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Abstract
The current study examined whether machine learning features best distinguishing attention-deficit/hyperactivity disorder
(ADHD) from typically developing children (TDC) can explain clinical phenotypes usingmulti-modal neuroimaging and genetic
data. Cortical morphology, diffusivity scalars, resting-state functional connectivity and polygenic risk score (PS) from norepi-
nephrine, dopamine and glutamate genes were extracted from 47 ADHD and 47 matched TDC. Using random forests, classi-
fication accuracy was measured for each uni- and multi-modal model. The optimal model was used to explain symptom severity
or task performance and its robustness was validated in the independent dataset including 18 ADHD and 18 TDC. The model
consisting of cortical thickness and volume features achieved the best accuracy of 85.1%. Morphological changes across insula,
sensory/motor, and inferior frontal cortex were also found as key predictors. Those explained 18.0% of ADHD rating scale, while
dynamic regional homogeneity within default network explained 6.4% of the omission errors in continuous performance test.
Ensemble of PS to optimal model showed minor effect on accuracy. Validation analysis achieved accuracy of 69.4%. Current
findings suggest that structural deformities relevant to salience detection, sensory processing, and response inhibition may be
robust classifiers and symptom predictors of ADHD. Altered local functional connectivity across default network predicted
attentional lapse. However, further investigation is needed to clarify roles of genetic predisposition.
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Introduction

Attention-deficit/hyperactivity disorder (ADHD) is a common
neurodevelopmental disorder that becomes symptomatic in
early childhood (Greenhill et al. 2002). A clinical diagnosis

of ADHD relies, in part, on subjective parental reporting of
behavioral problems which fulfilled diagnostic criteria.
However, many typically developing children (TDC) also ex-
hibit age-appropriate hyperactivity and inattention, which
may provide difficulty in distinguishing between normal and

Bung-Nyun Kim and Bumseok Jeong contributed equally to this work.

Electronic supplementary material The online version of this article
(https://doi.org/10.1007/s11682-019-00164-x) contains supplementary
material, which is available to authorized users.

* Bung-Nyun Kim
kbn1@snu.ac.kr

* Bumseok Jeong
bs.jeong@kaist.ac.kr

1 Department of Psychiatry, Seoul St. Mary’s Hospital, College of
Medicine, The Catholic University of Korea, 222 Banpo-daero,
Seocho-gu, Seoul 06591, Republic of Korea

2 Department of Psychiatry, Hanyang University Medical Center,
222-1 Wangsimni-ro, Seongdong-gu, Seoul 04763, Republic of
Korea

3 Division of Child and Adolescent Psychiatry, Department of
Neuropsychiatry, Seoul National University Hospital College of
Medicine, 101 Daehak-no, Chongno-gu, Seoul 03080, Republic of
Korea

4 Laboratory of Computational Affective Neuroscience and
Development, Graduate School ofMedical Science and Engineering,
Korea Advanced Institute for Science and Technology (KAIST), 291
Daehak-ro, Yuseong-gu, Daejeon 34141, Republic of Korea

5 KI for Health Science and Technology, KAIST Institute, KAIST, 291
Daehak-ro, Yuseong-gu, Daejeon 34141, Republic of Korea

Brain Imaging and Behavior
https://doi.org/10.1007/s11682-019-00164-x

http://crossmark.crossref.org/dialog/?doi=10.1007/s11682-019-00164-x&domain=pdf
http://orcid.org/0000-0001-6805-6535
https://doi.org/10.1007/s11682-019-00164-x
mailto:kbn1@snu.ac.kr
mailto:bs.jeong@kaist.ac.kr


impaired neuro-psychiatric development (Farrant et al. 2006).
Thus, considerable efforts have been made to find objective
and reliable biomarkers for ADHD.

Recent studies using advanced neuroimaging techniques
has revealed meaningful differences in both structural and
functional architecture between TDC and children diagnosed
with ADHD. Structural abnormalities have been consistently
reported across fronto-temporo-parietal and fronto-cerebellar
networks in ADHD (Carmona et al. 2005; Castellanos 2002;
Shaw et al. 2006; Silk et al. 2016). A meta-analysis of struc-
tural MRI (sMRI) studies suggested significant volume reduc-
tion in the prefrontal area, total and right cerebral brain vol-
umes, corpus callosum and right caudate nucleus in children
diagnosed with ADHD compared to TDC (Valera et al. 2007).
Indeed, Shaw and colleagues (Shaw et al. 2007a) showed
delayed cortical thinning of fronto-temporal areas in children
with ADHD compared to TDC. Similarly, alterations in white
matter integrity, such as fractional anisotropy (FA) and mean
diffusivity (MD), were consistently reported in major tracts
that link frontal, occipital, and temporal cortices, corticospinal
tracts, and commissural fibers (Chen et al. 2016; Chuang et al.
2013; Hamilton et al. 2008; Makris et al. 2008; Silk et al.
2009). These findings were corroborated by two recent
meta-analyses of diffusion tensor imaging (DTI) studies for
ADHD (Aoki et al. 2017; van Ewijk et al. 2012).

Resting-state functional MRI (R-fMRI) studies have
shown both local and large-scale differences in the intrinsic
functional network between TDC and ADHD. ADHD chil-
dren showed decreased local spontaneous activity (Li et al.
2014) as well as reduced regional homogeneity (ReHo) (An
et al. 2013; Cheng et al. 2012; Liu et al. 2010) in the medial
and inferior prefrontal cortex. Furthermore, ADHD children
had aberrant connectivity of large-scale network between de-
fault mode network (DMN) and central executive networks
(CEN) (Castellanos et al. 2008; Kelly et al. 2008), as well as
DMN and ventral attention network (Sripada et al. 2014).
Inappropriate engagement of salience network connectivity
to DMN relative to CEN was also reported in the ADHD
group (Cai et al. 2015; Choi et al. 2013).

Taken together, these findings suggest that widespread
structural and functional alterations are notably associated
with ADHD. However, large heterogeneous methods and
findings have yet to converge into a clear, overarching hypoth-
esis that displays the core pathophysiology of ADHD.
Integration of multi-modal neuroimaging data would offer
important insights into the identification of key biomarkers
and process of neural mechanism associated with ADHD
(Uludag and Roebroeck 2014). However few such studies
have been conducted for ADHD because of the complexity
in fusion of high dimensional data from a limited number of
subjects (Sui et al. 2012). Application of machine learning
(ML) algorithms may help extract key features from a large
dataset. While classification of ADHD from TDC recently

achieved accuracy of 92.8% using the ML application on
multi-modal neuroimaging data (Qureshi et al. 2016), ML
has not been applied to explore neuroimaging features that
may account for clinical symptoms of ADHD.

In addition, several studies have suggested high heritability
estimates of ADHD (Lichtenstein et al. 2010; Sherman et al.
1997; Thapar et al. 2000). Candidate single nucleotide poly-
morphisms (SNPs) associated with ADHDwere converged to
certain neurotransmitter pathway such as norepinephrine, do-
pamine and glutamate. Studies have demonstrated that such
genotypic variants played a significant role in various pheno-
types across symptom severity (Dorval et al. 2007; Kahn et al.
2003), attentional performance (Kim et al. 2016; Park et al.
2013), and brain structure and function (Fernandez-Jaen et al.
2015; Gordon et al. 2015; Hong et al. 2015; Kim et al. 2010;
Kim et al. 2018; Shaw et al. 2007b). Incorporating genetic
data into neuroimaging features has been attempted in schizo-
phrenia studies yielding higher accuracy in diagnostic classi-
fication than neuroimaging features only (Yang et al. 2010).
This study suggest that genetic and neuroimaging data togeth-
er may help us to better diagnose ADHD children, and en-
hance understading of neurobiological mechanisms of
ADHD.

The current study aimed to explore crucial biomarkers to
distinguish 47 ADHD children from 47 age and IQ-matched
TDC, using ML algorithms on multi-measures, multi-modal
neuroimaging data (sMRI, R-fMRI, DTI), and to determine
the correlation between meaningful classifiers and symptom
severity or task performance. We further examined whether
fusion of the candidate genetic profile into optimal neuroim-
aging model would increase the classification accuracy.
Finally, a validation analysis for 18 ADHD and 18 matched
TDC subjects was conducted to test generalizability of our
classification model.

Materials and methods

Participants

Participants were recruited from the study called the “ADHD
translational research center: a study for the identification of
the comprehensive pathophysiology of ADHD based on core
neurocognitive deficits and development of biological
markers of treatment response” (http://clinicaltrials.gov/
show/NCT02623114). This study included a total of 191
ADHD patients and 78 typically developing children (TDC)
aged 6–17 years at the Child and Adolescent psychiatry clinic
in Seoul National University Hospital.

All participants were diagnosed according to the
Diagnostic and Statistical Manual of Mental disorder, 4th
Edition (DSM-IV) (APA 2000) criteria by board certified
child and adolescent psychiatrists. A diagnosis of ADHD

Brain Imaging and Behavior

http://clinicaltrials.gov/show/NCT02623114
http://clinicaltrials.gov/show/NCT02623114


was confirmed with the Korean Kiddie Schedule for Affective
Disorders and Schizophrenia – Present and Lifetime version
(K-SADS-PL) (Kaufman et al. 1997; Kim et al. 2004).
Exclusion criteria for the ADHD group were as follows: (1)
an IQ < 70, (2) any hereditary genetic disorders, (3) a current/
past history of brain trauma, organic brain disorders, seizure or
any neurological disorders, (4) autism spectrum disorder,
communication disorder or learning disorder, (5) schizophre-
nia or any other childhood onset psychotic disorder, (6) major
depressive disorder or bipolar disorder, (7) Tourette’s syn-
drome or chronic motor/vocal tic disorder, (8) obsessive com-
pulsive disorder, and (9) a history of methylphenidate treat-
ment for >1 year or having taken methylphenidate in the pre-
vious 4 weeks. The same exclusion criteria were applied to the
TDC group, with another criterion that individuals must be
free of psychiatric diagnoses, including a diagnosis of
ADHD. IQ was measured using the Korean Wechsler
Intelligence Scale for Children Fourth Edition (K-WISC-IV)
(Kwak et al. 2011).

Prior to imaging data analyses, visual inspection was per-
formed to remove data with considerable artifacts in all T1-
weighted images, DTI data, and R-fMRI data by one of au-
thors (JHY). T1-weighted (T1w) images of each participant
were thoroughly examined for quality control (QC). First, one
of authors (JHY) performed visual inspection for image blur-
riness, head motion, distortion and abnormal structural le-
sions. We excluded the participants if they have any minor
distortion of T1w-images or abnormal structural lesions in-
cluding cyst, benign tumor or aneurysm. Blurriness and head
motions of images were rated as 2 classes; 1 = Acceptable
(none to minimal movement), and 2 = Unsatisfactory (mild
to severe movement). Before proceed to further analysis, a
study coordinator (B J) finally reviewed images rated as
“Acceptable” as a part of QC.

Through our visual inspection, 117 ADHD and 51
TDC participants who had defective data in any of three
imaging modalities, or missing genetic information (in
training datasets) were excluded. Of remaining partici-
pants, 27 ADHD and 8 TDC participants were further
excluded when we optimally matched each participant
(Rosenbaum and Rubin 1983) using propensity scores
on age and IQ.

Our final sample consisted of 47 ADHD and 47 TDC par-
ticipants with matched demographic features. For the valida-
tion analysis, 18 ADHD and 18 TDC subjects were selected
from independent neuroimaging data called “A cohort study
for neurodevelopmental disorder” using the same propensity
score matching procedure.

Detailed information regarding the study was provided to
all participants and parents, and written informed consent was
obtained prior to enrollment. The study protocol was ap-
proved by the institutional review board of Seoul National
University Hospital (No. 1206–054-414).

Clinical measures

Psychiatrists affiliated with the Child and Adolescent psychi-
atry clinic in Seoul National University Hospital evaluated
symptoms of ADHD using the Korean version of ADHD
Rating Scale (K-ARS) (So et al. 2002). Participants were rated
on selective attention, sustained attention, vigilance and dis-
tractibility using the Korean version of the ADHD diagnostic
system, a computerized continuous performance test (CPT)
(Shin et al. 2000). Two different types of stimuli, visual and
an auditory cues, were used to measure attentional perfor-
mance for each subject. The child’s attentional performance
was presented by 4 broadband variables: (1) omission errors
(OE, failure to respond, a measurement of inattention), (2)
commission errors (CE, false response, a measurement of im-
pulsivity), (3) response time (RT, the average response time of
the correct responses), (4) response time variability (RTV, the
standard deviation of the response times of correct responses).
All variables were presented in T-scores adjusted for age, with
lower T-scores indicating better performance.

Image acquisition

The high resolution T1-weighted structural images, DTI and
R-fMRI scans were acquired using a Siemens Trio 3 T MRI
scanner (Siemens Medical Systems, Erlangen, Germany) lo-
cated at Seoul National University Hospital. Safety of MRI
scanning was checked prior to the scan by each subject and
their parents using a checklist. During the scan, the head of
each subject was stabilized with cushions and the entire scan-
ning process was monitored by the one of the authors and a
parent.

Genotyping and polygenic risk score estimation

Based on previous research, candidate single nucleotide poly-
morphism (SNP) in three major neurotransmission pathways
was chosen for genotyping and further analyses: SNPs rele-
vant to (1) Norepinephrine receptor, transporter and catabo-
lism (rs1800544 and rs553668 in ADRA2A (Comings et al.
1999, de Cerqueira et al. 2011), rs28386840 in SLC6A2
(Sengupta et al. 2012), and rs4680 in COMT (Eisenberg
et al. 1999), (2) dopamine receptor and transporter (2-repeat
VNTR in DRD4 exon III region (Leung et al. 2005) and 10-
repeat VNTR in DAT1 (Cook et al. 1995), (3) glutamatergic
signaling pathway (rs8049651 polymorphism in GRIN2A
(Turic et al. 2004), rs2284411 polymorphism in GRIN2B
(Dorval et al. 2007), rs3792452 polymorphism in GRM7
(Mick et al. 2008), rs2269272 polymorphism in SLC1A3
(Turic et al. 2005), and rs6265 polymorphism in BDNF
(Kent et al. 2005)).

To estimate cumulative influence of genotypic variances,
polygenic risk score (PS) was calculated using the Euclidean

Brain Imaging and Behavior



distance from identified risk alleles of each norepinephrine,
dopamine, glutamate and all gene cluster. Distance measures
could represent the summarized influence of cluster of genes,
and stand for separability, divergence, or discrimination be-
tween distinct groups (Yang et al. 2010).

Overview of neuroimaging data analysis and feature
extraction

Our major hypothesis was that a model with multimodal
neuroimaging datasets may lead to better classification
accuracy than using single type feature subset.
Furthermore, we expected that the optimal model in-
cluding both PS of candidate genes and neuroimaging
would increase the classification accuracy. Finally, we
examined the explanatory power of the optimal classifi-
cation model on clinical symptoms and behavioral
phenotypes.

To examine these hypotheses, we constructed input
datasets consisting of each neuroimaging modality or genetic
feature matrix. Optimal model construction was established
using the following subsequent steps: 1) Preprocessing and
extracting features from each neuroimaging modality, 2)
Establishing optimal model with ML algorithm, 3)
Estimating and validating performances frommultiple combi-
nation sets of features, and 4) verifying the relationship with
clinical variables (Fig. 1).

Preprocessing and feature extraction
of neuroimaging datasets

Five morphometric features including cortical thickness (CT),
CT variability (CTV), surface area (SA), mean curvature
(MC), and volume from sMRI were estimated using
Freesurfer imaging analysis suites 6.0 (https://surfer.nmr.

mgh.harvard.edu/) with the Destrieux atlas (Destrieux et al.
2010). 16 subcortical and regional volumes were also extract-
ed as volumetric features by the volume based stream of
Freesurfer. Furthermore, 31 substructure volumes of the hip-
pocampus and brainstem were extracted as independent struc-
tural feature subset.

Five diffusion metrics including fractional anisotropy (FA),
mean diffusivity (MD), axial diffusivity (AD), radial diffusiv-
ity (RD), and mode of anisotropy (MO) were extracted from
20 major white matter tracts using the Tract-based spatial sta-
tistics module implemented in FMRIB software library (FSL)
version 5.0 (https://fsl.fmrib.ox.ac.uk/fsl/fslwiki).

R-fMRI features were extracted using two distinct
analysis pipelines: Large-scale functional network con-
nectivity (FC) and dynamic regional homogeneity. Using
independent component analysis, we estimated 45 large-
scale FC among 10 well-matched pairs of resting-state
functional networks (RSFN) which have been suggested
as representative large-scale networks across population
in the study of Smith and colleagues (Smith et al.
2009). To estimate local functional connectivity across
time, we used dynamic regional homogeneity approach
(Deng et al. 2016; Kim et al. 2018). We first calculated
mean and standard deviation of ReHo across 4 time
windows (30, 60, 90, 120 s, respectively) and then de-
termined mean dynamic ReHo (ReHo) and ReHo vari-
ability (ReHoV) as r-fMRI features. To match with
structural MRI features, averaged ReHo and ReHoV
were extracted according to the parcellated cortical
map proposed by Destrieux and colleagues (Destrieux
et al. 2010).

More detailed information about preprocessing, feature ex-
traction procedure and comparison of the head motion param-
eters during R-fMRI and DTI scans were described in supple-
mentary materials.

Fig. 1 Overview of feature
extraction and optimal model
selection algorithm. CT, Cortical
thickness; CTV, Cortical
thickness variability; SA, Surface
area; MC, Mean curvature; V,
Volume; FA, fractional
anisotropy; MD, mean
diffusivity; AD, axial diffusivity;
RD, radial diffusivity; MO, Mode
of anisotropy; mSVM-RFE mul-
tiple support vector machine re-
cursive feature elimination; RF,
randomForest
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Estimation and validation of performances
from multiple combination sets of features

Features extracted from multi-modal neuroimaging data had
large quantity and high dimensionality (2,128 features per
each participant). Such huge datasets has been associated with
several disadvantages such as high computational load and
over-fitting of the model (Chen and Jeong 2006). To minimize
these problems, we adopted a multiple linear support vector
machine - recursive feature elimination (mSVM-RFE) algo-
rithm (Colby et al. 2012; Duan et al. 2005), which can allow
us to pull out the optimal features from each uni-modal neu-
roimaging dataset (CT/CTV, SA/MC, volume, HC/Brainstem
substructure volume, All tensors, FA/MD, AD/RD/MO, FC
and ReHo/ReHoV). This algorithm dropped useless features
by iterative estimation of average performance across 10-fold
CV.

After selecting the best feature subsets from each modality,
models were formulated and tested with two consecutive
steps. First, the random Forest in the R package (https://cran.
r-project.org/web/packages/randomForest/index.html) that is
a decision tree based ML method was used to construct the
multi-modal neuroimaging model. The random forest (RF)
algorithm provides classification accuracy by using out-of-
bag (OOB) error from the class labels and the importance of
each feature in the model by estimating the mean squared error
(Breiman 2001). Second, we performed DeLong’s tests for
receiver operating characteristic (ROC) curves to compare
the differences of classification power between models
(DeLong et al. 1988).

Optimal classification model was defined as follows: The
model had the largest area under curve (AUC) and the smallest
OOB error was selected as a ‘Best Accuracy (BA)’ model.
Then, we designated another optimal classification model,
‘Lesser feature with Equivalent performance’ (LE), which
showed the lowest OOB error with smaller number of fea-
tures, while maintaining equivalent ROC characteristics com-
pared with the BA model.

Next, ensemble of the PS score estimated from each cluster
of candidate SNP data into the BA and the LE models was
conducted to examine model performance. Because the BA
and the LE models shared several features we illustrated the
LEmodel as the main result. Details of the BAmodel findings
were described in supplementary materials.

We additionally measured fitness of model using the
Leave-One-Out Cross-Validation (LOOCV) algorithm in the
caret package (Kuhn 2008). The Naïve-Bayes theorem was
applied to estimate prediction error, which determines class
by probabilities of previously seen attributes and assumes
complete independence among features.

All analyses were conducted by R software packages 3.3.1.
(https://cran.r-project.org/), and a significance was evaluated
at a level of p < .05.

Relationship between important features
and behavioral or cognitive symptoms

We examined the predictive power of the each BA and LE
model on symptom severity and task performance using RF
regression. Given the evidence that ADHD symptoms are dis-
tributed along a continuum (Stergiakouli et al. 2015), we con-
ducted regression analyses using both ADHD and TDC
datasets.

A multivariate regression model using RF has particular
advantages for non-linearity assumptions, the consideration
of interaction terms between predictors, and the parallel im-
portance of the estimation of all included features (Strobl et al.
2009). Before we conducted the regression analysis, a small
number of missing clinical variables were imputed (2 ADHD
and 1 TDC for visual CPT, 3 ADHD and 2 TDC of auditory
CPT, 9 ADHD and 4 TDC for K-ARS) using median values
for each group. Then, predictive performance of both the BA
or the LEmodel was estimated for total and subdomain scores
of K-ARS and 4 broadband variables of auditory and visual
CPT by RF algorithm. The importance of features included in
each model was calculated as mean squared error estimates.
Age, sex and IQ were also entered as predictors for RF
regression.

Performance validation in the independent dataset

We tested reproducibility and robustness of each optimal sub-
set for the classification of ADHD subject using the indepen-
dent multimodal dataset. We applied the BA and the LEmodel
to the independent dataset (18 ADHD and 18 TDC) using RF
algorithm and LOOCV to replicate our results with the new
participants.

Sensitivity analysis excluding high motion data

We further estimated framewise displacement (FD) of the R-
fMRI to remove the highmotion data suggested by Parkes and
colleagues. Participants were excluded if any of the following
criteria were met: (1) mFD > 0.25 mm; (2) more than 20% of
the FDs were above 0.2 mm; and (3) if any FDs were greater
than 5 mm. (Parkes et al. 2018).

Under a stringent regime, 9 ADHD and 3 TDC subjects in
the training dataset, and 2 ADHD and 1 TDC subjects in the
independent dataset were found to have high motion. Finally,
82 participants (38 ADHD and 44 TDC) in the training
dataset, and 33 (16 ADHD and 17 TDC) in the independent
dataset were used in the sensitivity analysis. We repeated es-
timation and validation of performances from each feature
model in a same manner, as well as performance validation
of the BA and the LE model in the independent dataset.
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Results

Demographic and clinical findings

Among the training dataset, there were no significant
differences in age, gender and IQ between ADHD and
TDC subjects (Table 1). As expected, ADHD partici-
pants had significantly higher total K-ARS (p < 0.001)
scores, and inattention and hyperactivity-impulsivity
subdomain scores (p < 0.001 and p < 0.001, respectively)
compared to TDC group. The most frequently endorsed
subtypes were the predominantly inattentive type
(46.8%) fol lowed by combined type (29 .8%).
Attentional performance assessed by auditory CPT was
significantly better in TDC compared to ADHD
(p < 0.05 for OE, RT, and RTV), except CE score. The
validation dataset showed similar demographic and clin-
ical characteristics while relative proportion of the
ADHD subtypes and auditory CPT results were differ-
ent. Each of the candidate genotype variants fits the
values expected based on the Hardy-Weinberg equilibri-
um (p > 0.05), except GRIN2A rs8049651 (p < 0.001).

Risk allele distribution between two groups did not
show any significant differences in both training and
validation datasets (Table S1).

Classification performance of each unimodal
neuroimaging data

The number of features comprising the optimal subsets from
mSVM-RFE algorithm was various across each feature sub-
set, ranging from 10 to 37 (Table S2). For example, ReHo/
ReHoV WS20, all tensors, and CT/CTV have 36 features
(e.g., ReHo of right marginal branch of the cingulate sulcus),
15 features (e.g., superior longitudinal fasciculus, MD), and
23 features (e.g., superior circular insula sulcus CT), respec-
tively. Among R-fMRI based features, the feature subset
‘ReHo/ReHoV WS20’ showed the least error in 10-fold CV
(28.6%) and OOB error estimates (26.6%) as well as the larg-
est AUC in ROC analysis. Delong’s test revealed superior
classification performance of ‘ReHo/ReHoV WS20’ over
‘FC’ (Z = 2.86, p < 0.01) and ‘ReHo/ReHoV WS30’ subset
(Z = 2.00, p = 0.05). Similarly, ‘ReHo/ReHoV WS10’ and
‘ReHo/ReHoV WS40’ showed comparable results to the

Table 1 Demographic and clinical characteristics of the participants

Training dataset Independent dataset

ADHD (n = 47) TDC (n = 47) t or χ2 ADHD (n = 18) TDC (n = 18) t or χ2

Age, y 10.06 ± 2.24 10.00 ± 2.60 0.13 9.44 ± 2.41 10.06 ± 2.69 −0.72
Male: Female, number 37:10 29:18 3.26 12:6 10:8 0.47

Full scale IQ 110.53 ± 14.38 111.19 ± 12.65 −0.24 114.17 ± 13.08 114.61 ± 14.01 −0.10
K-ARS score, total 24.18 ± 10.15 5.21 ± 5.10 10.42*** 22.58 ± 8.18 5.07 ± 6.64 7.06***

Inattention 14.05 ± 5.34 3.28 ± 3.16 10.87*** 12.58 ± 4.24 3.13 ± 4.42 6.55***

Hyperactivity-Impulsivity 10.13 ± 6.19 1.93 ± 2.44 7.66*** 10.00 ± 5.39 1.93 ± 2.39 5.81***

ADHD subtype

Predominantly inattentive 22 (46.8%) – 5 (27.8%) –

Predominantly hyperactive-impulsive 3 (6.4%) – 4 (22.2%) –

Combined 14 (29.8%) – 5 (27.8%) –

Not otherwise specified 8 (17.0%) – 4 (22.2%) –

Visual CPT, T-score

OE 57.40 ± 15.70 57.52 ± 18.32 −0.34 60.18 ± 19.32 54.71 ± 17.70 −0.89
CE 63.09 ± 19.59 56.00 ± 16.58 1.87 58.18 ± 16.14 55.47 ± 13.69 −0.54
RT 53.51 ± 12.55 57.28 ± 10.68 −1.55 60.71 ± 13.42 54.94 ± 9.08 −1.51
RTV 59.47 ± 17.18 54.61 ± 16.19 1.39 58.00 ± 16.93 50.88 ± 13.78 −1.38

Auditory CPT, T-score

OE 67.98 ± 19.51 57.84 ± 18.03 2.53* 63.47 ± 18.88 60.71 ± 19.34 −0.43
CE 62.98 ± 16.67 56.66 ± 15.44 1.85 61.71 ± 18.07 52.29 ± 11.07 −1.88
RT 57.05 ± 13.65 51.70 ± 7.54 2.27* 50.76 ± 11.53 48.82 ± 10.60 −0.53
RTV 50.07 ± 8.56 46.48 ± 8.41 1.99* 48.71 ± 10.60 46.41 ± 11.05 −0.63

ADHD, attention-deficit/hyperactivity disorder; TDC, typically developing children; K-ARS, Dupaul’s ADHD rating scale, Korean version;

CPT, Continuous performance test; OE, Omission error; CE, Comission error; RT, Response time; RTV, Response time variability

*p < 0.05, ** p < 0.01, *** p < 0.001
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WS20 model, but classification performance did not differ
from ‘ReHo/ReHoV WS30’ in the Delong’s test (Z = 1.79,
p = 0.74 and Z = 1.94, p = 0.05 respectively). ‘ReHo/ReHoV
WS20’ was ultimately selected as the optimal feature subset
for R-fMRI.

Among DTI metrics, ‘All tensors’ and ‘AD/RD/MO’ sub-
sets equally predicted distinctions between ADHD group and
TDC group, with OOB errors of 36.2%. While the ‘All ten-
sors’ subset showed superior classification performance com-
pared to the ‘FA/MD’ subset (Z = 2.75, p < 0.01), the compar-
ison between ‘AD/RD/MO’ and ‘FA/MD’ did not reach the
significance level (Z = 1.72, p = 0.09). Thus, the optimal fea-
ture subset among DTI metrics was ‘All tensors’.

The ‘SA/MC’ subset among sMRI features showed the
least errors in OOB estimates, followed by the ‘CT/CTV’
subset. ROC curve analysis revealed that both subsets had
comparable classification performance (Z = 0.28, p = 0.78).
The ‘CT/CTV’model showed superior performance than vol-
ume (Z = 2.36, p = 0.02).

Performances of the multimodal models
and feature-specific importance

The combination analysis of each two optimal feature
subset was conducted using RF. In the double feature
model, the ‘CT/CTV + SA/MC’ model yielded the
highes t AUC (0.89) and had 79.8% accuracy
(Table S3). Using Delong’s test, we found that the other
4 models had equivalent AUC levels to the ‘CT/CTV +
SA/MC’ model; ‘CT/CTV + Volume’ (Z = 0.64, p =
0.52), ‘All tensors + CT/CTV’ (Z = 0.84, p = 0.40),
‘All tensors + SA/MC’ (Z = 0.85, p = 0.39), and
‘ReHo/ReHoV WS20 + CT/CTV’ (Z = 1.21, p = 0.23).
Based on these results, we constructed triple, quadruple
and quintuple feature models using 5 feature subsets
(CT/CTV, SA/MC, Volume, All tensors, and ReHo/
ReHoV WS20).

Among all combination of the neuroimaging models, ‘All
tensors + CT/CTV + SA/MC + Volume’ was the BA model
that could yield the highest AUC (0.910) and was able to
predict the correct diagnosis with 83% accuracy (Fig. 2a–c).
The LE model was the ‘CT/CTV + Volume’ model that
showed the best classification performance of 85.1% (Fig.
2d, e). Features of the each neuroimaging model, along with
their parametric comparison results, are shown in Table S4.
The feature that displayed the highest discriminatory impor-
tance in the LE model was CT of left superior circular insula
sulcus (8.8%), followed by CTof left rectus gyrus (6.5%), and
CT of planum polare gyrus (6.5%).

In the LOOCV analysis, The LE model showed 23.4%
misclassification error. Paired t-test revealed that error esti-
mates of LOOCV was 4.4 ± 0.5% higher than OOB estimates
across whole models (t = 6.58, p < 0.001).

Relationship between important features
and behavioral or cognitive symptoms

The LE model explained small variance in the K-ARS total
(18.0%), inattentive subdomain (18.4%), and hyperactivity-
impulsivity subdomain (14.6%) scores (Fig. 3). The top 3
features explaining K-ARS total score variance were CT of
left superior circular insula sulcus (12.2%), CT of the left
orbital gyrus (4.4%), and CTof left posterior middle cingulate
gyrus/sulcus (4.1%). Both the LE and the BAmodels failed to
predict the 4 broadband performance scores of the CPT.
However, a unimodal model with ReHo/ReHoV WS20 fea-
ture explained 6.4% of the variance of the OE in auditory CPT
and predictive power was associated with ReHoV of right
superior part of the precentral sulcus (7.3%), ReHo of right
marginal branch of the cingulate sulcus (6.6%) and ReHoVof
left medial occipito-temporal sulcus and lingual sulcus (5.3%)
(Fig. 4a,b). A model ‘ReHo/ReHoVWS20 + CT/CTV + SA/
MC’, which showed comparable ROC characteristics to the
BA model, predicted the variance of the OE in auditory
(4.9%) and the CE in visual CPT (5.2%), respectively (Fig.
4c, d).

Ensemble classification model using neuroimaging
and candidate gene data

Classification accuracy of each genetic cluster was close to
chance level (Table 2). The ensemble of each gene cluster
failed to increase the classification accuracy or ROC charac-
teristics of the LE model. The classification accuracy of the
BA model was slightly increased when combining PS of the
norepinephrine, dopamine or glutamate gene cluster.
However, the AUC of these models did not show significant
differences.

Validation of the LE and the BA models
in the independent test dataset

We tested the validity of the LE and BA models on the new
dataset consisting of 18 ADHD and 18 TDC participants. The
LE and BA models successfully classified 69.4% (AUC =
0.65) and 77.8% (AUC = 0.70) of the independent sample,
respectively (Table S5). Unfortunately, more than 30% of
the independent sample lacked genetic information and clini-
cal symptom ratings, so further analyses could not be
conducted.

Results of the sensitivity analysis

Classification accuracy of each feature model was comparable
to the initial results (Table S7 to S8). The BA (accuracy,
83.9%; AUC =0.89) and the LE model (accuracy, 83.9%;
AUC =0.86) in the sensitivity analysis was the same as those
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of the initial classification analysis. Both the BA and the LE
model in the sensitivity analysis could explain more than 18%
of the K-ARS total scores, and features with high discrimina-
tory importance were CTof left superior circular insula sulcus,
and CT of right middle temporal gyrus (Table S9). Omission
error of the auditory CPT could be explained by the ‘ReHo
WS20’ (Total variance explained, 6.19%) and the ‘ReHo
WS20 + CT/CTV + SA/MC’ (Total variance explained,
2.10%) models, and the most important feature was ReHo of
the right marginal branch of the cingulate sulcus (Table S10).
In the independent set, the BA model in the sensitivity analy-
sis could correctly classified 69.7% (AUC = 0.65) of the sub-
jects, and the LEmodel showed comparable results (accuracy,
69.7%; AUC = 0.61, Table S11).

Discussion

In this study, integrating features from multi-modal, multi-
scale data successfully classified up to 85.1% of individuals
diagnosed with ADHD from TDC. Crucial neuroimaging fea-
tures for classification were CT/CTV and volume differences
across widespread fronto-temporo-parietal regions.
Furthermore, the interplay of features including insula,

inferior frontal cortex, sensory/motor cortex, and posterior
cingulate cortex explained 18.0% of the variance of the K-
ARS scores. ReHo and its variability features were not includ-
ed in the optimal classification model. However, regional al-
teration of functional connectivity modestly predicted atten-
tional lapse and inappropriate response during CPT, while
structural features could not. The ensemble of the candidate
SNP data into the optimal model did not show meaningful
gain in accuracy. Finally, the LE and the BA models correctly
classified 69.4% and 77.8% of the diagnosis in the indepen-
dent validation dataset, respectively. In sum, these results il-
lustrated prevailing and substantial features for distinguishing
ADHD from TDC and explaining relevant clinical
dysfunctions.

Recently, diverse ML algorithms have been applied to uni-
modal neuroimaging data to achieve superior classification
performance for an ADHD diagnosis, ranging in accuracy
from 77 to 95% (Deshpande et al. 2015, Hart et al. 2014,
Iannaccone et al. 2015, Qureshi et al. 2016, Sun et al. 2018).
These promising results, however, mostly focused on compar-
ing the classification accuracy between ML methods and in-
cluded samples with disparate demographic and clinical char-
acteristics. To date, only a handful of studies have used multi-
modal, multi-measure features for classification of ADHD

Fig. 2 Corticalmorphological and Tensor features consisting optimal
neuroimaging models. The schematic illustration of optimal
morphological and tensor features included in the BA and the LE
models. Morphological features composing the BA model were
illustrated on Freesurfer surface model. (a) lateral and medial view and
(b) inferior view. (c) Tensor features included in BAmodel were illustrat-
ed on the Johns Hopkins University White Matter Tractography Atlas.
Optimal features consisting the LE model were also visualized on the (d)
lateral and medial view and (e) inferior view. S, Sulcus; G, Gyrus;
PreCen, Precentral; PostCen, Postcentral; SubCen, Subcentral; FrM,

Frontomarginal; SupCI, Superior circular insula; InfCI, Inferior circular
insula; LatF A-H, Lateral fissure, anterior ramus – horizontal; MidC,
Posterior middle cingulate; PostC, Posterior dorsal cingulate; InfT,
Inferior temporal; SupT, Superior temporal; SubOrb, Suborbital; Orb,
Orbital; Parahip, Parahippocampal; LatFus, Lateral fusiform; CST,
Corticospinal tract; SLF, Superior longitudinal fasciculus; UF, Uncinate
fasciculus; ATR, Anterior thalamic radiation; ILF, Inferior longitudinal
fasciculus; IFOF, Inferior fronto-occipital fasciculus; CT, Cortical thick-
ness; CTV, Cortical thickness variability; SA, Surface area; MC, Mean
curvature
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(Colby et al. 2012, Dai et al. 2012, Qureshi et al. 2016), but the
relationship between key features and clinical or behavioral
symptoms have been less investigated. In this study, we dem-
onstrated features from ML that best distinguishing between
individuals with ADHD and TDC was able to predict symp-
tom severity and task performance which could account for
the brain-behavior relationships in ADHD. In addition, we
combined candidate genetic data with neuroimaging feature
model, which is a novel approach to ADHD classification
analysis. It is important to note that our findings may have
particular strengths because we included only age- and IQ-
matching ADHD and TDC participants from a single
neurodevelopmental clinic and collected images from a single
scanner with identical parameters. Additionally, sensitivity
analysis results from the low motion data chosen under a

stringent regime suggest that differentiating features of
ADHD, compared to TDC, is rather robust to motion artifact.

The LE model consisted of 34 morphologic features (23
CT/CTVand 11 volume) and relevant structural features were
scattered across bilateral insula cortex, bilateral sensory/motor
regions, and left orbitofrontal regions. In particular, reduced
volume and CT of insula regions have been consistently re-
ported in several ADHD neuroimaging studies (Lopez-Larson
et al. 2012) (McLaughlin et al. 2014). It has been suggested
that the insula plays a pivotal role in detecting environmental-
ly salient stimuli and impaired function of insula is associated
with attention problems such as inefficient attentional alloca-
tion (Menon and Uddin 2010). Our findings of reduced insula
thickness and volume might support previous literature of
aberrant salience processing in ADHD subjects (Choi et al.

Fig. 3 Explanatory features of the BA and the LE model on the K-
ARS score. (a) Total, (b) inattention, and (c) Hyperactivity-impulsivity
subdomain scores of K-ARSwere explained by the BA and the LEmodel
using randomForest regression. For the visualization purpose, top 10
features of each model were depicted. The higher mean decrease MSE,

the more important neuroimaging feature. K-ARS, Dupaul’s ADHD
scale-Korean version; BA, Best accuracy; LE, Lesser feature with equiv-
alent performance; MSE: mean squared error; S, Sulcus; G, Gyrus; H;
Horizontal; AD, Axial diffusivity; FA, Fractional anisotropy
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2013; Tegelbeckers et al. 2015). Clinical significance of infe-
rior frontal region and somatosensory cortex was also reported
in ADHD literature (Batty et al. 2010, Carmona et al. 2005),
and these regions are known to be relevant to behavioral in-
hibition and sensory gating/processing (Durston et al. 2003;
Vaidya et al. 2005). Taken together, morphological features
include in the LE model might cover diverse aspects of
ADHD pathophysiology.

More morphological (SA and MC) and multiple tensor
features included in the BA model increased classification
accuracy, but had negligible impact on predictive power.
The BA model explained smaller amount of variance of both
K-ARS subdomain scores compared to the LE model. A pos-
sible explanation for this finding is the inclusion of minor or
redundant features elicited unfavorable outcomes for the re-
gression models and had weak desirable effects in the classi-
fication analysis. This explanation is in line with the

Fig. 4 Explanatory power of the models including functional feature
on the CPT performance. Performances during visual and auditory CPT
could be explained by the models including ReHo/ReHoV using
randomForest regression. For the visualization purpose, top 10 features
of each model were depicted. The higher mean decrease MSE, the more
important neuroimaging feature. (a) Features included in the ReHo/
ReHoV WS20 subset. Predictive power of features consisting the (b)
ReHo/ReHoV WS20 model for the OE score from Auditory CPT, (c)
ReHo/ReHoV WS20 + CT/CTV + SA/MC model for the OE score from
Auditory CPT, and (d) ReHo/ReHoVWS20 + CT/CTV+ SA/MC model
for the CE score from visual CPT. CPT, Continuous performance test;
ReHo, Regional homogeneity; ReHoV, Regional homogeneity variabili-
ty; WS, Window size; CT, Cortical thickness; CTV, Cortical thickness

variability; SA, Surface area; MC, Mean curvature; MSE, mean squared
error; CE, Commission error; OE, Omission error; S, Sulcus; G, Gyrus;
PreCen, Precentral; PostCen, Postcentral; SupPreCen, Superior part of the
precentral; InfFr-Tri, Triangular part of the inferior frontal; Orb, Orbital;
MedOrb, Medial Orbital; AntCI, Anterior circular insula; InfCI, Inferior
circular insula; LatFA-V, Lateral fissure, anterior ramus – vertical; LatF-
P, Lateral fissure, posterior ramus; InfT, Inferior temporal; SupT, Superior
temporal; IntPrim, Intermedius primus; MidO, Middle occipital; SupO,
Superior occipital; O Pole, Occipital pole, OT – Parahip,
Parahippocampal part of the Occipto-Temporal, MarC, Marginal branch
of the cingulate, AntC, Anterior cingulate; LatFus, Lateral fusiform
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importance of the relevant feature selection described, espe-
cially in high-dimension feature datasets (Blum and Langley
1997).

Thus, features included in the LE model may reflect a core
pathophysiology of ADHD. This assumption could be sup-
ported by the overlapping of 8 of the top 10 features between
the LE and the BA models. Furthermore, morphologic alter-
ation within bilateral insular cortices was the most importance
feature for explaining the K-ARS inattentive subdomain
scores while features of the posterior cingulate and temporo-
parietal regions were associated with the hyperactivity-
impulsivity subdomain scores. These results suggest that ab-
errant resource allocationmight be an important component of
inattention and impaired social cognition and perception may
be relevant to hyperactive-impulsive behaviors in ADHD.

Similar to our study, Sun and colleagues (Sun et al. 2018)
examined the features relevant to ADHD based on structural
MRI and DTI using RF algorithm and found that among mor-
phological features, local alteration in cortical morphology in
the left temporal lobe and left central regions was significantly
relevant to ADHD. These results may underpin the hypothesis
that regional changes associated with low to higher-level in-
formation processing and behavioral inhibition may play a
central role in discriminating ADHD from TDC. However,
there were some discrepancy between ours and Sun et al.’

findings. For example, some features such as CT of bilateral
cuneus, and FA of cerebral peduncle, were not significant
discriminating classifiers in our study. This discrepancy may
be due in part to different imaging processing and feature
extraction methods as well as participant characteristics.

Functional MRI features (ReHo/ReHoV WS20) may ex-
plain the modest variance of OE of auditory CPT up to 6.4%,
while the LE and the BAmodels were unable to predict any of
task performances. Interestingly, OE of auditory CPT was a
meaningful variable that exhibited brain-behavior relation-
ship. As previous literature suggested, auditory CPT could
be more useful than visual CPT for screening ADHD children
who have high intelligence and mild attention problems (Shin
et al. 2000). Notable differences in task performances were
only found in auditory CPT (OE, RT and, RTV) in our study,
as this may be resulted from age and IQ-matched ADHD and
TDC participants. Decreased ReHo/ReHoV could represent a
rigid connectivity state, which implies a reduced utilization of
necessary resources during the attentional task (Hutchison
et al. 2013). Furthermore, functional features included in the
ReHo/ReHoV WS20 subset covered two hub regions of the
DMN (marginal cingulate gyrus/sulcus, anterior cingulate sul-
cus), the salience network, the sensory/motor processing area,
and the behavioral inhibition system. Altered functional con-
nectivity of these regions have been repeatedly associated

Table 2 Classification performances of ensemble model using neuroimaging and genetic classifiers

Naïve
Bayes

Metrics of RF classifier ROC
analyses

Delong’s
test

Models LOOCV OOB
error

Sensitivity Specificity PPV NPV AUC Z

BA model 0.213 0.170 0.809 0.851 0.844 0.816 0.910 NA

BA model + Norepinephrine related genes 0.202 0.138 0.809 0.915 0.905 0.827 0.908 0.14

BA model + Dopamine related genes 0.213 0.128 0.830 0.915 0.907 0.843 0.912 −0.12
BA model + Glutamate related genes 0.213 0.157 0.766 0.915 0.900 0.796 0.889 1.33

BA model + All candidate genes 0.213 0.202 0.851 0.745 0.769 0.833 0.885 1.57

LE model 0.234 0.149 0.851 0.851 0.851 0.851 0.877 1.40

LE model + Norepinephrine related genes 0.234 0.160 0.851 0.830 0.833 0.848 0.861 2.01*

LE model + Dopamine related genes 0.245 0.160 0.830 0.851 0.848 0.833 0.859 1.86

LE model + Glutamate related genes 0.234 0.149 0.809 0.894 0.884 0.824 0.869 1.83

LE model + All candidate genes 0.255 0.202 0.787 0.809 0.804 0.792 0.861 2.09*

Candidate gene cluster

Norepinephrine related genes (ADRA2A, SLC6A2, COMT) 0.383 0.404 0.745 0.447 0.574 0.636 0.462 5.90***

Dopamine related genes (DAT1, DRD4) 0.511 0.521 0.234 0.723 0.458 0.486 0.181 12.99***

Glutamate related genes (GRIN2A, GRIN2B, GRM7,
SLC1A3, BDNF)

0.351 0.351 0.638 0.660 0.652 0.646 0.573 5.18***

All candidate genes 0.447 0.394 0.638 0.574 0.600 0.614 0.624 4.60***

Delong’s Z was computed against the best accuracy model (All tensors + CT/CTV + SA/MC+Volume)

RF, randomForest; LOOCV, leave one-out cross validation; OOB error, out-of-bag error (the proportion of misclassified data); PPV, positive predictive
value; NPV, negative predictive value; ROC, Receiver operating characteristic; AUC, area under curve; BA, Best accuracy; LE, Lesser feature with
equivalent performance; CT, Cortical thickness; CTV, Cortical thickness variability; SA, Surface area; MC, Mean curvature

*p < 0.05, ** p < 0.01, *** p < 0.001

Brain Imaging and Behavior



with attentional lapse in ADHD (Derosiere et al. 2015). Our
findings indicate that local connectivity features have particu-
lar advantages in predicting attentional task performance com-
pared to structural alteration.

Fusion of candidate genetic data with optimal neuroimag-
ing model failed to increase accuracy significantly. First, the
candidate SNPs included in our study were mostly found in
European descendants, and findings from East Asian are still
elusive. Some putative risk alleles have been studied in
Chinese population, but each association was either very weak
or non-significant (Brookes et al. 2005; Qian et al. 2004;
Wang et al. 2006). This genetic sequence variation between
different ethnic populations could affect the PS estimation and
classification performance. Second, SNPs included in current
study were also associated with changes in cortical morphol-
ogy (Fernandez-Jaen et al. 2015, Shaw et al. 2007b), anatom-
ical connectivity (Chung et al. 2015) and intrinsic functional
organization (Gordon et al. 2015, Kim et al. 2018, Mostert
et al. 2016). Given complex interplays between polygenes
and environmental exposure to psychiatric disease suscepti-
bility (Meyer-Lindenberg and Weinberger 2006), influence of
genetic variance might have been penetrated on structural and
functional brain development although it has limited impor-
tance in classification. Finally, the current study only included
a handful of candidate genes, so it is possible that other SNPs
combined with neuroimaging features could increase classifi-
cation accuracy. Therefore, further investigation may be need-
ed to examine whether genetic data and the association with
neuroimaging features predict an ADHD diagnosis.

In the independent dataset, both the LE and the BAmodels
showed relatively high classification performance, but robust-
ness of the BA model were superior to that of the LE model.
As presented in Table S4, estimated importance of each fea-
ture in training dataset was relatively small, which could be
associated with low discriminative power when applied to
sample with different feature characteristics. However, RF
has improved the generalization performance by ensembles
of classifiers (Teng et al. 2016), and minor features consisting
the BA model might play a supportive role in predicting class
of the validation dataset. These minor features, such as aber-
rant anatomical connectivity in uncinate fasciculus, anterior
thalamic radiation, forceps major and minor, corticospinal
tract and superior longitudinal fasciculus, wire up fronto-
temporo-parietal, fronto-limbic, and interhemispheric regions.
Implication of these features to ADHD pathophysiology also
have been founded in multiple studies (Aoki et al. 2017, Ben-
Hur et al. 2002, van Ewijk et al. 2012). Despite suchmounting
evidence, more replicative evidences would be needed.

However, there are a number of limitations that should be
considered. First, the findings in the present study were de-
rived from a moderately-sized sample with the cross-sectional
design. Although we could not find any prerequisites of opti-
mal sample sizes for an imaging-genetic study with ML

application, explanatory power could be limited, possibly
due to a modest number of participants. Therefore, our find-
ings should be replicated by studies with a larger sample size
and a longitudinal design. Second, a small number of genetic
polymorphisms were included and their functional roles have
not been clearly investigated. This may hinder a straightfor-
ward interpretation of genetic influence on brain phenotype as
well as clinical symptoms. Third, we adopted mSVM-RFE
and RF for extraction and validation of features, but the result
could be varied upon different ML algorithms. To minimize
this possibility, further comparisons of classification perfor-
mance and feature importance are needed.

Conclusion

The current study focused to reveal characteristic features
predicting ADHD diagnosis and explaining brain-behavior
relationships. Our findings suggest that ADHD children and
adolescents could be best characterized by their collective
structural impairment across overarching brain regions, in-
cluding salient network, sensory/motor, and regions related
with response inhibition. Optimal feature models could pre-
dict some of the variance of symptom severity and showed
robust performance in validation dataset. Attentional lapse
during tasks may be correlated with altered local functional
connectivity across DMN and aforementioned regions show-
ing structural deformity. Finally, the ensemble of candidate
SNP data into the neuroimaging model may increase classifi-
cation accuracy, but the effects in the current study were neg-
ligible. In sum, our finding sketched out potential utility of
neuroimaging features in discriminating ADHD from TDC
and explaining brain-behavior relationships associated with
ADHD.
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