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ABSTRACT

Previous studies in children with attention-deficit/hyperactivity disorder (ADHD) have observed functional brain
network disruption on a whole-brain level, as well as on a sub-network level, particularly as related to the default
mode network, attention-related networks, and cognitive control-related networks. Given behavioral findings that
children with ADHD have more difficulty sustaining attention and more extreme moment-to-moment fluctuations
in behavior than typically developing (TD) children, recently developed methods to assess changes in connectivity
over shorter time periods (i.e., “dynamic functional connectivity”), may provide unique insight into dysfunctional
network organization in ADHD. Thus, we performed a dynamic functional connectivity (FC) analysis on resting
state fMRI data from 38 children with ADHD and 79 TD children. We used Hidden semi-Markov models (HSMMs)
to estimate six network states, as well as the most probable sequence of states for each participant. We quantified
the dwell time, sojourn time, and transition probabilities across states. We found that children with ADHD spent
less total time in, and switched more quickly out of, anticorrelated states involving the default mode network
and task-relevant networks as compared to TD children. Moreover, children with ADHD spent more time in a
hyperconnected state as compared to TD children. These results provide novel evidence that underlying dynamics
may drive the differences in static FC patterns that have been observed in ADHD and imply that disrupted FC
dynamics may be a mechanism underlying the behavioral symptoms and cognitive deficits commonly observed
in children with ADHD.

1. Introduction

(Castellanos and Aoki, 2016), has focused primarily on estimating
average FC over the course of an experimental scanning session,

Attention-deficit/hyperactivity disorder (ADHD) is characterized by
developmentally inappropriate symptoms of inattention, impulsivity,
and hyperactivity. These symptoms are thought to be driven by atypical
brain network organization and dysfunctional connectivity (Cao et al.,
2014; Henry and Cohen, 2019). Research investigating disrupted
functional connectivity (FC) in ADHD, often during a resting state

sometimes referred to as “static” FC. However, recently there has been
growing interest in studying changes in connectivity over shorter time
periods (i.e., “dynamic” FC), for example on the second-to-minute
scale (Calhoun et al., 2014; Hutchison et al., 2013; Lurie et al., 2020).
Given that the brain is a dynamic system, it is believed that individuals
transition in and out of multiple brain states during the course of a
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single scanning session. Thus, there is a need to investigate how these
dynamics relate to behavior and disease (Calhoun et al., 2014; Cohen,
2018; Kucyi et al., 2018). Investigating dynamic FC may be particularly
relevant for understanding the neurobiological basis of ADHD given
that behavioral variability is a ubiquitous finding in the neurocognitive
and clinical literature (Castellanos et al., 2009; 2005; Karalunas et al.,
2014; Kofler et al., 2013). Indeed, studies probing dynamic FC in ADHD
are beginning to emerge and support the proposal that dynamic FC is a
useful tool for understanding the neural underpinnings of ADHD (Abbas
et al., 2019; Cai et al., 2018; de Lacy and Calhoun, 2019; Kaboodvand
et al., 2020; Wang et al., 2018).

Previous studies in ADHD applying static FC analyses have observed
network disruption both on a whole-brain, global connectivity scale,
in which high-level organizational differences in how the brain func-
tions are observed in ADHD as compared to in control participants, as
well as on a sub-network scale, in which individual, well-known net-
works are affected by the disorder (Cao et al., 2014; Castellanos and
Proal, 2012). Specifically, it has been reported that individuals with
ADHD show atypical small-world architecture characterized by higher
local efficiency combined with lower global efficiency (Lin et al., 2014;
Wang et al., 2009). Further, sub-networks such as the default mode,
salience, attention, cognitive control, and motor networks are thought
to be particularly affected by ADHD (Castellanos and Aoki, 2016). For
example, altered within-default mode network (DMN) FC (Fair et al.,
2010; Kessler et al., 2014; Sripada et al., 2014; Sun et al., 2012) and de-
creased magnitude of negative correlations between DMN and regions of
task-relevant networks, including those related to attention and cogni-
tive control (Kessler et al., 2014; Mills et al., 2018; Sripada et al., 2014;
Sun et al., 2012), have been repeatedly reported in ADHD. However,
despite these generally consistent findings, some recent literature has
not observed static FC differences between the DMN and task-relevant
networks in ADHD, particularly networks related to cognitive control
(Dajani et al., 2019; de Lacy and Calhoun, 2019). Further, three recent
meta-analyses examining static FC alterations in ADHD have been con-
ducted with inconsistent results. Specifically, while two report differ-
ences within and between DMN and task-relevant network FC in in-
dividuals with ADHD as compared to control participants (Gao et al.,
2019; Sutcubasi et al., 2020), a third observes no brain regions with
significant FC alterations in ADHD (Cortese et al., 2020). These recent
findings imply that static FC may not be the most appropriate biomarker
to differentiate ADHD from TD individuals.

Given promising recent findings of studies that have investigated dy-
namic FC, in combination with the potential limitations of static FC, dy-
namic FC may be a particularly useful technique for gaining insight into
dysfunctional FC in ADHD, especially since moment-to-moment fluctua-
tions in behavior are greater in children with ADHD than in typically de-
veloping (TD) children. Reaction time (RT) variability is higher in ADHD
(Karalunas et al., 2014; Kofler et al., 2013), and periodic fluctuations in
RT across time are stronger in children with ADHD than in TD children
(Castellanos et al., 2005; Di Martino et al., 2008; Karalunas et al., 2013;
Vaurio et al., 2009). Notably, the frequency range in which these RTs os-
cillate (.02-.07 Hz) is similar to the range of low frequency BOLD oscilla-
tions that can be detected with resting state FC. Most relevant to this are
DMN fluctuations, as it is thought that DMN intrusions into task-relevant
processing underlie lapses of attention (Sonuga-Barke and Castellanos,
2007; Weissman et al., 2006). The small body of literature probing dy-
namic FC in ADHD has indeed supported the importance of the DMN, al-
though the observed role of DMN dynamics in ADHD is not entirely con-
sistent. Some literature has found that dynamics as related to the DMN
are restricted, including within the DMN (de Lacy and Calhoun, 2019),
between the DMN and a task-positive network (Abbas et al., 2019), and
between the DMN and sensory networks (the auditory network in partic-
ular) (Wang et al., 2018). Conversely, other literature has reported that
more variable FC between the DMN and task-relevant networks is ob-
served in ADHD (Cai et al., 2018; Kaboodvand et al., 2020). Notably, us-
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ing a machine learning approach, it has been found that when equating
the number of features going into the model, dynamic FC is better at dis-
criminating between ADHD and TD participants than conventional mea-
sures of static FC (Wang et al., 2018). Moreover, as further support that
DMN-related dynamic FC is relevant to ADHD, it has been observed that
more variable interaction patterns between the DMN and task-relevant
networks are correlated with ADHD symptomatology (both inattention
and hyperactivity/impulsivity) (Cai et al., 2018) and that stability of FC
patterns within the DMN and between the DMN and task-relevant cog-
nitive control networks are related to cognitive control performance, as
operationalized by Stroop task incongruent reaction times in adults with
and without ADHD (Kaboodvand et al., 2020).

The above suggests that dynamic FC analysis holds promise to iden-
tify mechanisms and characteristics contributing to the ADHD pheno-
type. Hidden semi-Markov models (HSMMs) may help to resolve the
inconsistent findings in the literature because they produce more accu-
rate estimates of state traversal compared to other common dynamic FC
analysis methods, such as sliding window and standard hidden Markov
models (HMMs). More specifically, HSMMs have the benefits of standard
HMMs, including the ability to handle large amounts of data and the
capability to detect rapid changes in dynamic FC, but they additionally
have the major advantage of explicitly modeling and estimating sojourn
distributions (the amount of time spent in each state before switching
to another) (Shappell et al., 2019).

Therefore, we utilized HSMMs to assess transitions across distinct
FC states in children with ADHD and TD children. We quantified each
participant’s most probable sequence of network states, along with time
spent in each state, sojourn distributions, and probabilities of transition-
ing across states. We hypothesized that sojourn distributions would be
particularly discriminative across groups, implying that children with
ADHD may have trouble traversing in and out of certain states. Specifi-
cally, we predicted that children with ADHD may get ‘stuck’ in an inat-
tentive state characterized by high connectivity between the DMN and
task-relevant networks, while they would be less likely to enter into or
maintain a cognitive control, or on-task attention, state characterized
by anticorrelations between the DMN and task-relevant networks.

2. Materials and methods
2.1. Participants

Participants in this study included 38 participants with ADHD (mean
age 10.21 years, 9 females) and 79 TD participants (mean age 10.23
years, 25 females) between 8 and 13 years. Groups were matched for
age, sex, 1Q, and socioeconomic status. Participants were a subset of
those from a larger study and selected if they had sufficient good quality
resting state data (see Data and processing for details). Importantly, when
comparing demographic and clinical characteristics of the included and
excluded participants with ADHD, we found that the groups did not
differ in terms of age, sex, socioeconomic status, IQ, ADHD symptoma-
tology (inattention or hyperactivity), number of participants with co-
morbid disorders, number of participants on stimulant medication, or
number of participants on medication to treat comorbidities (selective
serotonin reuptake inhibitors or other psychotropic drugs; all p-values
> 0.24, false discovery rate [FDR]-corrected for 10 comparisons). Sim-
ilarly, included and excluded TD participants did not differ in terms of
age, sex, socioeconomic status, IQ, or ADHD symptomatology (inatten-
tion or hyperactivity; all p-values > 0.87, false discovery rate [FDR]-
corrected for 6 comparisons; TD participants were not enrolled in the
study if they had comorbidities or were taking ADHD or other psy-
chotropic medication). Thus, our sample of included participants was
representative of the larger sample from which they were pulled.

Both ADHD and TD participants were primarily recruited through lo-
cal public schools, with additional resources including community-wide
advertisements, volunteer organizations, medical institutions, and word
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Table 1
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Demographic information and clinical characteristics. Results are presented as Mean (SD) or N
(%) unless otherwise stated. FD = framewise displacement. GAI = General Ability Index on the
WISC-IV or WISC-V (Wechsler, 2003b; 2014), which was our measure of IQ. SES = socioeconomic
status of parents (Hollingshead, 1975). fT-scores from Conners Parent Rating Scales-Revised or
Conners-3 (Conners, 2002; 2008). * = significant group difference two-sample t-tests (or, in the
case of sex and comorbid diagnoses, two-sample chi-squared tests), FDR-corrected p <.05.

Age (yrs)

Sex (M/F)

SES

GAI

Oppositional defiant disorder diagnosis
Conduct disorder diagnosis

Depression diagnosis

Anxiety diagnosis

Specific phobia diagnosis

ADHD Inattentive T-Score?

ADHD Hyperactive T-Score®

Currently taking stimulant medication
Naive to stimulant medication

Taking other psychotropic medication
Motion during resting state scan: FD (mm)

113.21 (15.50)

ADHD TD P-value

(n = 38) (n=179) (corrected)
10.21 (1.24) 10.23 (1.04) 0.93

29 /9 54 [ 25 0.45

54.74 (7.43) 54.51 (8.71) 0.93

117.92 (12.86)  0.15

15 (39.47%) 0 (0%) 0.00*
1(2.6%) 0 (0%) 0.20
1(2.6%) 0 (0%) 0.20

2 (5.3%) 0 (0%) 0.08

6 (15.8%) 1 (1.3%) 0.005*
74.18 (9.52) 45.47 (5.54) 1.4E-39*
7145 (15.14)  46.44 (5.19) 3.5E-24*
24 (65.8%) N/A N/A

10 (26.3%) N/A N/A

3 (7.9%) N/A N/A
0.15 (0.06) 0.12 (0.04) 0.001*

of mouth. This study was approved by the Johns Hopkins Institutional
Review Board. After complete description of the study to each partici-
pant and a parent or guardian, written informed consent was obtained
from the parent/guardian, and assent was obtained from the child.

Participants received an ADHD diagnosis if they met criteria for
ADHD using either the Diagnostic Interview for Children and Adoles-
cents, Fourth Edition (Reich et al., 1997) or the Kiddie Schedule for Af-
fective Disorders and Schizophrenia for School-Aged Children-Present
and Lifetime Version (Kaufman et al., 1997), in addition to either 1) a
t-score > 60 on the Inattentive or Hyperactive subscales of the Conners’
Parent or Teacher Rating Scales-Revised Long Version or the Conners-3
(Conners, 2002; 2008), or 2) a score of > 2 on at least 6 items on the Inat-
tentive or Hyperactivity/Impulsivity scales of the ADHD Rating Scale-
IV, Home or School Versions (DuPaul et al., 1998). Inclusion in the TD
group required scores below clinical cut-offs on the parent and teacher
(when available) Conners’ and ADHD Rating Scales, as well as no imme-
diate family members diagnosed with ADHD. Additional inclusion cri-
teria was as follows: no history of intellectual disability, seizures, trau-
matic brain injury or other neurological illness; no history of psychosis,
autism spectrum disorder, or reading disorder for ADHD participants
(for TD participants, no history of any psychiatric or developmental dis-
order other than specific phobia); no current psychoactive medication
(TD participants only; short-acting stimulant medication to treat ADHD,
as well as other medication to treat comorbidities, was OK for ADHD
participants; participants on other ADHD medications were excluded);
no MRI contraindications; full scale intelligence quotient (FSIQ) > 80
as assessed with the Wechsler Intelligence Scale for Children, Fourth or
Fifth Edition (WISC-IV or WISC-V) (Wechsler, 2003b; 2014), and Word
Reading score from the Wechsler Individual Achievement Test, Second
or Third Edition (Wechsler, 2003a; 2009) > 85. Comorbidities in the
ADHD group included: oppositional defiant disorder (15), conduct dis-
order (1), unspecified depressive disorder (1), anxiety disorders, includ-
ing generalized anxiety disorder and separation anxiety (2), and specific
phobia (6). Children with ADHD on short-acting stimulant medication
(6 girls, 19 boys) were eligible to participate if they withheld medica-
tion the day prior to and day of testing. Three participants were taking
longer-acting psychoactive medication and were not asked to withhold
that medication before testing (all three were taking a selective sero-
tonin reuptake inhibitor; one was additionally taking an antipsychotic).
Participant demographics and clinical characteristics are summarized in
Table 1.

2.2. Data and processing

Resting state functional MRI data was collected at the Kennedy
Krieger Institute F. M. Kirby Research Center for Functional Brain Imag-
ing using a 3-Tesla Philips Achieva whole-body MR machine. Data were
collected using either an 8-channel head coil (n = 59) or a 32-channel
head coil (n = 67; n = 5 not recorded). Whole-brain functional data were
acquired using a multi-slice SENSE-EPI pulse sequence (TR = 2500 ms,
TE = 30 ms, SENSE factor = 2, flip angle = 70°, 47 contiguous ascending
3 mm slices with in-plane resolution of 3.05 mm x 3.15 mm). Partici-
pants were instructed to stay awake with their eyes open and to fixate
on a white crosshair in the center of a gray screen. Participants received
a single resting state run that lasted either 5.3 min (128 timepoints; n =
11) or 6.5 min (156 timepoints; n = 120). A high-resolution T1-weighted
(T1w) structural 3D MP-RAGE was also acquired (TR = 8 ms, TE = 3.7
ms, flip angle = 8°, resolution = 1 mm x 1 mm x 1 mm).

Functional data were minimally preprocessed using FMRIPREP ver-
sion 1.0.7 (Esteban et al., 2019), a Nipype (Gorgolewski et al., 2011;
2017) based tool. Each T1lw volume was corrected for INU (intensity
non-uniformity) using N4BiasFieldCorrection v2.1.0 (Tustison et al.,
2010) and skull-stripped using antsBrainExtraction v2.1.0 (using the
OASIS template). Brain surfaces were reconstructed using recon-all
(FreeSurfer v6.0.0) (Dale et al., 1999). The brain mask estimated pre-
viously was refined with a custom variation of the method to reconcile
ANTs-derived and FreeSurfer-derived segmentations of the cortical gray-
matter of Mindboggle (Klein et al., 2017). Spatial normalization to the
ICBM 152 Nonlinear Asymmetrical template version 2009¢ (Fonov et al.,
2009) was performed through nonlinear registration with antsRegis-
tration (ANTs v2.1.0) (Avants et al., 2008), using brain-extracted ver-
sions of both T1lw volume and template. Brain tissue segmentation of
cerebrospinal fluid (CSF), white-matter (WM) and gray-matter (GM)
was performed on the brain-extracted Tlw using fast (FSL v5.0.9)
(Zhang et al., 2001).

Functional data was slice time corrected using 3dTshift (AFNI
v16.2.07) (Cox, 1996) and motion corrected using mcflirt (FSL v5.0.9)
(Jenkinson et al., 2002). This was followed by co-registration to the
corresponding T1w using boundary-based registration (Greve and Fis-
chl, 2009) with 9° of freedom, using bbregister (FreeSurfer v6.0.0). Mo-
tion correcting transformations, BOLD-to-T1w transformation and T1w-
to-template (MNI) warp were concatenated and applied in a single step
using antsApplyTransforms (ANTs v2.1.0) using Lanczos interpolation.
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Physiological noise regressors were extracted from mean signal
within CSF and WM. Framewise displacement (FD) (Power et al., 2014)
was calculated for each functional run using the implementation of
Nipype.

Many internal operations of FMRIPREP use Nilearn (Abraham et al.,
2014), principally within the BOLD-processing workflow. For more de-
tails of the pipeline see http://www.fmriprep.readthedocs.io/en/latest/
workflows.html.

Following the minimal preprocessing, data were bandpass filtered
(.01-0.8 Hz), and 32-parameter nuisance regression was applied (6 rigid
body motion parameters, mean CSF and mean WM; temporal derivatives
and quadratic expansions of these 8 regressors; quadratic expansions of
the 8 temporal derivatives). We chose this processing stream follow-
ing recommendations from Ciric and colleagues (Ciric et al., 2017) and
Parkes and colleagues (Parkes et al., 2018). Participants were included
in this sample if they had mean FD < 0.28mm and no individual spikes
in motion > 0.75mm. Mean FD was larger for the participants with
ADHD than for the TD participants (mean ADHD: 0.153mm; mean TD:
0.117mm; t(129) = 4.11, p <.0001). We chose to not match the groups
on mean FD given evidence that head motion is correlated with ADHD
symptomatology and that head motion and ADHD may have similar ge-
netic loadings (Couvy-Duchesne et al., 2016). Thus, matching groups on
mean FD could result in a non-representative sample of children with
ADHD. To ensure that our data processing sufficiently removed motion-
related artifacts from the data in both groups of participants, we calcu-
lated motion-related quality control metrics on the postprocessed data
(Ciric et al., 2017) and correlated mean FD across participants with our
output metrics from the HSMM: dwell times and mean/maximum so-
journ times (see Statistical inference and permutation testing for descrip-
tion of the metrics). We further assessed whether any of the states were
related to high motion timepoints by comparing the mean FD for time-
points within each state to that of the other states. See Supplementary
Material for description of our motion-related quality assurance steps
and findings.

Following processing, we partitioned the brain into 100 cortical ROIs
using the functional Local-Global Atlas (Schaefer et al., 2018). We fo-
cused our investigation on networks found to be dysfunctional in ADHD
(Cao et al., 2014; Castellanos and Proal, 2012; Henry and Cohen, 2019),
resulting in a subset of 70 ROIs. We used the 17-network parcellation
from Yeo and colleagues (Yeo et al., 2011) to define the network to
which each ROI was assigned. These included the default mode net-
work (DMN; Default A/B/C: 21 regions), fronto-parietal control net-
work (FP; Control A/B/C: 16 regions), salience/ventral attention net-
work (SAL/VAN; Salience/VenAttn A/B: 14 regions), dorsal attention
network (DAN; Dorsal Attention A/B: 13 regions), and hand somatomo-
tor network (SM; Somatomotor A: 6 regions). The fully processed time-
series data were averaged within each ROI, and these ROI time-series
were used in analyses.

2.3. Hidden semi-Markov modeling

We implemented an HSMM on our entire data set. For results imple-
menting separate models for the ADHD and TD groups, see Supplemen-
tary Material. We denote the ROI time-series data for each participant
by Y;;,....Y;, where each p—dimensional vector Y;, contains the BOLD
measurements of the p ROIs at the 1 timepoint for the i"" participant.
The collection of vectors of observed time-series data is denoted by Y.
We represent a true/hidden network index variable underlying the ob-
served time-series vectors at a particular observation time by .S;,. The
vector of true network state variables, S;,, ..., S;r, is denoted by S;.

We assume that each Y}, follows a multivariate Gaussian distribution
Y, ~ N (g, Z ), in which the mean and covariance are dependent on
the current (unknown) network state k of the timepoint. Thus, each net-
work state has its own set of mean activations across our pre-specified
ROIs, as well as its own covariance/correlation structure between ROIs.
For our main analysis, we fit one set of network states using the data
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across all individuals (see Supplementary Material for states fit on ADHD
and TD individuals separately). The number of states one can fit must
be specified a-priori and is heavily dependent on the number of partic-
ipants, number of timepoints, and number of ROIs. This is because as
the number of states increases, the number of parameters required to be
estimated similarly increases. Given our sample size, we found that six
states produced stable parameter estimates over multiple fittings of the
model.

We used the HSMM, an extension of the standard HMM, to model
our data (Fig. 1) (Shappell et al., 2019). The main difference is that
the sojourn time distribution is explicitly defined in the HSMM, and
therefore is able to be estimated. Each underlying brain state variable
is dependent on two items — the previous network state and the amount
of time spent in the current network state. These two items are modeled
by transition probabilities and sojourn time distributions. In this paper,
we used a smoothed-nonparametric sojourn distribution since we do
not know the exact form of the sojourn distribution. See Supplementary
Material for the complete data log-likelihood of the HSMM.

2.4. Maximum likelihood estimation

The HSMM parameters (mean vector and covariance matrix for each
state, initial state probabilities, sojourn distributions, and state tran-
sition probabilities) were estimated utilizing the mhsmm R package
(O’Connell et al., 2011). This package allows for inference for multi-
ple observation sequences (i.e., multiple participants at once). There-
fore, we concatenated each individual’s time-series data so that the total
number of rows in our data set was equal to the sum of the time-series
lengths across all individuals. The number of columns in our data set was
equal to the number of ROIs (n = 70). The HSMM parameters were then
estimated on this entire data set, resulting in one set of model parame-
ter estimates. Results showing estimates obtained from fitting the model
on TD and ADHD groups separately are presented in the Supplementary
Material.

The Expectation-Maximization algorithm (Dempster et al., 1977)
was used to estimate all model parameters. Each participant’s most prob-
able sequence of true network states was estimated using the Viterbi
Algorithm (Forney, 1973). The Viterbi algorithm takes the state esti-
mates, transition probability estimates, sojourn density estimates, and
initial state probability estimates obtained from fitting the HSMM on all
participants and calculates each individual participant’s most likely se-
quence of states given those estimates, along with the participant’s BOLD
time-series data. In other words, the Viterbi algorithm takes an individ-
ual’s time-series data and finds which of the six states estimated from the
entire data set that the data is suggesting he/she is in at each timepoint.
Therefore, although the state estimates are based on the entire data set
and are not subject-specific, when a state is active is subject-specific. A
further description of the model estimation procedure, including how
the non-parametric sojourn densities were estimated, can be found in
Shappell et al. (2019).

2.5. State graph metric calculation

To better characterize each of the states, graph metrics of network
organization were calculated. Correlation matrices obtained from each
of the six fitted states were used to construct undirected, weighted
graphs. All negative correlation values were set to 0. The Brain Con-
nectivity Toolbox (www.brain-connectivity-toolbox.net) (Rubinov and
Sporns, 2010) was then used to calculate global efficiency, local effi-
ciency, and modularity for each state.

Global efficiency is defined as the inverse of the average shortest
path length in the network (Latora and Marchiori, 2001) and is a mea-
sure of overall network integration, which can be conceived of as how
quickly information can pass across an entire network. Local efficiency
for a given node is defined as the average inverse shortest path length
among neighboring nodes of that node (i.e., those directly connected
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to the node of interest) (Latora and Marchiori, 2001). Local efficiency
is a measure of the efficiency of information transfer within a network
of neighboring (i.e., local) nodes. Modularity quantifies the degree of
segregation of a network into distinct subnetworks by relating the num-
ber of within-network connections to all connections, such that higher
values indicate a greater degree of segregation (Newman, 2004). For
equations of these calculated graph metrics, see Supplementary Material.

2.6. Statistical inference and permutation testing

We assessed the relationship between ADHD diagnosis and dwell
times and empirical sojourn distributions of the brain states inferred
from the HSMM. A participant’s dwell time for each state was calcu-
lated by summing the total number of timepoints spent in that state and
dividing by the length of the participant’s time-series, then converting to
a percent. Group averages were then calculated for each state by finding
the mean across all participants in each group. To calculate the empirical
sojourn distribution of each state for a participant, we counted the num-
ber of consecutive timepoints the participant remained in a given state.
We then gathered these counts across all participants in each group and
computed a density estimate for each group from the counts. For all cal-
culations involving sojourn times, we left out the starting state sequence
and ending state sequence for every individual. We did this to avoid a
bias towards shorter sojourn times since we had no way of knowing how
long the individual was in the state before beginning the scan or after
ending the scan.

After obtaining separate empirical sojourn distributions for each
group for all 6 states, we performed a group comparison of each state’s
empirical sojourn distribution using Kullback-Leibler (KL) divergence,
a measure of the directed divergence between two probability distribu-
tions. See Shappell et al. (2019) for a more detailed description of the
KL divergence in this context. In the simple case, a KL divergence of 0
indicates identical behavior from both distributions, whereas a KL diver-
gence of 1 indicates vastly different behavior. The Philentropy R package
was used to calculate the KL divergence.

To determine if any observed dwell time and/or sojourn distribution
differences were statistically significant, we performed a permutation
test based on 500 permuted samples.

2.7. Relationships with ADHD symptoms

Finally, we examined whether dwell times or sojourn distributions
of the derived states were related to symptoms in the participants with
ADHD. To do so, we extracted dwell time and sojourn time for each par-
ticipant with ADHD and correlated those metrics with symptom severity
as assessed using t-scores on the Conners’ Parent Rating Scale, both for
the Inattentive and Hyperactive subscales. We could not reliably esti-
mate the entire sojourn distribution on an individual participant level
given the small sample size (i.e., we would need a much longer scan or
multiple scans for each individual), so instead we extracted mean and
maximum sojourn time associated with each state for each participant
with ADHD. We focused our analyses on states and HSMM metrics that
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Fig. 1. Hidden semi-Markov model overview.
The unobserved hidden states evolve accord-
ing to a semi-Markov process characterized by
state transition probabilities (underlying the
red arrows) and duration densities/sojourn dis-
tributions (dashed lines). The BOLD signals at
each timepoint are assumed to follow a Gaus-
sian distribution with parameters that depend
on the current network state.

showed group differences and used the FDR correction for the appropri-
ate number of comparisons.

3. Results
3.1. Functional brain state characterization

First, we investigated the FC patterns of the six network states esti-
mated using the HSMM (Fig. 2). State 6 differed substantially from the
other states with regard to FC patterns, with globally stronger positive
correlation values and no negative correlations. The average positive
correlation value between the ROIs in state 6 was 0.44, as compared to
0.24, 0.31, 0.26, 0.25, and 0.29 in states 1, 2, 3, 4, and 5, respectively.

In contrast, states 1-5 all consisted of negative correlations between
the DMN and other networks, with states 1, 3, and 4 having the greatest
number of negative correlations (282, 101, and 144 compared to 25,
61, and O in states 2, 5, and 6). In particular, states 1, 3, and 4 had
more negative correlations between the DMN and SAL/VAN compared
to states 2, 5, and 6 (110, 60, and 83 compared to 22, 44, and 0 in states
2, 5, and 6). Additionally, states 1 and 4 had more negative correlations
between the DMN and DAN compared to the other states (104 and 34
versus 2, 10, 5, and 0 in states 2, 3, 5, and 6).

Fig. 3 presents the connectivity differences between states 1, 3, and 4
(the three states containing the largest number of negative correlations)
by showing a heat map of the difference in correlation values for all
pairs of regions between state 3 and states 1 and 4. We choose state 3 as
the common comparison state for the figure because it differed in both
dwell time and sojourn distribution between the two diagnostic groups
(see Results sections State dwell times and State sojourn times, as well as
Figs. 7 and 8). Overall, state 1 had stronger negative correlations as
compared to states 3 and 4, with an average negative correlation value
of 0.076 (states 3 and 4 had averages of 0.061 and 0.072, respectively).
Moreover, state 1 had a greater number of stronger negative correlation
values between SAL/VAN and DMN ROI pairs compared to states 3 and
4 (68% of the top 25% strongest negative correlation values came from
state 1, while 28% came from state 3 and 4% came from state 4).

Additionally, state 3 had stronger positive correlations within and
between the SM and DAN as compared to states 1 and 4. Positive within
SM ROI pairs had a mean correlation value of 0.623 for state 3 versus
0.521 and 0.518 for states 1 and 4, respectively. Positive within DAN
ROI pairs had a mean correlation value of 0.491 for state 3 compared to
0.433 and 0.440 for states 1 and 4. Moreover, positive between SM-DAN
correlations had a mean value of 0.399 for state 3 compared to 0.340 and
0.336 for states 1 and 4. Therefore, state 1 had the strongest negative
correlations between the SAL/VAN and DMN, while state 3 (which had
the second strongest number of negative correlations) had the strongest
positive correlations within and between task-relevant networks (i.e.,
SM and DAN). States 1 and 3 are two states we would expect to observe
when someone is in an attentive, externally-oriented state.

In addition to connectivity differences, the activation patterns of the
six states differed. Most notably, state 6 had above average activation
levels. The average positive z-scored activation value in state 6 was
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Fig. 2. Pearson correlation matrices for the six states estimated via the HSMM. These six states represent the functional connectivity patterns that occurred in all
participants regardless of group during the resting state scan. Red cells indicate a positive correlation between the two corresponding ROIs, while blue cells indicate
a negative correlation (or anticorrelation). Individual ROIs are grouped by intrinsic network. These include the default mode network (DMN; Default A/B/C: 21
ROIs), fronto-parietal control network (FP; Control A/B/C: 16 ROIs), salience/ventral attention network (SAL/VAN; Salience/VenAttn A/B: 14 ROIs), dorsal attention
network (DAN; Dorsal Attention A/B: 13 ROIs), and hand somatomotor network (SM; Somatomotor A: 6 ROIs).

Table 2

Metrics derived from graph theory that quantify whole-brain topology for each of

the 6 states.

State 1 State 2
Global Efficiency  0.2661 0.3290
Local Efficiency 0.2214  0.2932
Modularity 0.2380  0.0826

State 3 State 4 State 5 State 6
0.2888 0.2782 0.3219 0.4457
0.2425 0.2287 0.2780 0.4307
0.1521 0.1636 0.1074 0.0316

0.024 compared to 0.013, 0.009, 0.017, 0.019, and 0.014 in states 1-5,
respectively. Of the other five states, states 1 and 5 stood out as having
below average activation values across a majority of the resting-state
sub-networks compared to states 2—-4 (average negative z-scored values
of 0.024 and 0.030 for states 1 and 5 versus 0.014, 0.016, and 0.013
for states 2, 3, and 4). States 2-4 had a mix of above average activation
values and below average activation values across the 70 ROIs (Fig. 4)

3.2. Topological characteristics of the brain states

To further characterize the brain states, we quantified aspects of
global topology of each of the states. Table 2 presents the global effi-
ciency, local efficiency, and modularity of each of the 6 states. Fig. 5
reveals the topology of the top 20% of positive correlations for all six
states (taking into account the connections over all six states, as opposed
to each state individually).

State 6 had the highest global and local efficiency and lowest mod-
ularity of all six states. As is evident in the graphical representation
(Fig. 5), state 6 consisted of stronger positive correlation values than any
other state, and the nodes of different sub-networks were less separated
than for the other states. These observations support the conclusion that
state 6 was hyperconnected both within and across sub-networks. The
low value of modularity further indicates that all sub-networks were

strongly connected to each other, meaning there was not a strong bias
for segregation across sub-networks.

States 2 and 5 had somewhat high values of global and local effi-
ciency compared to states 1, 3, and 4, although all values were more
moderate than state 6. States 2 and 5 additionally had lower relative
values of modularity. This is also reflected in the graphical representa-
tion of these states (Fig. 5), as states 2 and 5 contained more connections
and less segregation across sub-networks than states 1, 3, and 4.

In terms of global topology, states 1, 3, and 4 were similar, with
relatively low values of global and local efficiency and relatively high
values of modularity. As described above, the strength of connections
differentiated these states from each other more so than overall topol-
ogy. Specifically, state 1 consisted of stronger negative correlations be-
tween the DMN and the SAL/VAN compared to states 3 and 4, while
state 3 had the strongest positive correlations within and between the
SM and DAN.

3.3. State dwell times

We predicted the most likely state sequence for each participant
(Fig. 6). Of interest was the total percentage of estimated time partici-
pants spent in each state (dwell time) during the course of their resting
state scan. Numerically, children with ADHD spent a larger percentage
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Fig. 3. Differences in correlation values be-
tween state 3 and states 1 and 4. Left column:
The correlation differences for the subset of
ROI pairs that had a negative correlation for
state 3 (solid white cells represent ROI pairs
not in this subset or ROI pairs that have no
difference between the two states). Blue cells
indicate either a weaker negative or a positive
correlation as compared to state 3. Red cells
represent pairs of ROIs in which the correla-
tion was more strongly negative as compared
to state 3. Right column: The correlation differ-
ences for the subset of ROI pairs that had a pos-
itive correlation for state 3 (again, solid white
cells represent ROI pairs not in this subset or
ROI pairs that have no difference between the
two states). Blue cells indicate a stronger pos-
itive correlation as compared to state 3. Red
cells indicate a negative correlation or a weaker
positive correlation as compared to state 3.

Fig. 4. Mean z-scored activation levels es-
timated via the HSMM, as described in
Section 2.3, for each ROI across the six esti-
mated brain states. Red, orange, and yellow ar-
eas indicate regions that have above average
activation levels for a particular state, while
green and blue areas indicate regions with be-
low average activation levels.
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Fig. 5. Graph representations of the top 20% of positive correlations for all six states (overall across all states). Edge widths and color are proportional to correlation
value (darker and wider edges represent higher positive correlations). Vertices are color-coded according to brain sub-network. Graphs are plotted using the igraph
R package and the Fruchterman-Reingold layout (Fruchterman and Reingold, 1991), in which nodes that are more highly connected are placed near each other by

the algorithm.

Table 3

Dwell times (represented by percentage of total time) for each state for
participants with ADHD as compared to TD participants. P-values are gen-
erated from permutation testing.

State 1 State 2 State 3 State 4 State 5 State 6
ADHD 7.09% 12.55% 8.60% 18.10% 15.05% 38.61%
TD 15.48% 14.50% 15.53% 13.17% 16.84% 24.50%
P-values 0.014 0.728 0.048 0.148 0.376 <0.001

of time in states 4 and 6, and a smaller percentage of time in states 1, 2,
3, and 5, as compared to TD children. The biggest differences in average
dwell time between the two groups were for states 1, 3, and 6, which
corresponded to the anticorrelated states and the hyperconnected state
(Fig. 7, Table 3). Permutation testing revealed that children with ADHD
spent significantly less time in states 1 (p =.014) and 3 (p =.048), and
significantly more time in state 6 (p <0.001), than TD children. There
was no statistically significant dwell time difference across groups for
the other three states (Table 3).

3.4. State sojourn times

The sojourn time represents how long a participant spends in a state
before transitioning to another state. Similar to dwell times, we con-
ducted permutation testing and we found a significant difference in so-
journ distributions between the two groups for state 3, the anticorrelated
state with relatively strong positive correlations within and between the
SM and DAN (p =.044), and state 6, the hyperconnected state (p =.002;
Fig. 8). Specifically, we found that children with ADHD spent less time
in the anticorrelated state (state 3) and more time in the hyperconnected
state (state 6), before switching to another state compared with TD chil-
dren. Group difference p-values for the remaining states were all p >
0.60.

3.5. State transition probabilities

Additionally, the two groups of participants differed in how likely
they were to transition to each of the other states from their current
state (Fig. 9). The participants with ADHD transitioned into state 6 (the
hyperconnected state) from states 3 and 4 (two anticorrelated states)
more often than the TD participants, as well as from state 1 (another
anticorrelated state) into state 5 (a state with few anticorrelations). They
additionally transitioned less often from state 6 (the hyperconnected
state) into state 1 (the state with the strongest anticorrelations), as well
as from state 4 (an anticorrelated state) into state 2 (a state with few
anticorrelations).

3.6. Relationships with ADHD symptoms

Finally, we related dwell time, mean sojourn time, and maximum
sojourn time of the states that showed significant group differences to
symptom severity in the participants with ADHD. Specifically, we cor-
related inattentive and hyperactive symptoms with dwell time for states
1, 3 and 6, and both mean and maximum sojourn times for states 3 and
6. After FDR-correction for 14 comparisons, we did not observe any re-
lationships between the HSMM-derived metrics and symptoms (all FDR-
corrected p-values >.51).

4. Discussion

Differences in static FC between children with ADHD and TD chil-
dren, on both the whole-brain scale and as related to specific sub-
networks, have been reported (Cao et al., 2014; Gao et al., 2019; Henry
and Cohen, 2019; Sutcubasi et al., 2020). However, specific regions are
not consistent across studies (Cortese et al., 2020), indicating the need
for other methods to distinguish ADHD from TD individuals. A small
but emerging literature investigating dynamic FC in ADHD has observed
differences in the temporal patterns of FC between ADHD and control
participants (Abbas et al., 2019; Cai et al., 2018; de Lacy and Calhoun,
2019; Kaboodvand et al., 2020; Wang et al., 2018) and may thus pro-
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vide insight beyond that which has been gained from static FC studies.
Thus far, this research has largely used sliding window or instantaneous
phase synchrony approaches. Here, we extend this literature by using
an HSMM to obtain the most likely sequence of states for each partic-
ipant in a maximum likelihood model-based manner. This method has
advantages over the prior approaches in that the sojourn distribution is
built directly into the model, and therefore, it is possible to better char-
acterize additional aspects of dynamic FC, such as sojourn time distribu-
tions (Shappell et al., 2019). Thus, we were able to investigate whether
children with ADHD differ from TD children in how long they spend
in each state before transitioning to a different state. This feature of
dynamic FC may be particularly relevant to ADHD given hypotheses
that an inability to maintain states with reduced DMN connectivity may
contribute to variability in attention and behavior (Sonuga-Barke and
Castellanos, 2007).

We estimated six network states that children with ADHD and TD
children transitioned in and out of during a resting state fMRI scan,
as well as each participant’s most probable sequence of states. This al-
lowed us to quantify and compare the amount of time spent in each
state, the probabilities of transitioning from one particular state to an-
other, and the speed at which the participants switched out of states. We
observed that children with ADHD spent less time in states character-
ized by anticorrelations between the DMN and task-relevant networks,
particularly the SAL/VAN, as well as by strong positive correlations be-
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Fig. 6. (Top) State sequences across time ob-
served for participants with ADHD. (Bottom)
State sequences across time observed for TD
participants. Note that 9 TD participants under-
went shorter resting state scans (128 volumes,
as compared to 156), thus their sequences end
earlier in the plot.

tween the DAN and SM. Conversely, they spent more time in a globally
hyperconnected state. This was the case when characterizing both dwell
times (i.e., percent of time spent in each state) and sojourn distributions
(i.e., number of consecutive timepoints in each state). Additionally, we
observed that children with ADHD were less likely to transition into
anticorrelated states and more likely to transition into hyperconnected
states as compared to TD children.

Our finding that children with ADHD spent less time in multiple an-
ticorrelated states (states 1 and 3), and were less likely to sustain an an-
ticorrelated state (state 3), extends static FC literature that has demon-
strated an overall reduction in anticorrelations between DMN and task-
relevant network regions in ADHD, including attention-related networks
such as the VAN (Kessler et al., 2014; Mills et al., 2018; Sripada et al.,
2014; Sun et al., 2012). It additionally helps to resolve recent findings
in contrast to this older literature that has observed a lack of static FC
differences in DMN functioning in ADHD (Cortese et al., 2020; Dajani
et al., 2019; de Lacy and Calhoun, 2019). While theories have been pro-
posed stating that children with ADHD may have trouble maintaining
sustained, on-task attention due to DMN intrusions into task-related pro-
cessing (Sonuga-Barke and Castellanos, 2007; Weissman et al., 2006),
current evidence for these theories is limited to activation analyses (i.e.,
findings that reduced deactivation of DMN brain regions during cogni-
tive tasks is related to poorer task performance) (Fassbender et al., 2009;
Helps et al., 2010) and static FC analyses (i.e., findings of reduced static
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Fig. 7. Permutation test results obtained from permuting ADHD/TD group labels 500 times and computing the difference in state 1, 3, and 6 dwell times between the
two groups for each of these 500 sets. The vertical line in each plot depicts where the observed group difference in dwell time fell with respect to the null distribution,
with group differences to the left of the null distribution indicating a greater dwell time for TD children and differences to the right of the null distribution indicating

a greater dwell time for children with ADHD.

FC anticorrelations during rest) (Mills et al., 2018). Dynamic FC anal-
yses such as those implemented here are better suited to directly test
the dynamic aspect of these theories, namely that attention is a cycli-
cal process with periods of waxing and waning attention. Specifically,
the current findings provide novel evidence that children with ADHD
are less likely to enter into or remain in DMN anticorrelated states as
compared to TD children. To more directly test the hypothesis that re-
duced time in an anticorrelated state is a mechanism for inattention in
ADHD, future studies probing dynamic FC during task performance and
using directed connectivity to assess the impact of DMN on task-relevant
networks are necessary.

States 1 and 3 additionally had strong positive correlations within
and between pairs of task-relevant networks, the SM and DAN in par-
ticular. Using static FC methods, reduced FC of the DAN (Cubillo et al.,
2010; Kessler et al., 2014; McCarthy et al., 2013; Zhu et al., 2008) and
within primary somatosensory cortices (McLeod et al., 2014) have been
found in resting state fMRI studies of children and adults with ADHD.
Thus, the reduced time and number of transitions into a state with strong
positive SM-DAN connections, in addition to indicating a reduced abil-
ity to sustain attention, may imply a mechanism for the poorer motor
functioning observed in children with ADHD (Cole et al., 2008; Gilbert
et al., 2011; 2019; MacNeil et al., 2011; Mostofsky et al., 2003).

We additionally found that children with ADHD were more likely to
transition into a hyperconnected state (state 6) characterized by high
global and local efficiency and low modularity as compared to TD chil-
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dren, and that they tended to remain in this state longer after transi-
tioning into it. This state was hyperconnected both within and across
sub-networks without a strong bias for segregation across sub-networks.
This result clarifies static FC findings of increased global connectivity
and/or lack of segregation between sub-networks in resting state FC
in ADHD (Kessler et al., 2014; Qian et al., 2019; Soros et al., 2019).
Specifically, our dynamic FC analysis provides evidence that the static
FC findings demonstrating a general increase in hyperconnectivity in
ADHD may be due to reduced ability of individuals with ADHD to sus-
tain anticorrelated states and transition out of hyperconnected states. A
more modular, specialized brain network organization emerges through-
out development and is associated with increased executive functioning
(Baum et al., 2017). Thus, an increased tendency to be in a less special-
ized, hyperconnected state may indicate support for the maturational
lag hypothesis in ADHD (El-Sayed et al., 2003; Shaw et al., 2007) and
may additionally underlie the executive functioning deficits commonly
observed in ADHD. Notably, prior studies using graph theory with static
FC data to characterize network organization have found increased local
efficiency in ADHD (consistent with our results of children with ADHD
spending more time in a highly locally efficient state), but decreased
global efficiency (inconsistent with our results of this state also being
high in global efficiency, although significant differences in global effi-
ciency are limited to adults with ADHD and may thus be due to devel-
opmental factors) (Lin et al., 2014; Wang et al., 2009). This highlights
the additional information that can be gained by taking dynamics into
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Fig. 8. (Top) Estimated empirical sojourn distributions for states 3 and 6 for the ADHD and TD groups, indicating that children with ADHD spend less time in state 3
and more time in state 6 than TD children before switching to another state. (Bottom) Permutation test results obtained from permuting the ADHD/TD group labels
500 times and calculating the Kullback-Leibler (KL) divergence (a measure of how similar the two distributions are) between the states for each of those 500 sets.
The vertical line in each plot depicts where the observed KL divergence fell with respect to the null distribution.

account, namely that FC patterns change throughout the course of a
resting state scan, and it is the dynamics that differ between children
with ADHD and TD children as opposed to the functional connectiv-
ity patterns of the states in general. We report support for this claim
in our Supplementary Material, in which we demonstrated that the FC
states are similar across the ADHD and TD groups even when estimat-
ing states for each group separately. Future longitudinal investigations
can more directly assess whether our findings related to the hypercon-
nected state support the maturational lag hypothesis of ADHD. Further,
relating dynamic FC characteristics to behavioral measures of executive
functioning would directly assess whether dysfunction in dynamic FC
underlies executive functioning deficits in ADHD.

In addition to characterizing state patterns and transitions in our
participants, we examined whether characteristics of the state dynam-
ics were related to symptoms in the participants with ADHD. We did
not find that ADHD symptoms were related to dwell time, mean sojourn
time, or maximum sojourn time of any of the states that showed signif-
icant group differences (states 1, 3, and 6). This could be due to a few
reasons. First, it is possible that the state dynamics reflect categorical
group differences and thus there is not a relationship between symptom
severity and HSMM metrics. Second, for the sojourn distribution param-
eters in particular, we could not estimate the entire distribution on the
level of single participants, thus we related summary measures (mean,
maximum) that may be less sensitive to individual differences than the
full distributions. Finally, we have a relatively small sample of partic-
ipants with ADHD (n = 38), thus we may not have had the power to
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observe significant relationships with the dynamic state metrics given
the underlying effect size. Future research should further investigate the
relationship between participant characteristics and HSMM metrics in
a larger sample with more data per participant to differentiate between
these possibilities.

Together, our findings extend existing studies implementing dy-
namic FC in ADHD, which support the idea that whole-brain dynamic FC
measures discriminate between ADHD and TD participants (Wang et al.,
2018), particularly as related to DMN inter-network connections. Re-
duced dynamics of the DMN in general have been observed in ADHD
(de Lacy and Calhoun, 2019), as have DMN-sensory network interac-
tions (Wang et al., 2018) and DMN-higher-order task-relevant network
interactions (including regions related to cognitive control and atten-
tion) (Abbas et al., 2019). Conversely, however, other studies have ob-
served increased FC dynamics between the DMN and task-relevant net-
works in ADHD (Cai et al., 2018; Kaboodvand et al., 2020). While we did
not focus specifically on the DMN in our analyses, we observed that chil-
dren with ADHD were less likely to enter into or sustain states charac-
terized by DMN-related anticorrelations. Notably, we also observed that
these anticorrelated states were characterized by increased connectivity
between task-relevant networks known to be dysfunctional in ADHD,
namely the DAN and SM. Thus, our focus on whole-brain states instead
of focusing on specific networks expands existing findings to provide
a fuller picture of alterations in dynamic FC in ADHD. To fully under-
stand how these network alterations underlie cognitive deficits observed
in ADHD (i.e., poorer motor function, attention, and executive function-
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Fig. 9. A visual representation of the conditional transition probabilities be-
tween states, as well as the state dwell times. Edge widths are proportional
to the conditional transitional probabilities between states, with thicker edges
representing a higher probability. State node sizes are proportional to the dwell
time of each state. We highlighted the five largest conditional probability differ-
ences between the two groups with red and blue arrows. Red arrows in the top
figure for ADHD participants indicate a relatively high transition probability as
compared to the TD participants (greater than a 7.5% chance of transitioning in-
crease). Blue arrows indicate a relatively low transition probability in the ADHD
group as compared to the TD group (greater than a 7.5% chance of transitioning
decrease).

ing), conducting similar analyses during cognitive task performance is
needed.

Importantly, though we excluded participants with ADHD from the
larger study from which our sample was pulled, the current sample did
not differ from the larger sample in terms of any of the diagnostic or
clinical criteria on which we compared the groups (age, sex, socioeco-
nomic status, IQ, ADHD symptomatology, comorbidities, or treatment
status). Further, it is important to note that we chose to include a sam-
ple of participants with ADHD that had other comorbid disorders. It has
been reported that the number of youth with ADHD with at least one co-
morbid disorder is as high as 73% (Taurines et al., 2010), thus we chose
to prioritize a more representative sample of children with ADHD over a
“pure” ADHD sample, which would be less generalizable. For the same
reason, we did not exclude participants with ADHD who were taking
stimulant medication, the recommended first-line treatment for ADHD
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(Austerman, 2015), or children taking medication to treat their comor-
bidities (SSRIs, antipsychotics). While this decision limits our ability to
conclude that the dynamic FC differences we observed in our ADHD
group is specific to ADHD, the ability to generalize to a representative
population is a strength of the study. Future research in a larger sample
with a balance of participants with and without comorbidities would
be able to tease apart dynamic FC differences due specifically to ADHD
versus due to ADHD-related pathology in general.

Though we chose not to match our groups on in-scanner motion
(mean FD) due to evidence that in-scanner motion is a characteristic
of ADHD (Couvy-Duchesne et al., 2016), we took rigorous steps to en-
sure that mean FD did not drive our results. Our data processing, chosen
because of its ability to sufficiently reduce spurious effects of motion
(Ciric et al., 2017; Parkes et al., 2018), greatly reduced motion-related
artifacts in our data according to quality control criteria (see Supple-
mentary Material) (Ciric et al., 2017). To ensure that after processing
motion did not have a large impact on our findings, we correlated mean
FD with the HSMM metrics across our states and found that only one
HSMM metric for a single state was related to motion (the dwell time
of state 6; see Supplementary Material). This is not surprising given that
state 6 was more often observed during high motion timepoints than the
other states, indicating that it may be a functional connectivity pattern
that reflects increased in-scanner motion. If so, it is not surprising that
participants with ADHD, who had higher motion than TD participants,
spent more time in this state and were more likely to transition into
this state from other states. Further research probing whether this state
is a neural feature of ADHD or an artifact of motion is needed. Impor-
tantly, despite this potential confound regarding state 6, states 1 and 3,
which are both anticorrelated states, were not related to motion. Thus,
our finding that participants with ADHD spent less time in and were
more likely to transition out of anticorrelated states as compared to TD
participants is not confounded by the difference in mean FD across our
groups.

Finally, we chose to fit one set of states for all participants, despite
the sample being predominantly TD (68%). We believe this is appropri-
ate given that the HSMM does not simply average across all participants,
but instead estimates different states that best fit and capture both the
similarities and differences in the data. We found that six states prop-
erly fit the data, allowing for variability between the states entered by
TD children and children with ADHD. Critically, as reported in the Sup-
plementary Material, when fitting states for each group separately results
were strikingly similar to the states estimated from the full sample, justi-
fying our decision to combine across groups to maximize the data going
into the model. In the future, it would be useful to define participant-
specific states to allow for as much individuality as possible. In order to
do so, however, random effects would need to be incorporated into the
HSMM. A mixed-effects HSMM framework will be developed in future
work to enable individual state-fitting, as well as to enable covariates
such as sex, age, or behavior to be included as fixed effects directly in
the HSMM. Lastly, it should be noted as a limitation that the study was
not pre-registered.

4.1. Conclusions

To conclude, we investigated the dynamic mechanisms of brain net-
work dysfunction in ADHD. We found that children with ADHD spent
less total time in and switched more quickly out of anticorrelated states
characterized by a greater number of negative correlations between the
DMN and other sub-networks, particularly the SAL/VAN, as well as by
strong positive correlations between the DAN and SM. Additionally, we
found that children with ADHD spent more time in a hyperconnected
state characterized by high global and local efficiency and low modu-
larity as compared to TD children. These results demonstrate the utility
of the HSMM model when investigating network connectivity dynamics.
Importantly, they may indicate a mechanism for the behavioral symp-
toms and cognitive deficits commonly observed in children with ADHD,
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particularly as related to attention, motor functioning, and executive
function. To further probe this potential mechanism, future research
should relate characteristics of dynamic FC to cognitive performance,
as well as assess dynamic FC during cognitive tasks. Finally, longitu-
dinal studies are needed to investigate the potential of a maturational
delay of dynamic FC in children with ADHD.
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