children.
In order to confirm the dependency between regions, the analysis classification
was performed using activation values of those regions as three-axis features for
linear discriminant, quadratic discriminant, and SVM operations (Figure 3.20).
However, there was no noticeable improvement, and the decreased classification
performance (i.e., sensitivity and specificity) was even observed. Therefore, the
dependent relationship between right MFG and right ANG was confirmed. The
MFG-ANG relation might be explained by the attentive frontal-parietal network
(Chochon et al., 1999; Peers et al., 2005; Rivera et al., 2005). The attention domain

should not be neglected in the inhibitory control task because this domain is

Table 3. 8 Classification performances using non-spatially categorized brain features for each
operation. From (Sutoko et al., 2019c), reproduced with permission.

Characteristic Condition Optimization Feature(s) Specificity Sensitivity Accuracy
operation
O,Hb Post-MPH Simple CH 37,43, 44 86+ 1.4% 91+1.7% 84%
activation medication CH 32,37,39, 41, 44
OR operation (Axis 1) 86 + 1.4% 100% 84%

CH 42 (AXis 2)
CH 37, 41, 42, 44 (Axis 1)

AND operation CH 32, 43 (Ais 2) 86+ 1.4% 100% 84%
Linear discriminant gﬂ ig (17)’(;5‘22')44 (A1) gg 1 17% 84+ 7.2% 72%
Qe GTREMED  wiam e
i L;EE?:G"E“” g: i;'(f;dglz')‘m (A1) 991 250 87 + 6.3% 69%
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Figure 3. 20 Comparisons of classification performances between two- (MFG-ANG vs. PrCG;
gray-filled boxplots) and three-axis (MFG vs. ANG vs. PrCG; void-filled boxplots) features using
linear discriminant, quadratic discriminant, and SVM operations. p < 0.050); p <0.017; p
< 0.0001""* for paired-sample t-test. From (Sutoko et al., 2019¢), reproduced with
permission.

necessitated to recognize the inhibitory targets and cues (Murphy et al., 1999;
Keilp et al., 2005; Reynolds et al., 2006). Besides the inhibition and attention
domains, the motor domain (i.e., arm and hand movements) might also be linked
with the inhibitory response via the PrCG activation. The difference of motor-
related activations (i.e., pre-SMA) between TD and ADHD children was observed
during the GNG tasks (Suskauer et al., 2008). Impaired PrCG connectivity was
also found in ASD children (Nebel et al., 2014).

In summary, MPH intake modulated functional domains of inhibition,
attention, and motor by increasing O,Hb activation for ADHD children; however,
ASD-comorbid ADHD children experienced null O;Hb activation. By giving only
one-time MPH prescription, the differential diagnosis could be efficiently done by
a support of fNIRS measurement. The MPH administration to ASD-comorbid

children was also harmless, and this is commonly advised by clinical doctors.
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3.4.8 Limitations

3.5

In this chapter, two limitations were described. First, disordered populations
(ADHD, ASD-comorbid ADHD) were studied. Many understandings, including
the relationships among demographic characteristics, behavioral performances,
brain  measurement  results,  pathophysiological  hypotheses, and
neuropharmacological mechanisms, are still unknown. Therefore, the minimum
analytical assumption is preferable. However, one of noise criteria (i.e., criterion
3) tried to control the noise occurrence by evaluating inter-epoch similarity.
Previous study reported that subjects with ADHD tended to show high inter-epoch
variability (Klein et al., 2006; Martino et al., 2008; Buzy et al., 2009; Gmehlin et
al., 2014). As the design of the adaptive rejection algorithm is flexible, criterion 3
can be changed with a more suitable criterion in future applications. Second, the
current findings were entailed by the disadvantages of limited sample number. In
order to acquire more robust algorithm variables for the adaptive rejection
algorithm, a greater sample number is required for the process of variable re-
tuning. Furthermore, in the biomarker development, the most well-performed
operation was difficult to determine because the cross-validation accuracies were
similar between operations. By providing a greater sample number, the obtained
classifying features are likely more robust for managing a higher degree of subject

variability.

Conclusion

In this chapter, the adaptive rejection algorithm was developed, and its
practical use was confirmed in the human datasets. This algorithm particularly
managed noises occurred during the measurement of block-design paradigms. The
concept of noise rejection with maintained sample number was proven if only the
signal quality was relatively good, and the activation phenomenon was
sufficiently strong. Furthermore, the optimization process was done, and the

implementation of optimum algorithm variables was able to mimic the results of
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the conventional visual judgment. The application of the adaptive rejection
algorithm was explored as a signal preprocessing step in a different dataset. The
algorithm variables were re-tuned, and its application for a signal preprocessing
step was promising because it supported the investigative analysis of differential
diagnosis biomarker. The well-performed biomarker (86 + 4.1% specificity, 93 +
7.3% sensitivity, and 82 + 1.6% cross-validation accuracy) was found based on
the distinct MPH-evoked O2Hb activations in the right MFG-ANG and the right
PrCG during the GNG task. ADHD children revealed the evidently modulated
activation, whereas the decreased activation was observed for ASD-comorbid

ADHD children.
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4.1

Static Functional Connectivity Analysis for Task Performance: Its
Benefits Compared to Activation Analysis’
Introduction

The fNIRS datasets coming from ADHD children were commonly analyzed
on the basis of the activation analysis. However, another analysis, named the FC
analysis, provides a perspective of brain network — how intra- and inter-regions
functionally connect and communicate to each other. In general, the FC analysis
was categorized into static and dynamic FC analyses. In the static FC analysis,
FCs are assumed to be in a stationary condition across the entire temporal course
(Biswal et al., 1995). Meanwhile, the dynamic FC analysis offers a point a view
of temporarily and dynamically shifted connectivity states [see (Hutchison et al.,
2013; Preti et al., 2017) for reviews]. The static FC analysis is focused on this
chapter; the next chapter (i.e., Chapter 5) discussed the dynamic FC analysis for
fNIRS measurement data.

The static FC analysis has been widely implemented on fMRI studies during
the RS (Bohland et al., 2012; Cheng et al., 2012). The static FC characteristics
were reported to be prominent in diagnosing ADHD (Uddin et al., 2017). By
applying static FC characteristics during the RS, a high classification performance
(80—86% accuracy) was obtained. An aggregate ADHD dataset was collected from
multiple sites, and that dataset consisted of more than 900 subjects (Consortium,
2012). That dataset included the demographic information and the fMRI
measurement data during the RS. From that dataset, ADHD (and its subtypes)
characteristics were explored to develop accurate, effective, and robust diagnostic
biomarkers. The classification performance for three ADHD subtypes (i.e.,
inattentive, hyperactivity, and both) using FC features was widely distributed from
37.4-60.5% accuracy (47.8% on average). Even though those biomarkers were

100%
3

relatively promising (i.e., classification accuracy > ), the most well-

+

The work in Chapter 4 has been published in a journal article (Sutoko et al., 2019b).
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performed biomarker with 62.5% accuracy solely used the demographic
information, including age, gender, handedness, and full-scale 1Q, without any
brain imaging feature (Brown et al., 2012). These results were unexpected, and
the robustness of RS FC features was then argued. This robustness lack may be
caused by motion artifacts reducing the measurement quality (30— 50% failure
rate) (Vaidya et al., 1998; Durston et al., 2003) and the uncontrolled nature of RS.
Despite the low task demand of RS, intra-subject variability was found to be high,
and the test-retest reliability was considerably poor (Lang et al., 2014). In order to
solve this robustness lack, two strategic plans were performed.

First, instead of fMRI measurements, fNIRS measurements was carried out.
Besides better motion tolerance, fNIRS also offers superior temporal resolution
compared to fMRI (100 ms vs. 2-3 s). High temporal resolution is favorable for
the FC analysis because signals accommodate more temporal information. The
reliability of the static fNIRS FC analysis has been assessed through its
comparison to the static fMRI FC analysis. From the simultaneous fMRI and
fNIRS measurements, the similar static FCs in the bilateral primary motor regions
were observed during the RS (Duan et al., 2012). The RS network obtained from
the static fNIRS FC analysis was well-correlated with the network derived from
the static fMRI FC analysis (Sasai et al., 2012). The reliability and reproducibility
of the static fNIRS FC analysis were confirmed in multiple intra-subject
measurement (Zhang et al., 2011; Niu et al., 2013) and various instrumentation
(Niu et al., 2011). These results suggested that the application of the static FC
analysis on fNIRS measurement data is plausible.

Second, the measurement protocol was modified by performing tasks during
the fNIRS measurement. The performance of tasks controls task-evoked responses
and narrows intra-subject variability. However, the task-based FC analysis is
infrequently approached because of its more demanding protocol for a prospective
cohort study. Even though incorporating tasks in a fNIRS cohort study may be

technically challenging, this protocol is executable by supports of all research
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421

elements.

Therefore, in this chapter, TD and ADHD characteristics during the visual
attention OB task were evaluated based on the task-based FC analysis. While the
activation analysis inferred the hypoactivation in the right IFG/MFG and the right
SMG/ANG for ADHD children (Nagashima et al., 2014a; Nagashima et al.,
2014c), the relationship between results of activation and task-based FC analyses
would also be explained here. Because the task performance followed the block-
design paradigm, the temporal course was categorized into baseline and stimulus
intervals. The static FCs may differently correspond to each interval for
TD/ADHD children or even both. The development of screening biomarker was
also aimed for, and the effectiveness of activation- and FC-based biomarkers was

then evaluated.

Materials and methods
Subjects and experimental design

The current datasets were acquired from two independent datasets that had
been previously analyzed and reported (Nagashima et al., 2014a; Nagashima et
al., 2014c). A dataset with 22 ADHD children was also used in developing the
adaptive rejection algorithm (Sutoko et al., 2018) (Chapter 3; see 3.2.2). In total,
the data from thirty-seven ADHD children (31 boys; 9.7 + 2.0 years old)
diagnosed by DSM-5 were included in this chapter. The children were non-
medicated naive with two prescribed medications (22 and 15 children consumed
MPH 27.0 £ 10.8 mg and ATX 27.0 £+ 16.0 mg, respectively). Twenty-one children
also simultaneously revealed ASD symptoms; and they were defined as ASD-
comorbid ADHD children. The comorbid epilepsy condition was found in a 9-
year-old girl; her data was excluded in the current analysis. Both ADHD and ASD-
comorbid ADHD children were then defined as the disordered children. The data
of 23 TD children (15 boys; 9.8 + 1.9 years old) from two datasets were also used
in this chapter. TD children (107.0 £ 12.2) had significantly higher 1Qs (¢57)=3.72,

86
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p <0.05, Cohen’s d = 0.99) than disordered children (95.8 £+ 10.8).

The experimental design adopted the randomized, double-blind, placebo-
controlled, and crossover study — as same as the experimental design described in
Chapter 3 (see 3.2.2 and 3.2.8). However, in order to evaluate the potential of
screening, only data without any interventions (i.e., the first measurement session
at the first day measurement after wash-out period) were subjected to the current
analysis. Those children performed the OB task (Nagashima et al., 2014a;
Nagashima et al., 2014¢) while their brains were measured using the multichannel
fNIRS system (ETG-4000, Hitachi, Ltd., Japan). The task paradigm and probe
configuration (i.e., two-plane probes on bi-hemispheric lateral prefrontal-to-
inferior parietal lobes) were same as detailed above (see 3.2.2).

Behavioral parameters (e.g., response time, error rate) were recorded during
the task performance, and the results have been previously reported (Nagashima
et al., 2014a; Nagashima et al., 2014c). TD children could carry out the OB task
faster and more attentive than disordered children. These results were indicated
by the significantly faster response time and lower omission error observed in TD
children [two-sample #-test; p <0.05; degree of freedom (DF) = 28-42]. However,
compared to disordered children, TD children may not respond more accurately
because the difference of commission error was insignificant (two-sample #-test;
p = 0.05; DF = 28-42). While the neuropharmacological effects on brain
activations were found consistent for both medications, the effect on behavioral
performances was almost null (Nagashima et al., 2014a; Nagashima et al., 2014c).
As the behavioral performances failed to classify ASD-comorbid ADHD children
from ADHD children (see 3.3.4), this chapter solely explored the potential of

screening biomarkers based on the brain measurement.

Signal preprocessing and feature extraction

As the detected optical intensity were imported to the POTATo (Sutoko et al.,

2016), it was converted to the product of Hb concentration change and optical path
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length (ACy, L, ACyyy, - L,and ACy, ;- L) (Maki et al., 1995; Koizumi et al.,

2003) following the MBLL (Delpy et al., 1988; Maki et al., 1995). In order to
control the quality of measurement, channel-wise signals with SNRs lower than

10 dB were excluded. The SNR measure was computed by below equation.

SNR = 10 log,, 20z01s iz (Eq. 6)

Sa5-5Hz

where S is the average of power spectral density within specifically assumed
neuronal activation (0.01-0.15 Hz) and noise (4.5-5 Hz) frequencies. The
remaining channels with sufficient SNRs may be affected by periodic noises with
extremely high or low amplitudes (outlier amplitudes; AC-L > u+ 30 V AC-L<
1 - 30; 1 and o are average and standard deviation of all channels, respectively).
Therefore, channels with a high number (i.e., outlier total occurrence of outlier
amplitudes) of outlier amplitudes were also eliminated. Due to this control process,
12-12.5% of total channels was rejected. Afterwards, linear fitting and filtering
(FIR band-pass filter; 0.01-0.8 Hz) were applied on the remaining channel-wise
signals to remove baseline shift and cardiac pulsation. Even though the control
process had been done, there were some possibilities that motion artifacts and/or
other noises remained untreated. The developed adaptive rejection algorithm
(Chapter 3) was useful for the activation analysis with the block-design paradigm.
However, in the current study, the FC analysis required continuous signals.
Therefore, another analytical framework suitable for the FC analysis was
developed to remove motion artifacts and other noises from continuous signals.
Thereafter, the activation and FC analyses were independently described and
implemented in the remaining preprocessed signals.
1. Activation analysis

The epoch signals were constructed by compartmentalizing the continuous

signal on the basis of 10, 3, 25, 3, and 10 s for pre-stimulus baseline, pre-

stimulus instruction, stimulus, post-stimulus instruction, and post-stimulus

baseline, respectively (Figure 4.1A; six epochs for each channel). The

88



Epoch

AC-L (mM-mm)

) 100 200 300

o
o

AC-L (mM-mm)
1)
) =)

200 ' 300
Time(s)

A
O
f
)
o
O

Activation

AC-L (mM-mm)
o

-0.5
0 13 38

Time(s)

Figure 4. 1 Signal preprocessing for activation analysis. The temporal courses (A) for all channels
were segmented to six epoch signals (B). Noisy epochs were rejected using the adaptive rejection
algorithm. Remaining epochs were averaged for each channel (C). Green, gray, and yellow
intervals represent the baseline, 3-s instruction, and stimulus intervals. The dark yellow interval
(17-38 s) indicates the activation interval. Black arrows show detected spikes. From (Sutoko et
al., 2019b), reproduced with permission.

rejection algorithm was applied on epochs with the previously optimized

algorithm variables (criterion 3 with the threshold of 3 x IQR; see 3.2.9). An

epoch was rejected in maximum (6.86% of total channels; Figure 4.1B). The

baseline epoch fitting and inter-epoch average were performed only for the

remaining epochs (Figure 4.1C). The activation analysis was done

subsequently by averaging channel-wise epoch signals from 4 s after stimulus

onset to the end of stimulus (dark yellow-colored interval in Figure 4.1C),

2. FC analysis

As mentioned above, the FC analysis required continuous signals to maintain

the temporal information. Despite the improved data quality, rejecting noise-
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affected epochs and averaging them would consequently neglect the temporal
information. Therefore, instead of rejecting epochs, noise-affected datapoints
were eliminated. One of noise types, spike, was detected by the sudden
amplitude change (> 0.1 mM-mm) from two consecutive datapoints. The
identified spikes were removed from continuous temporal data (Figure 4.2A).
Channels heavily affected by outlier amplitudes had been eliminated in prior;
however, the remaining channels might still contain datapoints with outlier
amplitudes. Thus, datapoints with outlier amplitudes were also rejected
(Figure 4.2B). The datapoint rejection was about 24.0 + 14.6% of total
datapoints across subjects. In order to compare between baseline and stimulus

connectivities, the remaining datapoints were concatenated in accordance
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Figure 4. 2 Signal preprocessing for connectivity analysis. Detected spikes were removed from
the temporal courses (A), and the recognized outlier amplitudes were also eliminated from the
temporal courses (B). The remaining datapoints were independently concatenated for the baseline
(C) and stimulus (D) intervals. Green, gray, and yellow intervals represent the baseline, 3-s
instruction, and stimulus intervals. From (Sutoko et al., 2019b), reproduced with permission.
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4.2.3

with the baseline (green-colored; Figure 4.2C) and stimulus (yellow-colored;
Figure 4.2D) intervals. Inter-channel connectivity was analyzed using
Pearson’s correlation (7) for the entire measurement, baseline, and stimulus

intervals.

ACp, * L and ACy,, - L signals underwent both the activation and FC
analyses. Furthermore, epoch and datapoint rejections were uniform for AC, ., -
L and AC,,, - L signals. Activation and connectivities values were potential
screening features. Because low-quality and noisy channels had been removed,
this may influence the inter-subject feature availability. The feature availability
should be sufficient and balanced for both TD and disordered children. Therefore,
features with low (<50%) and high imbalanced (>10%) availabilities were

excluded from the further analysis.

Classification analysis

In Chapter 3, the feature optimization for differential classification was
performed by the exhaustive manner. This way was impractical for the current
optimization because of the abundant number of feature combinations (all

44X43

combinations from features; about 5.95 x 10%%% combinations). The subject

number was also relatively small compared to the number of available features;
the risk of overfitting and the curse of dimensionality might be too substantial to
disregard. Therefore, the feature selection method was performed to reduce the
computation time and to minimize the analytical risks. In order to maintain the
essential of exhaustive optimization, the feature selection was done by the
stepwise-forward method, namely, adding features one-by-one (Hocking, 1976)
after confirming the optimum selection criteria (e.g., classification accuracy). The
cross-validation process (5-fold; 1:2 ratio of TD to disordered children in both
training and test subsets) was also embedded in the feature selection process.

Figure 4.3 summarized the process flow of feature optimization and
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Figure 4. 3 Process flow of embedded stepwise selection and classification analysis. From (Sutoko
et al., 2019b), reproduced with permission.

classification analysis. A single feature (Figure 4.3A) was statistically evaluated
to characterize the feature trend (Figure 4.3B) in the training subsets (e.g.,
disordered children inclined to show lower feature values, and vice versa).
Supervised and binary classification in accordance with the feature trend (Figure
4.3C) was performed by systematically changing the thresholds of feature values
(in steps of 0.001). In each time of varying the thresholds of feature values,
specificity (i.e., rate of true TD child) and sensitivity (i.e., rate of true disordered
child) were quantified. The threshold resulting in the highest summation of

specificity and sensitivity (Figure 4.3D) was then used to classify the test subsets
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(Figure 4.3E). This process (Figure 4.3: A—E) was repeated for any other single
feature. The feature associated with the highest summation of cross-validated and
averaged accuracies (rate of true TD and disordered children) in both training and
test subsets was appointed as the first selected feature (Figure 4.3F). Another
single feature tried to be combined with the recently selected featured (Figure
4.3G). If two or more feature were combined, those features would be averaged
(inverse of averaged Fisher-z transform for FC features). The same process
(Figure 4.3: B-E) was applied on the averaged features. All two-feature
combinations involving the selected feature at the first step were evaluated.
Among all combinations, the two-feature combination giving the highest
summation of cross-validated and averaged accuracies in both training and test
subsets were selected for the second step. This process was continued to find the
best-performing combinations of three features (i.e., the third step), and so on.

The optimization process continuously examined all feature combinations,
unless the termination condition was set. Therefore, when the stepwise summation
of training and test accuracies was 10% lower than the highest accuracy among
all steps (Figure 4.3H), the optimization process would be terminated (Figure 4.31).
Optimum features were defined as the combination of features achieving the
highest summation of training and test accuracies. Classification performances
using activation and FC features were compared to assess the potential of
screening biomarkers.

In order to confirm the usefulness of stepwise selection method, this result
was also compared to the results of three other selection methods: best-performing
single, significant between-group, and all available features. The selected feature
at the first step of stepwise optimization was designated as the best-performing
single feature. The features revealing the significant differences between TD and
disordered children were then defined as the significant between-group features.
The performances of all available features without applying any selection methods

were included as standard comparisons.
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4.3  Results
4.3.1 Characteristics of functional connectivity

O2Hb FCs well agreed with (Pearson’s correlation; » > 0.7) HHb FCs in any
intervals as shown in Figure 4.4. However, the strength of O2Hb FC was found to
be greater than that of HHb connectivity as represented by scattered points majorly
located under the diagonal line (Tyyp = To,up; Figure 4.4). The FC strength may
be affected by the signal quality (i.e., SNR); SNR for AC, ,;, - L signals was
significantly greater (one-sample #-test, p < 0.001, #116) = 3.61) than SNR for
AC,,,, - L signals.

Figure 4.5 visualizes subject-average connectivity maps in the entire
measurement, baseline, and stimulus interval. There are five highlighted points
from these results. Points 1 and 2 describe the characteristics of FCs across
baseline and stimulus intervals for the TD and ADHD groups; the differences
between TD and ADHD groups are explained in points 3-5.

Point 1, significant within-region connectivities of OHb and HHb (black
squares in Figure 4.5: A2, B2, C2, and D2) were observed in the right MFG for
both the TD and disordered groups during the baseline interval. Point 2, the TD
group revealed insubstantial changes for intra-hemispheric, inter-hemispheric,
and within-region connectivities during the stimulus interval. On the other hand,

bilateral intra- and inter-hemispheric connectivities were found to significantly
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Figure 4. 5 Maps of O,Hb (A-B) and HHb (C-D) connectivities, averaged across TD (A, C) and
disordered (B, D) children, in the entire measurement (A1-D1), baseline (A2-D2), and stimulus
(A3-D3) intervals. Black and magenta squares represent the within-region of right MFG and the
left hemispheric MFG FCs, respectively. Color bar represents the strength of connectivity ()
between two regions (i.e., channels). Cortical areas: angular gyrus (ANG), inferior frontal gyrus
(IFG), middle frontal gyrus (MFG), middle temporal gyrus (MTG), postcentral gyrus (PoCQ),
precentral gyrus (PrCGQG), supramarginal gyrus (SMG), and superior temporal gyrus (STG). From
(Sutoko et al., 2019b), modified with permission.

increase during the stimulus interval for the disordered group. Therefore,
stimulus-evoked responses on FCs were more prominent in the disordered group

than in the TD group. This result may also suggest that the TD group relatively
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preserved the FCs in both baseline and stimulus intervals.

Point 3, even though the disordered group showed strong within-region
connectivity (black squares in Figure 4.5: B2, D2, B3, D3) of right MFG during
the baseline and stimulus intervals, the FC strength was still weaker compared to
that of the TD group (some channels in right MFG, black squares in Figure 4.5:
A2-D2 vs. A3-D3, two-sample #-test, p < 0.05, ta7—s0= 2.34-3.08). Point 4,
besides the within-region connectivity of right MFG, the connectivity between the
right MFG and the right MTG was found to be weak for the disordered group
during the stimulus interval. Point 5, left intra-hemispheric connectivity (left MFG,
magenta squares in Figure 4.5: B2 vs, B3 and D2 vs. D3, one-sample #-test, p <
0.05, f(17-34) = 2.08-4.58) increased during the stimulus interval for the disordered
group. By referring to points 2—5, the disordered groups experienced impairments
in connectivity maintenance across the baseline-stimulus interval and weak right

MFG-related connectivity.

Optimization of feature selection

Stepwise optimization results for both training and test accuracies are shown
in Figure 4.6. Four points are summarized from those results. First, the training
accuracies drawn from activation features were significantly low compared to
those of FC features in all intervals (76% vs. 88% on average; one-way ANOVA;
F.16 = 30.2-33.8; 7> = 0.85-0.86; p < 0.001). Second, there was no effect of
feature observed on the test accuracies (one-way ANOVA; F316) = 2.2-2.3; 5* =
0.3; p>0.05). Even though the averages of cross-validated test accuracy using FC
features were greater than those of using activation features (75-78% vs. 83—
91%), the variances were found to be high. Therefore, the null hypothesis (Ho: no
effect of feature on the test accuracy) was failed to reject. Third, among
connectivity intervals, the lowest performance for training accuracy was brought
by the O2Hb FC features from the entire measurement interval (one-way ANOVA;
Fsoay=4.2; 5 = 0.47; p < 0.01). Fourth, the difference between O,Hb and HHb
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Figure 4. 6 Stepwise optimizations for training (magenta and cyan plots) and test (red and blue
plots) classifications using activation (A) and FC features in the entire measurement (B), baseline
(C), and stimulus (D) intervals of O,Hb (A1-D1; magenta and red plots) and HHb (A2-D2; cyan
and blue plots). Shaded patches around plots represent standard errors. Dashed vertical lines
indicate the optimum step giving the highest summation of cross-validated training and test
accuracies. From (Sutoko et al., 2019b), reproduced with permission.

connectivity on the training and test accuracies was only observed if those FC
features were from the entire measurement interval (Figure 4.6: B1 vs. B2; HHb
> O;Hb; two-sample t-test; #s) = 2.7-7.7; Cohen’s d = 1.7-4.9; p < 0.05). In
summary, despite the limitation of high variance in the measure of test accuracy,
all points addressed the superiority of FC features in purpose of group
classification. These results were unlikely caused by the number of selected
features (12—17 vs. 8-23 features for activation and FC features, respectively).
Even though the availability of FC features was much greater than that of
activation features, the number of selected FC features was moderate, and those
features resulted in better classification performances than the activation features
did.

To evaluate the benefit of stepwise selection method, the optimum training
and test accuracies were compared to those of other methods, such as best-

performing single, significant between-group, and all available features. As shown
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in Figure 4.7, using all FC features would not improve the performances of
training and test accuracies. Therefore, the feature selection method is necessary
especially for the high number of classifying features (i.e., FC features). The
comparison between performances of the best- performing single feature and the
significant between-group features was majorly found to be insignificant for both
training and test accuracies (Tukey-Kramer post hoc analysis). Furthermore, the
training performances of the stepwise selection method were significantly the
highest among feature selection methods (one-way ANOVA; F3,16) = 7.6—170.0;
p <0.01). The benefit of feature selection methods was also substantial for the test
accuracy (one-way ANOVA; F3,16) = 3.7-35.3; p > 0.05), but the advantages were
not specifically observed for the stepwise selection method. The issue of high
variance was still observed; the variance of test performances resulted from the
stepwise selection method was relatively lower though. The limited sample

number may be a reason.
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Figure 4. 7 Comparisons of classification performances (void- and color-filled boxplots for cross-
validated training and test accuracies, respectively) between feature selection methods, such as
optimum stepwise features (magenta boxplots), best-performing single feature (red boxplots),
significant between-group features (blue boxplots), and all available features (black boxplots).
Black brackets indicate the significant difference of classification performance between two
methods (Tukey-Kramer post hoc analysis).
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According to above results, the FC features were more superior than the
activation features, and the stepwise selection method was beneficial particularly
in the training performances. Thereafter, the optimum features are focused on the

FC features.

4.3.3 Performance of optimum functional connectivity features

Besides the classification accuracies, the performances of specificity and
sensitivity were assessed. The well-performing features should offer both high
specificity and sensitivity (i.e., measure of separability). As varying the thresholds
of feature values (e.g., OoHb and HHb FC features in all intervals) during the
training process, specificity and sensitivity were quantified across 5-fold cross-
validation as shown in ROCs of Figure 4.8. The measure of area under ROCs was
also calculated. Table 4.1 summarizes the measures of training and test
performances. The effects of connectivity intervals and signals types were
significant on specificity, sensitivity, and area under ROC for training subsets
(one-way ANOVA; F(s24) = 5.3-14.7; n* = 0.52-0.75; p < 0.01). The significant
effects were also present in the differences between specificity and sensitivity
(one-way ANOVA; Fs4)=4.48; n? = 0.48; p <0.01). However, those effects were
not observed for test subsets (one-way ANOVA; F(s24) = 0.4-1.7; #* = 0.07-0.26;
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Figure 4. 8 ROCs resulted from varying optimum O,Hb (red curves) and HHb (blue curves) FC
features in the entire measurement (A), baseline (B), and stimulus (C) intervals. From (Sutoko et
al., 2019b), reproduced with permission.
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Table 4. 1 Summary of classification performances in the training and test datasets using O,Hb
and HHb FCs in the entire measurement, baseline, and stimulus intervals

FC (entire measurement) FC (baseline) FC (stimulus) Statistic

0,Hb HHb O,Hb HHb 0,Hb HHb result

Training subsets

Specificity 69.5+2.3% 82.4+£4.1% 74.3+7.8% 78.6+5.7% 83.0£6.5% 95.6+2.5%() ng‘gzjbi7
Sensitivity 94.441.9% 94.5+1.9% 94.4+1.9% 94.5+1.9% 943+32%  86.2%4.1%™ F{;fg}é?f
Area under ROC 78.5+2.1% 83.6£2.2% 79.9%3.6% 86.2+2.8% 84.5+3.7% 85.3+3.4% FS<ZL(‘)):0513
Test subsets

Specificity 69.3+10.9% 80.0+11.2% 73.6+20.3% 81.4+£18.5% 86.4+19.6% 95.0+11.2% FF)(5§46:.3.57
Sensitivity 91.4+7.8%  921+114%  94.3+7.8% 946+7.4%  943+128%  86.8%=15.3% ngi“)g_%sg

4.3.4

p > 0.05). Tukey-Kramer post hoc analysis was performed on the measures of
training performances. Among connectivity intervals and signal types, the HHb
FC features in the stimulus interval brought the highest specificity and the lowest
sensitivity. Furthermore, the discrepancy between O;Hb and HHb FC
performances (i.e., training specificity) was found for the FC features in the entire
measurement interval (two-sample #-test, #g) = 2.58; Cohen’s d = 1.6; p <0.05) as
similarly implied above (see 4.3.2). Therefore, the use of either baseline or
stimulus FC features is preferable for group classification, and the use of either
O:Hb and HHb FC features during the stimulus interval may depend on the
classification demands (i.e., O2Hb FC features for high sensitivity, and HHb FC

features for high specificity)

Characteristics of classifying features

The optimum FC features for the TD and disordered groups are shown in
Figure 4.9. There are two classifying characteristics —TD > disordered groups and
TD < disordered groups. The stronger FCs for the TD group were found in the
HHb FC features in all intervals and the O;Hb FC features in the entire

measurement interval (Figure 4.9: A, B2, and C2). The opposite characteristic was

100



Al O,Hb FC Bl O,Hb FC C1 O,Hb FC

(entire measurement) (baseline) (stimulus)
1 1 1
%\ Disordered
5 3
T 05 +, o 0.5 e by 0.5
& T cut-off oo :
<] — 0.31 : cut-off
g '7' 3] . o—0O 024
g 0 027 ) — 0
S . Control
I~
-0.5 0.5 0.5
A2 HHb FC B2 HHb FC c2 HHb FC
(entire measurement) (baseline) (stimulus)
1 1 1
)
w
2 Disordered
= -
3 0.5 05 ol 0.5
E —
= "
E‘ Control
I~

-0.5 -0.5 -0.5

Figure 4. 9 O,Hb (A1-C1) and HHb (A2-C2) FC features in the entire measurement (A), baseline
(B), and stimulus (C) intervals for TD (void-filled boxplots) and disordered (color-filled boxplot)
children. From (Sutoko et al., 2019b), modified with permission.

revealed by the O;Hb FC features in the baseline and stimulus intervals (Figure
4.9: Bl and C1). The optimum thresholds were found to be around 0.2-0.3. The
different classifying characteristics were tried to be explained by the selected
optimum FC features as shown in Figure 4.10. The strong FCs for the TD group
were associated with the connectivity of bilateral frontal and left parietal lobes
(Figure 4.10: A, B2, and C2); the FCs between bilateral parietal and left frontal
lobes were related to the strong FCs for the disordered group. This finding was
consistent with the strong left intra-hemispheric FC for the disordered group as
mentioned above (see 4.3.1). The OHb and HHb FC features in the entire
measurement interval were overlapped (79-91% overlapped nodes; Figure 4.10:
Al and A2) in the right MFG, right MTG, right IFG, right PoCG, left SMQG, left
STG, and left ANG. The FCs between left ANG, right PoCG, and right MTG were
robustly found for the HHb FC features in all intervals (Figure 4.10: A2, B2, and
C2).
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Figure 4. 10 Optimum classifying O,Hb (A1-C1) and HHb (A2—C2) FC features in the entire
measurement (A), baseline (B), and stimulus (C) intervals. Cortical areas: angular gyrus (ANG),
inferior frontal gyrus (IFG), middle frontal gyrus (MFG), middle temporal gyrus (MTG),
postcentral gyrus (PoCG), precentral gyrus (PrCG), supramarginal gyrus (SMG), and superior
temporal gyrus (STG). From (Sutoko et al., 2019b), reproduced with permission.
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The difference between two classifying characteristics was caused by the
differently selected feature trend at the first optimization step. In order to confirm
the robustness of classifying characteristics, the first optimization step was
manipulated to select the optimum O,Hb FC feature in the stimulus interval with
the specific FC trend of TD > disordered groups. Figure 4.11 shows the optimum
O2Hb FC features resulted from the manipulated optimization process. The strong
FCs for the TD group were observed in the FCs between bilateral frontal and left

parietal lobes. Therefore, the optimum FC features were considerably robust.

Discussion
Attentive activation and connectivity

Based on the fMRI measurement during the OB task, healthy adolescents
revealed greater activations in the fronto-superior parietal lobes, posterior

cingulate cortex, and putamen than ADHD adolescents (Tamm et al., 2006). The
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Figure 4. 11 Manipulation result for the first step of optimization using O.Hb FC features in the
stimulus interval. Cortical areas: angular gyrus (ANG), inferior frontal gyrus (IFG), middle frontal
gyrus (MFG), middle temporal gyrus (MTG), postcentral gyrus (PoCG), precentral gyrus (PrCG),
supramarginal gyrus (SMG), and superior temporal gyrus (STG).

experiments of visual and auditory tasks on human and animal subjects inferred
the increases of transient event-related activations in the bilateral MFG, inferior
parietal lobe, and inferior part of posterior cingulate gyrus (Paller et al., 1992;
McCarthy et al., 1997). According to the current results, the disordered group
showed low activation in the right MFG/IFG and the right SMG/ANG compared
to the TD group (Nagashima et al., 2014a; Nagashima et al., 2014c). Both previous
and current studies suggested the activation dysfunction for the disordered
children during the performance of OB task.

During the baseline interval, the strong within-region connectivity of right
MFG was observed for the TD group. This result could imply that the within-
connectivity of right MFG may not be specifically associated with the OB task.
Instead, any attentive engagement on tasks evoked this within-connectivity.

Furthermore, there was no substantial change of stimulus-evoked FC for the TD
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group.

The disordered group revealed the stimulus-evoked increases of FC strength
in the regions aligned with the previously observed baseline FCs for the TD group.
The stimulus apparently induced the disordered group to construct FCs
approaching the TD’s FCs. However, the low FC strength was still found for the
disordered group. Subjects with ADHD are hypothesized having the impairment
of adaptive reflexive processing that are required during the OB task (Kiehl et al.,
2005). It means that those subjects encountered a difficulty of strategic adaptation
to correspond to any upcoming tasks (e.g., altered responses during baseline and
stimulus intervals). The failure in maintaining attentive FCs during the baseline
interval may be caused by this impairment. Besides, the dysfunctions of CFP
network and the right superior-inferior parietal lobes were reported for the
disordered group (Vance et al., 2007; Bush, 2010; Bush, 2011).

Even though the reason behind the failure of FC maintenance likely linked to
the impaired immediate adaptation above, another argument may be associated
with the chronic neuromodulation effect. Long-term MPH administration (> 1
year) revealed lasting improvement of behavioral performances (Huang et al.,
2012). While the effect of psychostimulants (e.g., MPH) was reported on the
stable alteration for structural and functional brains (Spencer et al., 2013), the
chronic effect of non-stimulant drugs (e.g., ATX) had not been described before.
A further assessment with longitudinal monitoring for the entire treatment course

is required.

Functional connectivity feature for a screening biomarker

The effectiveness of FC features was confirmed over the activation features
by providing better screening performances (82.8-90.6 vs. 74.6—-78.0% accuracy).
The benefit of FC features was not relied on the abundant number of available
features because the number of optimally selected FC features was comparable to

that of the activation features. Therefore, the FC features provided more profound
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characteristics of the TD and disordered groups. The activation features had been
explored to investigate its potential for screening and differential diagnostic
biomarkers. The biomarker performances was about 80% accuracy (Monden et al.,
2015; Sutoko et al., 2019c). The current classification performance using the
activation features was also about 70-80% accuracy. The previously developed
biomarker required the MPH intervention to evoke distinct medication effects on
between-group responses (Sutoko et al., 2019¢). Meanwhile, the current screening
biomarkers were technically evaluated in the least burden condition (i.e., without
any intervention) for both TD and disordered children.

The FC features was reported showing not only the well-performed
classification but also the robust classifying characteristics. The TD group
revealed stronger FCs in the right frontal, left frontal, and left parietal lobes and
weaker FCs in the left frontal, left parietal, and right parietal lobes compared to
the disordered group (Figure 4.10). One of robust FC features was found in the
FCs between the left ANG (BA 39), right PoCG( BA 3/1/2), and right MTG (BA
21/22), and those FCs were consistently observed in the attention network (Kiehl

et al., 2005; Tamm et al., 2006).

Comparison between resting state and task-based connectivity

Previous FC studies highly investigated the RS FCs using fMRI due the
minimum risk of task disengagement for disordered children. Due to the simple
experimental design, the data collection could be vastly done in three continents
(Consortium, 2012). As a result, the ADHD pathophysiology has been modeled
following the hypothesis of DMN abnormalities (Castellanos et al., 2006;
Castellanos et al., 2008; Choi et al., 2013). Those abnormalities was observed by
either decreased connectivities (Castellanos et al., 2008) between the anterior
cingulate and precuneus/posterior cingulate cortices or increased FCs (Tian et al.,
2006) between the anterior cingulate and extensive region of thalamus, cerebellum,

insula, and brainstem. Barttfeld et al. reported that numerous conscious level
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happened and shifted during the RS (Barttfeld et al., 2015). Furthermore, the
classification performance using the RS FC features was unstable, ranging from
37-86% accuracy (Consortium, 2012; Siqueira et al., 2014; Yao et al., 2018). The
reasons were the analytical factors (i.e., anti-phase correlation and seed selection),
the different populations (adolescents vs. adults) (Castellanos et al., 2009), and the
disadvantage of uncontrolled RS. In addition, the fMRI measurement quality for
pediatric studies was questioned due to heavy motion artifacts.

In order to solve the issues of uncontrolled RS and heavy motion artifacts, the
task-based FCs based on fNIRS measurements were pursued. For a brief
comparison, the classification results for both RS and task-based FC features were
evaluated. The task-based FC features performed better screening than the RS FC
features. Note that the sample number was imbalance, and unmatched
symptomatic severity levels, comorbidity types, and subtypes were found.
Therefore, the task-based FC features may as a complement or a substitute for the

RS FC features in purpose of screening biomarkers.

Limitations

Despite the promising findings of FC-based screening biomarkers, the
understanding of pathophysiological disorders (i.e., ADHD and ASD-comorbid
ADHD) was still unclear. Besides the limited sample number as mentioned above
(see 3.4.8), there was a drawback related to the protocol of data collection.
Longitudinal monitoring with medication history (i.e., from medicated-naive to
prescribed conditions) is highly suggested for the cohort study design (Bossuyt et
al., 2012; Linnet et al., 2012). The study completion requires a great effort and
dedication though. Another limitation comes from the technical factor of the
feature selection method. Even though the stepwise selection method currently
worked well, the selection was irreversible, and the risk of mistaken selection is
likely heightened in the small dataset. More advanced feature selection methods,

such as random forest and mutual information-based methods, are worth to try.
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Conclusion

In this chapter, the static FC analysis was applied on fNIRS signals during the
performance of OB task. In order to control noises, another framework for noise
removal was suitably developed for the static FC analysis. TD and ADHD children
revealed distinct FC characteristics indeed. TD children was able to maintain the
similar FCs during baseline and stimulus interval. ADHD children oppositely
showed the stimulus-evoked changes by strengthening FCs; the strength of FCs
was significantly weaker than that for TD children though. Furthermore, the
within-region connectivity of right MFG was highly associated with the attention
network. That network excited during any task performance rather than
specifically for the stimulus-evoked response. It was suggested that ADHD
children impaired in maintaining the required FCs during the baseline interval; the
stimulus may help them to re-regulate the FCs, but the connectivity strength was
still inferior compared to TD children. The results of activation and task-based FC
analyses were not positively related. The screening biomarker on the basis of the
task-based FC features was more effective than that of the activation feature by
providing more accurate classification. The task-based FC biomarkers were
specified for either FCs of right frontal, left frontal, and left parietal lobes (TD >
ADHD) or FCs of left frontal, left parietal, and right parietal lobes (ADHD > TD).
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Dynamic Functional Connectivity Analysis for Functional Near-
infrared Spectroscopy Signals During Task Performance?
Introduction

The dynamic FC analysis has been briefly mentioned above. The dynamic
concept was introduced as several connectivity states were found to alternate
across the temporal course (Liu et al., 2013). “Connectivity state” defines the
fluctuation of FC strength between two brain regions during the measurement.
Connectivity state also extensively explains the temporally altered relationships
between FCs (i.e., networks). For example, a connectivity state represented by
positively correlated ACC and negatively correlated right inferior frontal
operculum with PCC was occasionally observed during the measurement (Chang
et al., 2010). However, in another time, another connectivity state with opposite
relationships of PCC connectivity was found. Connectivity states are task-
dependent (Gonzalez-Castillo et al., 2015; Gonzalez-Castillo et al., 2018). During
the process of cognitive adaptability, frontal networks were re-configured (Braun
et al., 2015). This finding was technically impossible to be observed, unless the
dynamic FC analysis was performed. The dynamic FC analysis had been applied
on schizophrenia (Damaraju et al., 2014) and AD studies, and the developed
biomarkers based on dynamic FCs performed well compared to the static FC-
based biomarkers.

Even though the dynamic FC analysis was originally applied on fMRI
measurement data, the potential of this analysis for fNIRS measurement data has
been evaluated. Li et al. (Li et al., 2015) confirmed the feasibility of fNIRS for
detecting dynamic FCs during the RS. MCI and AD biomarkers were proposed on
the basis of abnormal RS connectivity states (Niu et al., 2019). Despite the
practicability of the RS, it has some limitations as mentioned earlier (see 4.1).

Inner experiences (Doucet et al., 2012; Hurlburt et al., 2015) (i.e., speaking, seeing,

¥

The work in Chapter 5 has been published in a journal article (Sutoko et al., 2020).
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thinking, sensory awareness, and feeling) are hardly controlled during the RS; the
comparison of intra- and inter-subject might be less reliable. Therefore, task
performances are preferably carried out to generate a more controlled
measurement environment. However, to date, the task-based dynamic FCs had not
been assessed from fNIRS measurements.

In this chapter, the dynamic FC analysis was applied on fNIRS measurement
data coming from TD and ADHD children during the performance of the GNG
task. This analysis aimed to investigate two points. First, the characteristics of
connectivity states that dynamically shifted across the temporal course of the
GNG task. In the previous chapter (i.e., Chapter 4), the static FC analysis was
introduced to examine the differences between baseline and stimulus FCs (Sutoko
et al., 2019b). By using the dynamic FC analysis, FCs during the transition from
baseline to stimulus intervals could also be evaluated; the mechanism of task
switching (baseline to stimulus) might be more clearly understood. The
observation of connectivity states and its well-grounded interpretation would
confirm the feasibility of the task-based dynamic FC analysis for fNIRS
measurements. Second, the differences between TD and ADHD children. ADHD
adolescents failed to specifically administer task-related networks but revealed
over-expressed task-irrelevant networks during the inhibition task (van Rooij et
al., 2015). Therefore, task-related and task-irrelevant connectivity states were
hypothesized in the current analysis. The differences between TD and ADHD
children may be brought by distinct occurrence probabilities of connectivity states.

These obtained differences could comprehend the ADHD pathophysiology.

Materials and methods
Subjects and experimental design

The currently used dataset included 21 medication-naive ADHD children (17
boys; 7.8 £ 1.7 years old) and 21 age-matching TD children (15 boys; 8.5 + 1.8

years old). This dataset came from two different pre-recorded datasets. ADHD-
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children data had been reported by Tokuda et al. (Tokuda et al., 2018) and Sutoko
et al. (Sutoko et al., 2019¢) in purposes of ADHD characterization and differential
diagnosis (see Chapter 3), respectively. Meanwhile, 21 TD-children data were
selected from 30 TD-children data that had been previously described by Monden
et al. (Monden et al., 2015). TD children had significantly higher 1Qs (WISC-III)
than ADHD children (two-sample ¢-test; p < 0.01; #40) = 3.27; 105.5 + 12.3 vs.
92.8 £ 12.9). An ADHD-subject data was excluded from further analysis due to
the problem of data saving (see 3.2.8).

The experimental design followed the randomized, double-blind, placebo-
controlled, and crossover study — as same as being mentioned in the previous
chapters (see 3.2.2, 3.2.8, 4.2.1). In order to focus only on the nature of ADHD
and its comparisons to TD, the current study analyzed only the data without any
interventions of medication or placebo (i.e., the first measurement session at the
first day measurement). Those children performed the GNG task while their brains
were measured using the multichannel fNIRS system (ETG-4000, Hitachi. Ltd.,
Japan). The task paradigm were same as explained above (see 3.2.2) and described
in detail elsewhere (Monden et al., 2012b; Nagashima et al., 2014b; Ikeda et al.,
2018b). The probe and channel configurations (i.e., 44 channels on bi-hemispheric
lateral prefrontal-to-inferior parietal lobes) were also same as detailed above (see
3.2.2,3.2.8).

Behavioral performances showed inconsistent results in describing the
difference between TD and ADHD children. For example, the response accuracy
of TD children was either similar or greater than that of ADHD children (Monden
et al., 2012b; Nagashima et al., 2014b). Furthermore, ADHD children were
difficult to be distinguished from TD children based on only behavioral
performances. Nevertheless, the difference between TD and ADHD children on
the basis of brain activations (i.e., right MFG/IFG) was found to be consistently
observed in any datasets. Brain abnormalities offer better understandings for

explaining TD and ADHD characteristics than behavioral performances do. Due
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5.2.2

A

to the confounding interpretation of behavioral performances, the relationships
between behavioral performances and brain features (i.e., dynamic connectivity

states) were not pursued in this chapter.

Signal preprocessing

Signal preprocessing was performed on the POTATo (Sutoko et al., 2016).
The products of Hb concentration change and optical path length (AC,,,, - L,
ACyy, - Lyand ACy, . - L) (Maki et al., 1995; Koizumi et al., 2003) were also
obtained from the detected optical intensity following the MBLL (Delpy et al.,
1988; Maki et al., 1995). Channel-wise signals (AC,, ,;, - L and ACy, - L) with
low quality (SNR < 10 dB; power ratio of 0.01-0.15 Hz to 4.5-5 Hz) were
removed (Figure 5.1A; step 1). This step eliminated about 5% of total number of
channels (i.e., total subject x 44 channels). Linear fitting and filtering (5" order
Butterworth band-pass filter; 0.01-0.8 Hz) were applied on the remaining

channel-wise signals (Figure 5.1B; 92.0 + 10.3% of 44 channels across subjects)
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Figure 5. 1 Process flow of signal preprocessing (A) and its illustrations. A raw channel-wise
signal (B) contained several spikes. After the raw signal was filtered, spikes were still remained
(black arrows in C). Spikes were corrected resulting in the relatively spike-free signal. White,
yellow, and gray intervals in B and C indicate the baseline, 3-s instruction, and stimulus intervals.
From (Sutoko et al., 2020), modified with permission.
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to remove baseline shift and cardiac pulsation (Figure 5.1A; step 2). The filtering
step unlikely managed spikes. Spikes were identified by the sudden amplitude
change (> 0.1 mM-mm) from two consecutive datapoints (Figure 5.1A; step 3). In
the static FC analysis, spikes and other noises could be removed from the affected
datapoints, and the noise-free datapoints were then concatenated (Chapter 4; see
4.2.2). However, removing datapoints was infeasible in the dynamic FC analysis
because this analysis required uninterrupted datapoints. Therefore, instead of
rejecting spike-affected datapoints, spikes (together with 1-s datapoints before and
after the spikes) were corrected using the cubic spline interpolation (third-order
polynomials; Figure 5.1A; step 4). An example result of spike correction is shown
in Figure 5.1C. However, this dataset had relatively low spike occurrences by 1.11
+ 1.69% of total datapoints across subjects, and the measurement quality was

reliable.

Dynamic functional connectivity analysis
The dynamic FC analysis adapted the sliding-window correlation (SWC)

method (Hutchison et al., 2013; Preti et al., 2017). The input of this analysis was

channel-wise preprocessed signals, and this analysis is explained in six steps as
detailed below.

1. The channel-wise preprocessed signals were correlated (Pearson’s
correlation) to each other (ch x ch) with window length of 12.0 s and window
offset of one sampling point (0.1 s) for each subject (step 1 in Figure 5.1A,
Figure 5.1B). The greater correlation coefficients (r) are observed, the

stronger FCs between channels (i.e., regions) are estimated. Total number of

dynamic FC maps (i.e., ) for each subject and signal type (AC,,;, - L and
AC,,,;, - L) is given by the total datapoints (6—7 min; 3600—4200 points) minus
the sliding-window points (12.0 s; 120 points). Twelve-second (i.e., 50% of
baseline/stimulus interval) was selected as the window length in order to

observe the transition of dynamic FC between baseline and stimulus intervals.
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Figure 5. 2 Process flow of dynamic FC analysis (A) and its illustrations. Preprocessed signals
from all channels were correlated to each other with 12.0 s sliding window length and 0.1 s
window offset (B). W (total measurement minus window lengths; in points) number of ci x ch
maps were obtained and concatenated across signal types (O.Hb and HHb) and subjects (C).
Clustering was performed afterwards (D; 2—10 clusters), and the cluster number was optimized
following the application of the elbow method on the plot of explained variance against cluster
number (E). From (Sutoko et al., 2020), modified with permission.

2. Dynamic FC maps for all temporal points, subjects, and signal types were
concatenated in 3D matrices (ch x ch x W, step 2 in Figure 5.2A, Figure 5.2C).
3. The optimization process for the number of connectivity state was required
because there was no presumed state. The optimization process was done by
trial-and-error unsupervised clustering (k-means; two to ten clusters) across
concatenated dynamic FC maps (step 3 in Figure 5.2A). However, subjects
having channel-wise signals with low SNRs would construct deficient

dynamic FC maps. Those deficient maps were temporarily disregarded in the
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optimization process. Each cluster produced a centroid map. Centroid maps
characterized attribute centers with the shortest total Euclidean distances of
within-cluster members to the centroids (Figure 5.2D). Dynamic FC maps
categorized in the same cluster were estimated to be in the same connectivity
state.

The explained variance (given as a percentage) was computed (step 4 in
Figure 5.2A) by the following equation.

TiZj|xi=Cjl =k Zjlx e —C)l
2i%jlxi=cj

Explained variance = (Eq. 7)

where x; is the multidimensional data for each subject i, Cj is the
multidimensional data of obtained centroids for each cluster j, and xx,) is the
multidimensional data for each within-cluster j member k. As cluster number
increases, the between-cluster variance decreases, and the explained variance
gradually increases (Figure 5.2E).

The optimum number of cluster (i.e., connectivity state) was determined by
the empirical method, namely, the elbow method on the plot of explained
variance against cluster number. As the cluster number increases, the
increases of explained variance become inconsiderable. This phenomenon
suggests that increasing cluster number does not improve the clustering
efficiency. The elbow method was used to figure out at which the cluster
number revealed no longer improved clustering efficiency (step 5 in Figure
5.2A) (Tibshirani et al., 2001). That cluster number was then defined as the
optimum number of connectivity state representing all dynamic FC maps.
Afterwards, all dynamic FC maps were clustered in accordance with the
optimum cluster number (step 6 in Figure 5.2A). The deficient dynamic-
connectivity maps were approximately classified into specific clusters

following the highest similarity between dynamic FC and centroid maps.
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5.24

State

Statistical analysis

Figure 5.3 shows an illustration of dynamic shift for four connectivity states
from an ADHD child over the temporal course. Labeled dynamic FC maps were
aligned to the window onset and segmented on the basis of epoch interval (10, 3,
24, 3, and 10 s for pre-stimulus baseline, pre-stimulus instruction, stimulus, post-
stimulus instruction, and post-stimulus baseline, respectively). There was no
overlapping connectivity window in either pre- or post-stimulus baseline.
Probability occurrence was defined as the probability of specific connectivity state
occurring across six epochs. Because the occurrence probability follows the
discrete probability distribution, statistical tests were performed in accordance
with the non-parametric manners. Kruskal-Wallis H test was applied on subject-
wise median values of occurrence probability across the epoch to evaluate the
effect of connectivity state. Dunn-Sidédk correction was done for a post hoc
analysis. Furthermore, Friedman test was performed to assess the effects of
connectivity states and signal types on occurrence probability. The differences of
occurrence probability between signal types were confirmed using Wilcoxon
signed-rank test, and the differences of occurrence probability between TD and

ADHD children were evaluated using Wilcoxon rank-sum test.
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Figure 5. 3 Illustration of dynamic shifting between four connectivity states (red, blue, magenta,
and black lines for states 1, 2, 3, and 4, respectively) during the temporal course. White, yellow,
and gray intervals indicate the baseline, 3-s instruction, and stimulus intervals. From (Sutoko et
al., 2020), reproduced with permission.
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5.3  Results
5.3.1 Optimum cluster number
Figure 5.4 shows the plot of explained variance against cluster number. A non-
linear positive relationship was observed. Unsupervised clustering with two
clusters contributed to about 60% explained variance, and ten clusters resulted in
93% explain variance in approximate. The “elbow” was unclearly recognized;
thus, the optimum cluster number was selected on the basis of the longest
perpendicular distance between a linear function between points of two and 10
clusters and other points. Four clusters with the explained variance of 82% were
selected as the optimum cluster number. Therefore, the number of connectivity

states was also determined to be four states.

5.3.2 Connectivity states and its characteristics
After selecting the optimum cluster number, the dynamic FC maps were re-
clustered into four states (i.e., clusters). Figure 5.5 visualizes the centroid maps

for each state. The centroid maps of the states 2 and 3 were the least correlated

100

75¢

Explained variance (%)

50

2 3 4 5 6 7 8 9 10
Cluster number
Figure 5. 4 Plot of explained variance against cluster number. According to the elbow method,

four (red dot) is the optimum cluster number. From (Sutoko et al., 2020), reproduced with
permission.
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Figure 5. 5 Obtained centroid maps for each connectivity state (A—D for states 1-4, respectively).
Color bar represents the strength of connectivity () between two regions (i.e., channels). Cortical
areas: angular gyrus (ANG), inferior frontal gyrus (IFG), middle frontal gyrus (MFG), middle
temporal gyrus (MTQ), postcentral gyrus (PoCG), precentral gyrus (PrCG), supramarginal gyrus
(SMQG), and superior temporal gyrus (STG). From (Sutoko et al., 2020), reproduced with
permission.

(Figures 5.5: B and C, Pearson’s correlation » = 0.40); the most-correlated centroid
maps were the states 1 and 2 (Figures 5.5: A and B, » = 0.85). Despite its high
correlation, the state 1 revealed weaker dynamic FCs for all possible
connectivities (ch % ch) than the state 2.

Averages of within-cluster dynamic FC maps (Fisher’s z transform) are
shown in Figure 5.6 for each state. There are five highlighted points as follows.
First, the averaged dynamic FC map of the state 1 presented strong within- (i.e.,
bilateral MFG, bilateral IFG, bilateral SMG, right ANG, right MTG, and left STG)
and between-region (i.e., right MFG — left MFG, right IFG — left IFG, intra-
hemispheric PrCG and PoCQG, left MTG — left STG) FCs (black-squared regions
in Figure 5.6A). Second, similar to the centroid maps, the most correlated of
averaged dynamic FC maps was found in the states 1 and 2 (Figures 5.6: A and B,
r = 0.87). Nevertheless, the range of averaged dynamic FC strength was stronger
in the state 2 (-0.07—0.62 and 0.22 — 0.77 for states 1 and 2, respectively). Third,
the averaged dynamic FC map of the state 3 revealed the strong FCs between
bilateral regions (i.e., MFG, SMG, ANG, PrCG) located on the midline vertex
(black-squared regions in Figure 5.6C). Fourth, the averaged dynamic FC maps

of the states 2 and 3 were the least correlated (Figures 5.6: B and C, r = 0.34).
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Figure 5. 6 Subject-average dynamic FC maps clustered for each connectivity state (A—D for
states 1-4, respectively). Color bar represents the strength of connectivity (7) between two
regions (i.e., channels). Black and magenta-squared regions represent completely and partially
strong within-region connectivities, respectively. Cortical areas: angular gyrus (ANG), inferior
frontal gyrus (IFG), middle frontal gyrus (MFG), middle temporal gyrus (MTG), postcentral
gyrus (PoCQG), precentral gyrus (PrCQG), supramarginal gyrus (SMQG), and superior temporal
gyrus (STG). From (Sutoko et al., 2020), reproduced with permission.

While the high between-state correlation may represent the similarity of dynamic
FC patterns with different ranges of FC strength, the low between-state correlation
may oppositely indicate that the dynamic FC patterns were dissimilar between
states. For example, the strong FCs between bilateral MTG and intra-hemispheric
IFG were observed in the state 2 but not in the state 3; the strong FCs of intra-
hemispheric ANG and SMG were found in the state 3 but not in the state 2. Fifth,
all possible connectivities (ch x ch) were found to be massive and strong in the
state 4. (Figure 5.6D, connectivity range = 0.52-0.92).

The characteristics of occurrence probabilities were evaluated for each state
as shown in Table 5.1. According to these results, there are five points summed
up. First, the highest occurrence probability was achieved in the state 1 for the
dynamic HHb FC (mean of 56%; median of 67%; Dunn-Sidak post-hoc analysis
of Kruskal-Wallis H test; y°;3,160 = 97.5; p < 10?°). Among O-Hb connectivity
states, the occurrence probabilities of the states 1 and 2 were significantly higher
than those of the states 3 and 4 (Dunn-Sidak post- hoc analysis of Kruskal-Wallis
H test; ¥’i160) = 51.7; p < 1071%). Second, there was no significant difference
(Dunn-Sidak post-hoc analysis of Kruskal-Wallis H test; p > 0.05) between
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Table 5. 1 Summary of occurrence probabilities for each O,Hb and HHb connectivity state. From
(Sutoko et al., 2020), reproduced with permission.

Signal type State 1 (S1) State 2 (S2) State 3 (S3) State 4 (S4) Inter-state
O.Hb X =40% X =29% X =15% X =16% S1~S2>S3~54
2 % =50% %=33% £=17% =17% 1aie0 = 517, p < 1010
HHb X =56% X =26% x=7% X =10% S1>S2>S3~54
=67% £=17% % =0% %=0% 1aie0) = 97.5; p < 102

SLiopt) < Sy S20,nb) ~ S2rb)  S3(oHt) > Sy S,y > ShHn)
z=-4. = z=

O,Hb vs. HHb 4.80 z2=1.65 2.95 z=3.08

p <106 p>0.1 p<0.01 p<0.01

X : mean and X : median

533

occurrence probabilities of the states 3 (mean of 7-15%; median of 0-17%) and 4
(mean of 10—-16%; median of 0—17%) for the dynamic O>Hb and HHb FCs. Third,
the occurrence probabilities of the states 3 and 4 for the dynamic O;Hb FC were
significantly higher (Wilcoxon signed-rank test; z = 2.95-3.08; p < 0.01) than
those for the dynamic HHb FC. Fourth, the occurrence probability of the state 1
for the dynamic O,Hb FC was significantly lower (Wilcoxon signed-rank test; z =
-4.80; p < 10°) than that for the dynamic HHb FC. Fifth, the effect of connectivity
states (Friedman test; y°3) = 144.95; p < 10-%) on occurrence probability was more

prominent than that of signal types (Friedman test; y°) = 1.65; p > 0.05).

Differences between TD and ADHD groups in occurrence probability of
connectivity state

Figure 5.7 shows the plots describing shifts of occurrence probability across
baseline, stimulus, and post-stimulus intervals for each state. Even though the
plots visualize the occurrence probabilities on the basis of subject averages, the
statistical analysis was performed on the medians of occurrence probability
between the TD and ADHD groups. The significant group effects were observed
at different intervals for each state. The TD group revealed higher occurrence
probability of the state 1 for the dynamic O>Hb FC (Figure 5.7A1; Wilcoxon rank-
sum test; z = 1.99-2.76; p < 0.05) than the ADHD group did during the stimulus
interval. For the dynamic HHb FC, the significant group effect on occurrence

probability of the state 1 was observed in the post-stimulus interval (Figure 5.7A2;
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Figure 5. 7 Dynamic shifting of averaged occurrence probabilities across TD (red plots) and
ADHD (blue plots) children during the epoch interval for each O,Hb (A1-D1) and HHb (A2-
D2) connectivity state (A-D for states 1-4, respectively). White, yellow, and gray intervals
indicate the baseline, 3-s instruction, and stimulus intervals. Shaded patches around plots
represent standard errors. Black squares denote the timepoints showing between-group
significances. From (Sutoko et al., 2020), reproduced with permission.

Wilcoxon rank-sum test; z = 1.99 ; p < 0.05). The high occurrence probability of
the state 2 for the dynamic O.Hb FC was achieved by the TD group in the baseline,
transition of baseline-to-stimulus, and post-stimulus intervals (Figure 5.7BI;
Wilcoxon rank-sum test; z = 1.96-2.68; p < 0.05). However, the group effect on
occurrence probability of the state 2 for the dynamic HHb FC (Figure 5.7B2)
depended on the intervals. For example, the ADHD group showed decreased
occurrence probability (Wilcoxon rank-sum test; z = —2.46 — —2.97; p < 0.05) in
the baseline interval but increased occurrence probability (Wilcoxon rank-sum
test; z =2.10-2.26; p < 0.05) in the brief post-stimulus interval. Furthermore, the
high occurrence probabilities of the states 3 and 4 for the dynamic O,Hb and HHb
FCs were found in a diverse time across intervals for the ADHD group (Figures
5.7: C and D; Wilcoxon rank-sum test; z = 1.96-3.18; p < 0.05). Despite the
discrepancy of group effect between dynamic O,Hb and HHb FCs across intervals,

the high occurrence probabilities of the states 1 and 2 were associated with the TD
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5.4.1

group, and the ADHD group contributed to the high occurrence probabilities of

the states 3 and 4.

Discussion
Interpretation of connectivity states

Four connectivity states were dynamically shifted during the performance of
the GNG task. The dominant bilateral frontoparietal network were found in two
connectivity states (i.e., states 1 and 2). The functionality of frontoparietal
network had been associated with attention control (Peers et al., 2005) and
flexibility (Dodds et al., 2011). As described above (see 3.4.7), the attention
domain may involve during the performance of inhibitory control tasks, including
the GNG task. Intact attention control is required to successfully recognize the
inhibitory targets and cues (Verbruggen et al., 2014; Hong et al., 2017).
Furthermore, the inhibitory performances, such as omission-commission errors
and response time, are also correlated with the function of attention control
(Murphy et al., 1999; Keilp et al., 2005; Reynolds et al., 2006). The involvement
of multiple cognitive domains during the performance of executive functions (e.g.,
inhibition process) is logically explained (Dodds et al., 2011; Erika-Florence et al.,
2014). Therefore, the states 1 and 2 were interpreted as task-related states.

The states 1 and 2 showed the similar connectivity pattern; the differences
between the states 1 and 2 came from the FC strength and occurrence probability.
The hypothesis of intrinsic-transient networks may explain the occurrence of these
states. Braun et al. postulated that the intrinsic network is at least preserved, and
the transient network accommodates the task demands (Braun et al., 2015). Both
networks are likely similar because transient networks are mainly constructed
from intrinsic networks (Cole et al., 2014). Even though this hypothesis fits to the
current finding, either intrinsic or transient states could not be easily deduced
because the difference between the states 1 and 2 solely based on the FC strength.

Furthermore, there was no clear segregation between baseline (i.e., Go blocks)
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and stimulus (i.e., GNG blocks) intervals. The insubstantial transition-evoked
change was also observed in the previous chapter (see 4.3.1) especially for TD
children (Sutoko et al., 2019b). The functional differentiation within network was
also found to be subtle as similar as a previous study (Verbruggen et al., 2008);
Menon et al. and Hong et al. reported evident differentiation though (Menon et al.,
2001; Hong et al., 2017).

Despite the strong frontoparietal network in the states 3 and 4, other networks
were also prominent. Therefore, the states 3 and 4 were concluded as task-
irrelevant states. The state 3 revealed strong FCs in the bilateral medial PFC and
ANG. Those regions had been reported having contributions to the DMN (Raichle
et al., 2001; Raichle et al., 2007). However, the frequencies of interest between
the DMN (< 0.2 Hz) and the current task-based FC (0.01-0.8 Hz) were different.
The DMN played a role for the task-negative network (Fox et al., 2005); its
occurrence was opposite to the task-related network (Cole et al., 2014). The low
occurrence probability of the state 3 (7-15% on average) strengthened this
assumption. Meanwhile, the global connectivity in all measured regions was
observed in the state 4. A global effect controls cerebral blood flow in a
widespread manner (Roy et al., 1890; Devonshire et al., 2012) rather than the
neurovascular coupling effect does localized regulations.

The disagreement between occurrence probabilities of O.Hb and HHb
connectivity states demanded some explanations. The effects of systemic
components (Franceschini et al., 2003) and blood-related change sensitivity
(Hoshi et al., 2001; Hirasawa et al., 2014) on O.Hb and HHb signals were
reportedly distinct. Furthermore, the analyzed frequency band may not be suitable
for AC,,,, - L signals. High coherence of AC,,, - L signals was observed in a
lower-frequency band than the frequency of interest for AC,,, - L signals (Sasai
et al., 2011; Fishburn et al., 2014). The mis-targeting frequency band resulted in
incorrect SNR assessment (low SNR) (Sasai et al., 2011; Fishburn et al., 2014) in

which ACy,, - L signals were eliminated more than AC,,,;, - L signals in the
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5.4.2

current analysis. This addresses the requirement for an analysis standard to more

accurately evaluate AC,;,,, - L signals.

Occurrence probability of connectivity state for TD and ADHD children

The significant group effects apparently interlocked with the temporal
information, such as baseline, stimulus, and post-stimulus intervals. These results
may suggest the different mechanisms in responding to task demands for TD and
ADHD children. The assumed task-related state 1 was found to decrease, but the
occurrence probabilities of the states 3 and 4 increased during the stimulus interval
for ADHD children. ADHD children may experience inefficient FC recruitment
which the task-irrelevant states were engaged more during the stimulus interval
instead. Furthermore, the ADHD severity had been associated with the task-
negative networks (e.g., DMN) (van Rooij et al., 2015). The interaction between
networks (e.g., task-positive, fronto-striatal, fronto-default, sensory-motor
networks) was also impaired for ADHD children (Castellanos et al., 2006;
Castellanos et al., 2008; Mennes et al., 2012; Choi et al., 2013). The previous and
current results proposed a hypothesis of abnormal FC recruitment happened in
ADHD children.

The increased occurrence probability of the state 2 in the transition interval
(i.e., baseline-to-stimulus and stimulus-to-post-stimulus) was interpreted as a
response to the task switching for TD children. During the transition interval, the
3-s instruction interval provided subjects a guide to perform upcoming blocks (i.e.,
Go or GNG blocks). The medial frontal cortex (including SMA and pre-SMA) is
responsible to task switching (Rushworth et al., 2002). The medial frontal cortex
involves in the frontoparietal network, and the state 2 also showed the strong FC
in the medial frontal cortex. ADHD subjects expressed the hypoactivation in the
SMA/pre-SMA (Tamm et al., 2004); thus, the ADHD pathophysiology may relate

to the task switching dysfunction.
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5.4.3

5.4.4

Comparison between resting state and task-based dynamic functional
connectivity

Niu et al. demonstrated the dynamic connectivity analysis based on RS fNIRS
measurement for healthy adults, amnestic MCI patient, and AD patients (Niu et
al., 2019). Even though the group effects were compared in three connectivity
states, ten connectivity states were apparently found in the clustering process. This
number of connectivity state was considerably high. Either patients brought the
numerous and abnormal connectivity states or the RS per se contributed to this
number. It has been difficult to control inter-subject consciousness level during
the RS measurement (Barttfeld et al., 2015). Performing a task may be a solution
to mitigate the subject variability during the RS. According to the current results,
four connectivity states were robustly detected, and the TD and ADHD
characteristics were observed via the occurrence probability of connectivity states.

The task-based dynamic connectivity may become a promising biomarker.

Limitations

There were three limitations in the current study. First, the limited sample
number was the real issue in this study. However, in this limited dataset, the
findings have been eminent. The suggested cohort studies (Bossuyt et al., 2012;
Linnet et al., 2012) may improve the analysis power. Second, the SWC
implemented on the current analysis influences by several variables, such as
window length, offset, and edge treatment (Shakil et al., 2016). The use of 12-s
window length was seemingly fair enough. Different window lengths (e.g., 25, 50,
and 100 s) were applied on the SWC analysis. Figures 5.8 and 5.9 show the
optimization process for clustering and the centroid maps using different window
lengths. Increasing window length did not change the optimum cluster number
(i.e., four cluster) and the explained variance parameter (82—83%, Figure 5.8).
Furthermore, the centroid maps were found to be similar using any window

lengths ( = 0.58-0.89, Figure 5.9). Even though the effect of window length
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Figure 5. 8 Plots of explained variance against cluster number for various sliding window lengths
(black, magenta, cyan, and blue plots for 12, 25, 50, and 100 s sliding window lengths,
respectively.).

5.5

variable on clustering was null, that effect on averaged connectivity state and
occurrence probability should be addressed properly. Another analysis, named
hidden Markov model, was a substitute for the SWC analysis and used to predict
the connectivity state (Vidaurre et al., 2017). There are still more rooms for
improving the dynamic FC analysis. Third, the relationships between study
findings were unclear. Hypoactivation (chapter 3), impaired network maintenance
(chapter 4), atypical connectivity recruitment (chapter 5), and dysfunction of task
switching (chapter 5) were proposed as ADHD characteristics throughout this
dissertation. The interconnected relationships should be investigated further to
evidently understand ADHD pathophysiology. By providing a validated model of
ADHD pathophysiology, a more accurate (screening and differential diagnostic)

biomarker is expected.
Conclusion

In this chapter, the dynamic FC analysis was applied on the task-based fNIRS

signals for the first time. Four connectivity states were found to alternate. Two
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Figure 5. 9 Obtained centroid maps for each connectivity state in clustering dynamic FC maps
with various sliding window lengths (e.g., 12, 25, 50, and 100 s sliding window lengths). Color
bar represents the strength of connectivity () between two regions (i.e., channels). Cortical areas:
angular gyrus (ANG), inferior frontal gyrus (IFG), middle frontal gyrus (MFG), middle temporal
gyrus (MTGQG), postcentral gyrus (PoCQ), precentral gyrus (PrCG), supramarginal gyrus (SMG),
and superior temporal gyrus (STG).

connectivity states (i.e., the states 1 and 2) were interpreted as the task-related
connectivity states displaying the strong attentive frontoparietal network. The
task-irrelevant connectivity states were assumed from the other connectivity states

(i.e., the states 3 and 4) due to the detected DMN and global effect characteristics.
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The task-related connectivity states dominantly occurred across the temporal
course. TD children mainly maintained the task-related connectivity states in both
baseline and stimulus intervals. Meanwhile, ADHD children showed the
decreased occurrence probability of task-related connectivity states in the
transition and stimulus intervals. The abnormal connectivity state recruitment for
ADHD children was suggested due to the increased occurrence probabilities of

task-irrelevant connectivity states particularly in the stimulus interval.
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Concluding Remarks

Summary

This dissertation formulated three frameworks to develop fNIRS analysis

methods for disordered children measurement and to investigate the application

of those methods on seeking potential ADHD brain-based biomarkers. Each

framework is summarized as follows:

1.

Development of noise removal algorithm to improve the conventional brain
activation analysis and its application on ADHD children data (Chapter 3).
As a substitute to the laborious visual judgment and the unstably performed
noise correction algorithms, the adaptive rejection algorithm was developed.
This algorithm aimed to provide the objective and personalized judgment in
eliminating noisy signals as well as maintaining the sample number for
sufficient statistical power and minimizing the risk of overcorrection. The
application of this algorithm was confirmed in both simulated synthetic and
children datasets (TD and ADHD). The performance of adaptive rejection
algorithm was similar (e.g., obtained waveforms, activation values, statistical
inferences) to that of the visual judgment (Sutoko et al., 2018). The algorithm
was applied on a different dataset acting as a signal preprocessing step. The
algorithm worked well resulting in a robust activation analysis that was
further explored to classify between ADHD and ASD-comorbid ADHD
children. Compared to the behavioral-based biomarkers, the brain activation-
based biomarkers were more sensitive tools for the differential diagnosis. The
brain  activation-based  biomarker = was  associated with  the
neuropharmacological effects on three functionals domains, including
inhibition (inferior and middle frontal gyri), attention (fronto-parietal lobes),
and motor (precentral gyrus) (Sutoko et al., 2019¢). The developed adaptive
rejection algorithm facilitated the signal preprocessing and supported
analyses with various objectives.

Development of analysis algorithm to extract the information of static FC
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during the performance of cognitive tasks and its application comparison to
the conventional brain activation analysis for ADHD screening biomarkers
(Chapter 4).

In this chapter, the static FC analysis was developed to support the
measurement of block-design paradigm. The static term defines that the FCs
are constant and temporally independent across the measurement course. This
analysis controlled intermittently occurred noises and specified between
baseline and stimulus connectivities. According to this analysis, a distinct
characteristic was found for TD and disordered children. TD children
maintained their brain connectivities during the baseline and stimulus
intervals. Meanwhile, ADHD children presented weak connectivities during
the baseline interval, and the stimulus-evoked responses were observed in the
increased connectivity strength. The benefit of brain connectivity was
confirmed in purpose of investigating screening biomarkers. Compared to the
activation-based biomarkers, the connectivity-based biomarkers were well-
performed by improving about 12% screening accuracy (Sutoko et al., 2019b).
Investigation of dynamic FC analysis for task-based fNIRS signals and its
insight into ADHD characteristics (Chapter 5).

Different with the static FC analysis, the dynamic FC analysis presumed that
the FCs are non-stationary and shift across the measurement course. This
chapter is a pioneering study in demonstrating the application of dynamic FC
analysis on the measurement of block-design paradigm. To accommodate the
dynamic FC analysis, intermittent noises should be managed differently. The
suitable scheme of signal preprocessing was also developed here. According
to the results, there were four connectivity states alternately shifted during the
baseline and stimulus intervals. Those connectivity states were assumed as
task-related and task-irrelevant connectivity states. The ADHD
characteristics was found in the increased occurrence probability for task-

irrelevant connectivity states, whereas the TD children was identified by the
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6.2

increased occurrence probability for task-related connectivity states that
involved the bilateral frontal-to-parietal network. These findings suggested a
neuropathophysiological theorem of atypical connectivity recruitment for

ADHD children (Sutoko et al., 2020).

Scope of future work

The analysis methods were developed to appropriately facilitate the noise
removal (e.g., noisy epoch signals or datapoints) and the analysis requirement (e.g.,
continuous or epoch signals) of various brain parameters (e.g., activation, static
FC, and dynamic FC). The usefulness of those method applications has been also
confirmed in a limited dataset though. Compared to the activation-based
biomarkers, the connectivity-based biomarkers performed better. Even though the
results were promising, clinical utilities of biomarkers based on task-based
connectivities measured by fNIRS are still premature. The translational studies
should be carried out with a support of greater datasets. Therefore, a future work
will involve a massive data collection, validation of currently obtained evidence,
and research-to-clinical transitions.

In Chapter 5, characteristics of dynamic FCs for TD and ADHD children were
revealed. However, the use of these characteristics for biomarkers has not been
investigated. Furthermore, the biomarkers explained in Chapters 3 and 4 were
developed from different tasks (i.e., GNG and OB). The clinical biomarkers
should be based on uniform and controllable brain measurements (e.g., task
performance), and a validated guideline is highly required for the clinical
application of biomarkers. Therefore, a more efficient biomarker, that may be
associated with the dynamic FC characteristics, with combined functions of
screening and differential diagnosis will be aimed in a future work.

Another prospective work is closely related to the optimization of task
paradigm to accommodate more relevant (static and dynamic) FC features. A

previous study reported that the robustness of FC features depends on the selected
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window length. The insignificant effect of window lengths on FC features was
partially confirmed (see 5.4.4). Thus, the extensive assessment is still required
together with an attempt to optimize the task paradigm without neglecting the
essential demand of short measurement time for disordered children. By doing
these milestones, validated and robust biomarkers for screening and differential

diagnosis of ADHD children are expectedly feasible for a clinical application.
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