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Abstract

Moment-to-moment reaction time variability on tasks of attention, often quantified by intra-individual response variability
(IRV), provides a good indication of the degree to which an individual is vulnerable to lapses in sustained attention.
Increased IRV is a hallmark of several disorders of attention, including Attention-Deficit/Hyperactivity Disorder (ADHD).
Here, task-based fMRI was used to provide the first examination of how average brain activation and functional connectivity
patterns in adolescents are related to individual differences in sustained attention as measured by IRV. We computed IRV
in a large sample of adolescents (n=758) across 'Go' trials of a Stop Signal Task (SST). A data-driven, multi-step analysis
approach was used to identify networks associated with low IRV (i.e., good sustained attention) and high IRV (i.e., poorer
sustained attention). Low IRV was associated with greater functional segregation (i.e., stronger negative connectivity)
amongst an array of brain networks, particularly between cerebellum and motor, cerebellum and prefrontal, and occipital
and motor networks. In contrast, high IRV was associated with stronger positive connectivity within the motor network
bilaterally and between motor and parietal, prefrontal, and limbic networks. Consistent with these observations, a separate
sample of adolescents exhibiting elevated ADHD symptoms had increased fMRI activation and stronger positive
connectivity within the same motor network denoting poorer sustained attention, compared to a matched asymptomatic
control sample. With respect to the functional connectivity signature of low IRV, there were no statistically significant
differences in networks denoting good sustained attention between the ADHD symptom group and asymptomatic control
group. We propose that sustained attentional processes are facilitated by an array of neural networks working together, and
provide an empirical account of how the functional role of the cerebellum extends to cognition in adolescents. This work
highlights the involvement of motor cortex in the integrity of sustained attention, and suggests that atypically strong
connectivity within motor networks characterizes poor attentional capacity in both typically developing and ADHD

symptomatic adolescents.
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Introduction

The ability to efficiently and consistently maintain attentional resources on a moment-to-moment basis is central to our
navigation of everyday life. Sustained attention can be examined behaviorally by measuring the intra-individual coefficient
of variation (IRV), which examines within-person trial-to-trial reaction time (RT) inconsistency on a given cognitive task
[1]. IRV is particularly advantageous in that it is a relatively simple measurement that controls for overall speed of
responding (e.g., it can be calculated as the standard deviation of RT divided by mean RT). IRV may provide a better metric
of cognitive impairment than other neuropsychological test measures, such as standardized cognitive or psychomotor tasks
[2,3,4] or simple RT [5]. Attentional deficits are commonly reported in attention deficit hyperactivity disorder (ADHD)
during both laboratory tasks and in daily life [6,7,8,9,10,11], with higher IRV commonly reported in ADHD
[12,13,14,15,16,17,18].

Brain Correlates of Sustained Attention

Neuroimaging studies have identified brain regions involved in sustained attention. For example, task-based fMRI
analysis in 42 adults showed that high IRV (i.e., poorer sustained attention) was associated with activation in the middle
frontal gyrus (MFQG), motor (precentral gyrus and pre-supplementary area; SMA), parietal, thalamic and insula regions [19].
In healthy adults, low IRV (i.e., better sustained attention) was associated with stronger activation of anterior cingulate
cortex (ACC) during a response inhibition task (Go/no-go task) [20], and during a gradual onset continuous performance
task [21]. In children (thirty 8-12-year-olds [22]), low IRV (i.e., better sustained attention) on a Go-No/Go task was
associated with stronger Go activation in anterior cerebellum (culmen) and stronger No-Go activation in motor,
frontoparietal (medial frontal gyrus; inferior parietal lobe, IPL) and cerebellar networks, while high IRV associated with
stronger Go and No-Go activation in MFG, caudate and thalamus. To date, however, the brain correlates of sustained
attention in healthy adolescents, as indexed by IRV, have not been comprehensively characterized. Furthermore, there has
been a surge of interest not only in characterizing task-evoked regional activity, but also in discovering how such regions
fit within large-scale neural networks in supporting sustained attention [23].

Recent research has posited that sustained attentional processes may emerge from an array of large-scale functional
connectivity networks [24,25], rather than from single brain regions [26,27]. Functional connectivity — synchronous
fluctuations in neural activity across the brain — can be measured by correlating the blood oxygenation level-dependent
(BOLD) signal time course between two brain regions. The dorsal attention network (DAN; comprising intraparietal sulcus
(IPS), superior parietal lobule; primate frontal eye fields, and inferior pre-central sulcus) and frontoparietal network have
been established for their involvement in sustained attention [28,29]. Stronger anticorrelations between task-positive
networks and the default mode network (DMN; including medial prefrontal cortex, posterior cingulate, anterior temporal
and precuneus) is associated lower IRV [30]. However, the extent to which other networks outside classic vigilance networks
(e.g., cerebellum) contribute to sustaining attention is less well understood [23,31]. One study in particular [32] examined
the relationship between task-based functional connectivity and sustained attention (a measure of sensitivity called d'on a
gradual-onset continuous performance task) in 25 healthy adults. They identified a low sustained attention network whose
connectivity was associated with poorer sustained attention (low d’), and a high sustained attention network whose

connectivity was associated with better sustained attention (high d'). The authors also tested the generalizability of these
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networks in comparison to separate resting-state data. Stronger connectivity between cerebellum with motor and occipital
networks, and occipital with motor networks predicted better sustained attention. In contrast, stronger connectivity between
temporal and parietal regions, and within the temporal lobe and cerebellum predicted poorer sustained attention, and also
largely predicted ADHD symptom severity when applied to an independent sample of 113 8-16 year-olds with and without
a diagnosis of ADHD. However, the d’ measure used to assess sustained attention in this case likely captures a different
facet of sustained attention than IRV. Moreover, examining commonalities in the brain networks implicated in sustained
attention across different behavioral measures and datasets is an important step in elucidating the neural underpinning of

individual differences in response variability.

IRV and ADHD

Functional connectivity in brain regions that have been previously implicated in poor attentional capacity in healthy
(adult) individuals may also be disrupted in individuals with ADHD [32]. ADHD is associated with altered functional
connectivity within and between the default, motor, cerebellar and frontoparietal networks [33,34], although findings in
relation to functional connectivity and ADHD remain relatively heterogenous [35]. Neurological and psychopathological
research is increasingly revealing a dimensionality aspect to developmental disorders such as ADHD [ 36] and
conceptualizing attention-related traits as existing along a continuum shifts the focus from diagnostic groups towards
diagnostic dimensions [37]. For example, reduced ventromedial prefrontal gray matter volume was associated with
increased IRV in adolescents with elevated ADHD symptoms [38]. Therefore, it is plausible that the (disrupted) functional
connectivity patterns related to IRV in ADHD may be apparent among those with subclinical attention difficulties. This has

yet to be examined.

The Present Study

In this study, we first sought to examine the relationship between fMRI activation and sustained attention, as
measured by IRV on trials requiring a speeded response, in a large, normative sample of adolescents. This analysis identified
a number of significant clusters, activation in which was then compared between a separate group of adolescents with
ADHD symptoms and a matched asymptomatic control group. Next, given that sustained attention may be better
characterised by the dynamic interactions of large scale brain networks than the degree of neural activation within single
brain regions [12,14,17,30,31], we examined the relationship between functional connectivity patterns and IRV in the
normative sample. We computed a task-based functional connectivity matrix by correlating the BOLD signal time courses
of every pair of regions in a 268-node brain atlas [39]. This connectivity matrix was then correlated with each individual’s
IRV score, in order to identify networks associated with high and low IRV. Finally, we compared the IRV-linked networks

identified in the normative sample between the ADHD symptom group and control group.



Materials and Methods

Participants
Fourteen-year-olds were recruited at eight sites, and completed two fMRI sessions, psychiatric and neuropsychological

assessments. Details of the full study protocol and data acquisition have been provided previously [40] (http://www.imagen-

europe.com/en/Publications_and SOP.php). Here, participants were allocated to one of three separate groups. The first was
designated as the normative sample (n=758; Table 1). The second, the ADHD symptom sample, (n=30; Table 2) were
selected according to the total score of ADHD parent ratings on the Development and Well Being Assessment (DAWBA;
description below), with a threshold of two standard deviations higher than the mean ADHD score of the Imagen sample. A
third group, the asymptomatic control sample (n=30; Table 2), had scores of 0 on the DAWBA for ADHD symptoms, and
were matched for age, sex, recruitment sites, handedness, pubertal development, performance 1Q and verbal IQ to the ADHD

symptom group.

Development and WellBeing Assessment (DAWBA) Interview

The DAWBA [41] is a structured set of questions designed to generate DSM-IV psychiatric diagnoses for children and
adolescents aged 5—17 years. The ADHD subscale of the DAWBA consists of 31 questions, and includes specific ADHD
subscales: hyperactive-impulsive, inattentive and combined. The DAWBA was administered to parents of the adolescents
by questionnaire, under the supervision of a research assistant. Groups were constructed based on similar symptom cut-
offs suggested by previous studies examining sub-clinical ADHD [42,43]. The three subscales were added together to
form an ADHD total score and the cut-off score for ADHD symptoms was calculated as two standard deviations from the
mean total score, while a score of zero was required in order to classify a participant as a member of the control group (i.e.

asymptomatic with respect to ADHD).

Wechsler Intelligence Scale for Children

Participants completed a version of the Wechsler Intelligence Scale for Children (WISC-1V) [44], which included the
following subscales: Perceptual Reasoning, consisting of Block Design (arranging bi-colored blocks to duplicate a printed
image) and Matrix Reasoning (the participant is presented with a series of colored matrices and must select the consistent
pattern from a range of options); and Verbal Comprehension, consisting of Similarities (two similar but different objects or
concepts are presented to the participant and they must explain how they are alike or different) and Vocabulary (a picture is
presented or a word is spoken aloud by the experimenter and the participant is asked to provide the name of the depicted

object or to define the word).

Puberty Development Scale (PDS)

The PDS scale [45] assessed the pubertal status of the adolescent sample, by means of an eight-item self-report measure of
physical development based on the Tanner stages, with separate forms for males and females. For this scale, there are five
categories of pubertal status: (1) prepubertal, (2) beginning pubertal, (3) midpubertal, (4) advanced pubertal, (5) postpubertal.

Participants answered questions about their growth in stature and pubic hair, as well as menarche in females and voice
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changes in males.

Stop Signal Task
Participants performed an adaptive event-related Stop Signal Task (SST) [46,47], which took approximately 16 minutes to

complete. The task consisted of 400 Go trials intermingled with 80 Stop trials; with between 3 and 7 Go trials between
successive Stop trials.During Go trials participants were presented with arrows pointing either to the left or right,
shown centrally on a screen for 1000 ms. During Go trials participants were required to make a single button-press
response with their left or right index finger corresponding to the direction of the arrow. In the unpredictable
Stop trials, the arrows pointing left or right were followed (on average 300 ms later) by arrows pointing upwards
(i.e. the Stop signal, shown for for 100—300 ms), which required participants to inhibit their motor responses during these
trials. A tracking algorithm [46,47] adjusted task difficulty by varying the stop-signal delay (SSD; the time interval between
Go signal and Stop signal onsets; 250-900 ms in 50-ms increments), in accordance with each participant’s performance on
previous trials (average percentage of inhibition over previous Stop trials, recalculated after each Stop trial). The aim of this
was to produce 50% successful and 50% unsuccessful inhibition trials. The inter-trial interval was jittered between 1.6 and
2.0 s (mean: 1.8 s) to enhance statistical efficiency [48]. If the participant responded to the Go stimulus before Stop stimulus

presentation (i.e. stop too early; STE), then the trial was repeated (up to a maximum of seven trials).

We calculated each participants’ Stop Signal RT (SSRT), an index of inhibitory function, by subtracting the mean stop-
signal delay (SSD) from the Go RT at the percentile corresponding to the proportion of unsuccessful stop trials. In other
words, the SSRT refers to the time taken to cancel a prepotent motor response after Stop stimulus presentation. IRV was

calculated by dividing each individual’s standard deviation of mean Go RT scores by their mean Go RT scores.

MRI acquisition and analysis

Functional MRI data were collected at eight IMAGEN sites (London, Nottingham, Dublin, Mannheim, Dresden, Berlin,
Hamburg, and Paris) with 3T MRI systems made by various manufacturers (Siemens: 4 sites, Philips: 2 sites, General
Electric: 1 site, and Bruker: 1 site). Standardized hardware for visual stimulus presentation (Nordic Neurolab, Bergen,
Norway) was used at all sites. The MR scanning protocols, cross-site standardization and quality checks are further
described in [40]. Functional runs included 444 whole-brain volumes acquired for each participant using echo-planar
imaging (EPI) sequence. Each volume contained 40 axial slices aligned to the anterior commissure—posterior commissure
(AC-PC) line (2.4-mm slice thickness, 1-mm slice gap ). The echo time (TE) was optimized (TE = 30 ms, repetition time

2200 ms; flip angle = 75°; acquisition matrix= 64 x 64) to provide reliable imaging of subcortical areas.

Preprocessing. Preprocessing of the fMRI imaging data from IMAGEN was performed centrally using an automated

pipeline with SPMS (Statistical Parametric Mapping, (http://www.fil.ion.ucl.ac.uk/spm/). fMRI BOLD images were co-

registered with the TIW structural image (MPRAGE). Functional images were then realigned to correct for head motion

and slice-time corrected using the first slice (top-down scanning) as reference for interpolation. T1W images were spatially
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normalized and non-linearly warped on Montreal Neurological Institute Coordinate System (MNI) space, using a custom
EPI template. The custom template (53 x 63 x 46 voxels) was based on a subset of 240 participants’ (30 from each of
IMAGEN’s eight sites) mean 480 EPI images that showed good spatial normalization, as measured by the overlap quality
between individual EPI masks and the MNI mask (EPI images were spatially-realigned and their temporal-mean image was
rigidly co-registered to their respective anatomical image). This normalization was applied to the EPI, and EPIs were then
averaged to form an EPI template that was subsequently applied to all T1W data. Voxels were resampled at a resolution of
3 x 3 x 3 mm. The functional data was then smoothed with a 4-mm full width half maximum Gaussian isotropic kernel.

The contrast images were subsequently analyzed using SPM12 (http://www.fil.ion.ucl.ac.uk/spm/software/spm12) and

custom Matlab scripts (Mathworks).

fMRI Activation. First-level activation maps were computed for go-trials, stop-success trials, and stop-fail trials
versus baseline in individually specified general linear models (GLM). Design matrices included regressors for
stop-success trials, stop-failure trials, Go too-late response trials, Go wrong response trials (i.e. wrong button
press), movement parameters, and nuisance covariates (age, sex, pubertal status, handedness, performance 1Q,
verbal 1Q, and data collection sites). On the second level, average fMRI activation for go-trials, stop-success trials, and
stop-fail contrasts were each correlated with IRV for the normative sample using SPM12. Uncorrected p-values of .001
(recommended as the minimum lower limit [49,50]), and a cluster extent of 32 contiguous voxels were used to provide a
corrected family-wise error rate of p < .05. Significant clusters from each statistical parametric maps for the three contrasts

were anatomically labelled by examining the MNI coordinates to xjview (http://www.alivelearn.net/xjview). Mean beta

values from the significant clusters derived from the normative samples were extracted for the ADHD symptom group and
asymptomatic control group. Between-group two-sample #-tests were performed to compare regions of interest (ROI)

between groups. Bonferroni correction was applied based on the total number of ROlIs.

Task-based Functional Connectivity. Whole-brain task-based functional connectivity was calculated using the following
approach: We first removed the effect of Stop trials from the fMRI time series (using a similar principle to that described in
[51]). Specifically, we generated a general linear model (GLM) that included Stop-fail and stop-success trials and movement
parameters. The Go condition (83% of trials) was not explicitly modelled. The residuals from this GLM, with stop-related
activity and movement removed, were used in the task-based connectivity analysis. ROIs were derived from a 268-node
functional brain atlas (referred to as the ‘Shen atlas’) that encompasses fine-grained, spatially homogeneous functional
parcellations of the entire brain, including cortex, subcortical areas, and cerebellum, which serve as nodes for network
analysis [39]. Network labels, Brodmann areas (BA), and Montreal Neurological Institute (MNI) coordinates were
automatically generated, and comprises ROIs with more coherent time courses than those defined by other atlases (e.g.
automatic anatomic labeling atlas [39]). For each participant, the ROI timecourse was calculated by averaging the BOLD
signal of all of its constituent voxels. This yielded 444 x 268 data points for each participant.

Since head motion occurs at low frequencies as intrinsic blood-oxygen level-dependent (BOLD) signal fluctuations,

it can generate discrete neural artifacts that cannot be subjugated by increasing sample size or scan duration [35]. In order
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to further control for head motion artifacts, we included framewise displacement as a nuisance covariate in all connectivity
analyses when computing partial correlations between functional connections and IRV (see below). Framewise
displacement was defined as the sum of absolute scan to scan difference of the six translational and rotational realignment
parameters [52]. We also conducted additional analyses to exclude head motion as a cause of spurious results: these analyses
are described in Supplemental Information. The global signal (GS; average value across all gray-matter voxels) was included
as a nuisance covariate once when computing the partial correlation between ROIs for each group (see below). The GS
mitigates against between-subject effects of head motion [see 53,54]. Although GS regression can bias group differences by
enhancing anti-correlated connections, and some caution should be taken when interpreting results [55], much of the
variance in the global signal can be explained by head motion, respiratory noise, and scanner hardware-related artifacts [56].

A partial Pearson’s correlation score was calculated among the 268 ROIs to determine their pairwise functional
connectivity strength, with GS regressed as a nuisance covariate at this point. This yielded a connectivity matrix of size
268 x 268, with 35,778 unique connections between ROIs for each individual. Data file Supplemental data 1.mat contains
all pairwise correlations for all subjects. Matrices were not thresholded based on raw connection strength, allowing us to
consider both low-variance connections (i.e., those that are consistently strongly positive or strongly negative across
participants) and high-variance connections (i.e., those that are positive in some participants and negative in others); the

latter, especially, may contain signal related to individual differences in IRV (see [57,58]).

Functional connectivity correlated with behavior. To assess the relevance of functional connections to behavior the
following analysis was performed: The 268 x 268 matrix of connections between ROIs was correlated with each
participant’s IRV across the normative sample. Framewise displacement, age, sex, pubertal status, handedness, performance
IQ, verbal 1Q, and data collection site were nuisance covariate regressors. Type 1 error was estimated via random-label
permutation by randomly shuffling IRV across participants and re-running the correlation analysis 1000 times in order to
obtain an empirical null distribution. This analysis quantifies the probability of obtaining a particular » value between IRV
and functional connectivity by chance. The observed r values between IRV and functional connectivity were considered
significant if their associated p value exceeded a particular percentile of the random-label permutation. The resulting
thresholded matrix consisted of connections between ROIs that were negatively correlated with IRV (i.e., indexing good
sustained attention) and connections between ROIs that were positively correlated with IRV (i.e., indexing poor sustained
attention). This thresholding was repeated using a series of significance thresholds (p < 0.001, and p < 0.0001) to identify
networks associated with the task. Regional and network labels for the significant results were obtained from the previously
available Shen atlas.

Having identified connections between ROIs that were significantly positively and negatively related to IRV using
the p < 0.001 cutoff, (for comparison to similar research [32]), we extracted and computed the same connections for the
ADHD symptom and asymptomatic control groups. For each functional connection, the »-values were Fisher-normalized
and then averaged across participants, within the ADHD symptom and asymptomatic control groups. This yielded two
matrices for each group 1): connections positively correlated with IRV and 2) connections negatively correlated with IRV.

Between-group two-sample 7-tests were then conducted to examine group differences for each of these two connection types.



RESULTS

Table 1 displays the summary characteristics of the normative sample and Table 2 displays the summary characteristics for

the ADHD and control groups.

TABLE 1: Summary statistics for the normative sample

Normative sample (n=758)i
Age (years) 14.55 (0.45)
Sex 425 Females
Handedness 664 Right
Pubertal Development 3 (0.69)
Performance 1Q 110 (14)
Verbal 1Q 113 (13)
IRV 0.235 (.038)
‘Go’ trial RT St. Dev. (ms) 101 (24)
‘Go’ trial mean RT (ms) 429 (61)
SSRT 217(37)
Head Motion 0.212 (.139)
(Framewise displacement)
Head Motion/IRV correlation 227

* Mean (standard deviation), unless otherwise indicated " Spearman correlation, p < .0001

TABLE 2: Summary statistics for ADHD symptom and asymptomatic control groups

ADHD Control )4
(n=30) (n=30)
ADHD Total Score (DAWBA) 43 (9.83) 0
Age 14(0.38) 14(0.41) 16"
Sex 26 Males 23 Males 32
Handedness 27 Right 24 Right 287
Pubertal Development 3(0.50) 3(0.71) 66"
Performance 1Q 101 (13.06) 103 (15.11) 61"
Verbal 1Q 109 (17.20) 105 (17.97) A48’
IRV 0.258 (0.04) 0.228 (0.36) <.005"
‘Go’ trial St. Dev. (ms) 115 (26.20) 90 (22.26) <.005"
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‘Go’ trial mean RT (ms) 446 (72) 391 (58.56) <.005"

SSRT 231(39) 228(41) 76
Head Motion 0.291 (0.218)  0.195 (0.100) 037
(Framewise displacement)

Head Motion/IRYV correlation -.03* 08"

" Two-sample two-tailed ¢ test /" Chi-square test ' Non-parametric Mann-Whitney U test 'Spearman correlation, p>.05

Behavioral Results

The standard deviation of Go trial RT significantly correlated with the mean Go trial RT for the normative sample (»=0.77,
p <.001), the ADHD symptom group (» = 0.67, p <.001) and asymptomatic control group (»=0.72, p <.001). The ADHD
symptom group had significantly greater IRV (M = 0.258) than the matched asymptomatic control group (M = .228, t(58)=
-2.951, p =.005), and significantly greater IRV than the normative sample (M = .235, #(786)=-3.216, p =.001), while there
was no significant difference in IRV between the normative sample and control group (t(786)=-1.026, p = .305). SSRT was
not significantly correlated with IRV for the normative sample (r = .06, p =.09), the ADHD sample (» = .24, p = .19), or the
control group (» =-.08, p = .66).

fMRI Activation Results

Normative Sample. Whole-brain task activity (for Go trials, Stop Success and Stop Fail trials) significantly correlated with
IRV in several brain areas in the normative sample (see Table 3 and Figure 1). During Go trials, IRV was positively correlated
with activation in bilateral postcentral gyrus, fusiform gyrus, superior temporal gyrus (STG), and right insula and precuneus.
During Stop Fail trials, IRV was positively correlated with activation in left postcentral gyrus, and was negatively correlated
with activation in insula bilaterally and right anterior cingulate cortex (ACC). During Stop Success trials, IRV was positively
correlated with activation in precentral gyrus bilaterally, left postcentral gyrus, right SMA, left medial orbitofrontal cortex
(OFC), precuneus bilaterally, and left superior temporal gyrus (STG). During Stop Success trials, IRV was negatively

correlated with activation in right MFG and insula bilaterally.

ADHD Symptom & Control Groups. Compared to the control group, the ADHD symptom group had significantly greater
activation in left postcentral gyrus during Stop Fail trials (ADHD m = .30, control m = -.20, p = .03), during Stop Success
trials (ADHD m = .12, control m =-.27, p = .03). No other significant differences emerged (using p < 0.003 the Bonferroni-

corrected threshold for statistical significance).
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Table 3: fMRI Activation correlated with IRV (Normative sample)

Montreal
Neurological
Institute (MNI)
Brain Region (direction of Brodmann Coordinates
effect) Area Cluster | Z score
Size X y zZ
Go trial (Positive)
Postcentral Gyrus R 280 4.564 60 -28 46
Postcentral Gyrus L 405 5.083 -45 25 64
Insula R 54 4.908 39 -7 1
Fusiform Gyrus (Occipital) L 18 47 4.903 21 76 -14
Fusiform Gyrus (Occipital) R 41 4.884 21 -34 20
Lingual Gyrus (Occipital) R 113 5.143 18 -85 -8
Precuneus R 39 4.713 27 -70 37
STG L 22 50 4.368 54 -10 7
STGL 41 47 4.237 -45 25 7
Paracentral Lobule 43 3.866 -3 -19 64
Stop Fail (Positive)
Postcentral Gyrus L 346 102 4.447 -15 28 76
Stop Fail (Negative)
Insula L 13 47 105 5.062 36 14 -2
Insula R 13 47 96 4.827 42 17 -5
ACCR 424 85 4.442 3 23 25
Stop Success (Positive)
Precentral Gyrus R 46 98 5.418 27 25 76
Precentral Gyrus R 46 84 5.200 54 -7 52
Postcentral Gyrus L 346 127 5.086 -24 31 55
SMA L 6 57 5.026 0 22 61
Medial Orbitofrontal L 10 45 4.698 -6 62 -5
Precuneus L 31 176 4.499 -12 - -55 16
Precuneus R 23 46 4.465 18 -58 19
Postcentral Gyrus L 346 52 4.222 48  -13 49
STGL 226 37 3.898 -60  -16 4
Stop Success (Negative)
MFG R 89 39 4.699 48 11 43
Insula R 13 47 52 4.675 45 17 -5
Insula L 13 47 34 4.485 -36 14 -2

* All regions survived corrections for multiple comparisons (FWE p < 0.05) at the whole brain cluster level. Abbreviations:
L=Left, R=Right, PCC=Posterior Cingulate Cortex, MOG=Middle Occipital Gyrus, ACC=Anterior Cingulate Cortex,
SMA=Suppementary Motor Area, OFC=Orbitofrontal cortex, STG Superior Temporal Gyrus, MFG=Middle Frontal Gyrus
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Figure 1. ROIs that positively correlated with IRV (yellow; poor sustained attention) and negatively correlated with IRV
(blue; good sustained attention) for the normative sample during (A) Go trials (B) Stop Fail and (C) Stop Success trials.
Average fMRI activation images were created using MRIcroGL software (http://www.cabiatl.com/mricrogl/).

Functional connectivity results

At the significance threshold of p < 0.001 (absolute r-value >.12 derived from null models), 1368 connections between
ROIs were associated with IRV. Networks linked with high and low IRV were identified (Figure 2). The networks linked
with high IRV (i.e., poor sustained attention) were primarily characterized by positive correlations between ROIs (610
connections between ROIs, 80% of which were positively correlated), while the networks linked with low IRV (i.e., good
sustained attention) were primarily characterized by negative correlations between ROIs (758 connections between ROls,
86.7% of which were anticorrelated). In order to aid the interpretation of the findings [59] the top connections between ROIs
correlated with IRV are reported in Table 4, Figure 2 & Video 1 (full results contained in the Supplemental Data File 1
folder).

Functional anatomy of attention networks. Network anatomy was intricate. However, several trends emerged (see Figure
2). Connections positively correlated with IRV (i.e. poor sustained attention) were primarily located bilaterally within the
motor network and between motor with parietal, prefrontal and limbic networks. The top 10 nodes positively correlated
with IRV comprised positively correlated connections between ROIs between and within bilateral precentral and postcentral
gyri. Connections negatively correlated with IRV (i.e. good sustained attention) were primarily negative (i.e., anti-
correlated), indexing functional segregation between cerebellum with motor, prefrontal and parietal regions, and between
occipital and motor networks. The top 10 connections between ROIs negatively correlated with IRV consisted of anti-

correlations between left cerebellum crus I/II and right precentral/postcentral gyri.

ADHD Symptom & Control Groups. With respect to connections associated with high IRV (i.e., poor sustained attention),
the ADHD symptom exhibited significantly stronger positive connectivity between ROIs (Fisher-normalized r value
=.207) than the control group (Fisher-normalized » value =.156 #(1218) = 2.92, p =.003). There were no significant
group differences in mean correlation strength for connections associated with low IRV (ADHD group, Fisher-normalized

r value m = -.132; control group, Fisher-normalized r value m = -.148, #(1514) = 1.34, p = .177) See Figure 3.
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Table 4: Top 30 Connections between ROIs Correlated with IRV

Brain Region Brain Region Hem Hem BA BA MNI MNI Normative Control ADHD
1 2 1 2 1 2 1 2 FC & IRV FC
X y zZ X y zZ p r r r r

High Sustained Attention
Postcentral Gyrus Cerebellum Crus 1 R L 2 42 =22 52 -25 -71 =30 .00 -0.219 -0.124 0.056 0.017
Precentral Gyrus Cerebellum VI R L 6 49 -3 49 -7 -68  -18 .00 -0.216 -0.373 -0.311 -0.548
Precentral Gyrus Cerebellum Crus 1 R L 6 49 -3 49 -25 -71 - -30 .00 -0.21 -0.269 -0.199 -0.203
Postcentral Gyrus Cerebellum Crus 2 R L 2 42 -22 52 -9 -82  -32 .00 -0.205 -0.064 0.053 -0.144
SMA Cerebellum Crus 1 R L 6 27 -11 65 -25 -71 - -30 .00 -0.204 -0.09 0.089 0.064
Precentral Gyrus Cerebellum VI R L 6 38 49 -3 49 -20 =55 22 .00 -0.2 -0.361 -0.244 -0.437
Precentral Gyrus Cerebellum VI R R 6 49 -3 49 7 -69  -20 .00 -0.198 -0.308 -0.217 -0.488
Postcentral Gyrus Cerebellum Crus 1 R L 2 37 42 -22 52 -35 =55 -31 .00 -0.197 -0.163 -0.09 -0.017
Postcentral Gyrus Cerebellum Crus 1 R L 2 21 -32 67 -25 -71 =30 .00 -0.193 0.052 0.292 0.241
Precentral Gyrus Cerebellum Crus 1 R L 6 37 49 -3 49 -35 =55 -31 .00 -0.193 -0.29 -0.274 -0.256
Postcentral Gyrus Cerebellum Crus 1 R L 2 42 =22 52 -25 -71 - -30 .00 -0.191 0.000 0.202 -0.038
Precentral Gyrus Cerebellum Crus 2 R L 6 49 -3 49 -9 -82  -32 .00 -0.191 -0.217 -0.209 -0.275
SMA Cerebellum Crus 2 R L 6 27 -11 65 -9 -82  -32 .00 -0.189 -0.053 0.014 -0.08
DLPFC MTG R R 46 37 47 35 19 59 -45  -15 .00 -0.188 -0.412 -0.617 -0.352
Postcentral Gyrus Cerebellum VI R L 2 42 -22 52 -7 -68  -18 .00 -0.187 -0.269 -0.153 -0.386
Precentral Gyrus Cerebellum V R L 6 49 -3 49 -6 -56  -25 .00 -0.185 -0.359 -0.267 -0.506
Postcentral Gyrus Cerebellum Crus 2 R L 40 53 -27 41 -9 -82  -32 .00 -0.183 -0.147 -0.071 -0.12
Postcentral Gyrus Cerebellum VI R R 2 42 -22 52 24 -73 28 .00 -0.183 -0.018 0.153 -0.016
Postcentral Gyrus Cerebellum Crus 1 R L 40 53 =27 41 -25 -71  -30 .00 -0.181 -0.235 -0.09 0.000
Postcentral Gyrus Cerebellum Crus 1 L L 1 -36 -23 64 -25 -71 =30 .00 -0.179 -0.026 0.222 0.014
SMA Cerebellum Crus 1 R L 6 37 27 -11 65 -35 =55 -31 .00 -0.179 -0.119 -0.052 -0.04
SMA Cerebellum VI R L 6 27 -11 65 -7 -68  -18 .00 -0.178 -0.287 -0.254 -0.398
Postcentral Gyrus Cerebellum Crus 2 R L 2 21 -32 67 -9 -82  -32 .00 -0.178 0.06 0.176 0.009
IPL Cerebellum Crus 2 R L 2 33 -39 48 -9 -82 32 .00 -0.176 -0.02 0.003 -0.029
SMA Cerebellum VI R R 6 27 -11 65 24 -73 28 .00 -0.176 -0.011 0.111 0.097
MTG DLPFC R L 37 46 59 -45 -15 -42 41 14 .00 -0.174 -0.372 -0.573 -0.314
IPL Cerebellum Crus 1 R L 2 33 -39 48 -25 -71  -30 .00 -0.174 -0.091 0.067 0.101
Postcentral Gyrus Cerebellum Crus 2 L L 1 -36 -23 64 -9 -82  -32 .00 -0.172 -0.052 0.167 -0.248
SFG MTG R R 10 37 37 36 35 59 -45 15 .00 -0.172 -0.437 -0.545 -0.308
Postcentral Gyrus Cerebellum VI R L 40 53 -27 41 -7 -68  -18 .00 -0.171 -0.294 -0.165 -0.333
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52

Abbreviations: L=Left, R=Right, SMA= Supplementary Motor Area, DLPFC=dorsolateral prefrontal cortex, MTG=Middle Temporal Gyrus, IPL=Inferior Parietal
Lobule, SFG=Superior Frontal Gyrus, MFG=Middle Frontal Gyrus, SPL=Superior Parietal Lobule.
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455  Figure 2. (A) BrainNet was used to visualize network connectivity [60], based on specific guidelines [see 61],
456  whereby nodes are grouped into localized regions. Good sustained attention denotes all connections between ROIs
457  that negatively correlated with IRV (blue); poor sustained attention denotes all connections between ROIs that
458  positively correlated with IRV (orange) for the normative sample. (B) Circle plots were generated using a custom-
459 written Matlab function (based on http://www.mathworks.com/matlabcentral/fileexchange/48576-circulargraph)
460  to visualize good sustained attention (blue) and poor sustained attention (red) for the normative sample. The plots
461 are arranged in two half circles reflecting left and right hemisphere brain anatomy from anterior (top of the circle)
462  to posterior (bottom of the circle). Nodes are color-coded according to the cortical lobes [61]. (C) The top 100
463  nodes and 10 nodes denoting good sustained attention (i.e. connections between ROIs that negatively correlated
464  with IRV, where p<.001). (D) The top 100 nodes and 10 nodes denoting poor sustained attention (i.e. connections
465  between ROIs that positively correlated with IRV where p<.001). Nodes were color-coded according to network
466  as identified in [60].
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472  Figure 3. With respect to ROI connections associated with high IRV (i.e., poor sustained attention), the ADHD
473  symptom exhibited significantly stronger connectivity between ROIs, compared to controls.
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DISCUSSION

To our knowledge, the current research is the first population-based functional imaging study to examine
IRV with respect to both average fMRI activity and functional connectivity in a large cohort of adolescents, and
in relation to ADHD symptomology. Average fMRI activation results indicated that good sustained attention (i.e.,
low IRV) was associated with increased bilateral activation in insula, ACC and prefrontal regions, while poor
sustained attention (i.e., high IRV) was associated with increased bilateral activation in PCC, thalamus occipital
and motor regions. The functional connectivity results indicated that good sustained attention was characterized
by stronger negative connectivity (i.e., greater segregation) between cerebellum and motor networks, while
stronger positive connectivity within the motor network was a signature of poorer sustained attention. Following
this, we compared these sustained attention brain patterns in a separate sample of adolescents with ADHD
symptoms to matched asymptomatic controls. Relative to controls, adolescents with ADHD symptoms had
significantly higher IRV, increased Stop activation in postcentral gyrus, and stronger positive connectivity within
low sustained attention networks associated with high IRV, as well as stronger positive connectivity within good
sustained attention networks associated with low IRV. However, there were no significant differences between the
groups for anti-correlated connections in networks associated with either high or low IRV.

For average fMRI activation, low IRV was associated with activation in right MFG and bilateral insula
during Stop Success trials, and right ACC and insula bilaterally during Stop Fail trials. The ACC and insula cortices
are part of the salience network, thought to be responsible for detecting behaviorally relevant cues and engaging
executive processes [62,63,64,65]. With respect to the functional connectivity signature of low IRV, our findings
highlight the importance of cerebellar network segregation in the brain. The top 10 nodes negatively correlated
with IRV were all negative (left) cerebellar connections: with parietal lobe (right postcentral gyrus) and frontal
areas (right SMA and dorsolateral prefrontal cortex; DLPFC), a finding that bears similarity in the adult
connectivity literature [32]. The prominent task-active frontoparietal network, incorporating DLPFC, intraparietal
sulcus and SMA, typically becomes more activated during attention-demanding tasks than during rest [66], and is
associated with alertness, response preparation and selective attention [11,67]. Prefrontal and parietal cortices have
been implicated in numerous tasks of sustained attention [68,69] and these findings lend support to previous
structural findings, which linked prefrontal anomalies to increased IRV [38].

The cerebellum is thought to have a critical role in sustained attention [70,71,72]. In healthy adults, recent
work has shown that enhancing cerebellar functional connectivity via transcranial magnetic stimulation can
decrease IRV [73]. Distinct subregions of the cerebellum have been identified as being coupled with specific
cerebral networks [74,75]. For example, positive connectivity between right hemispheric cerebellar lobules
VIIb\VIlla with DAN were robustly recruited in a series of resting-state and working memory/sustained attention
tasks [74]. In a large healthy sample (N=1000), intrinsic functional connectivity patterns were observed between

lateral cerebellar areas of crus I/II with DMN, as well as between anterior Crus I with DLPFC, IPL, a pre-SMA
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midline border and ACC [75]. The finding indicates that Crus I/II are major cerebellar components of the DMN
[75]. One study investigated functional connectivity of this DMN cerebellar component in healthy adults and
adults with ADHD, finding that in the healthy sample, less anticorrelations between Crus I/II and DAN regions
was associated with greater inattention (high IRV). Adding to this work, we evidence that anti-correlations between
left-lateralized Crus I/II with right-lateralized frontoparietal regions predominantly characterize good sustained
attention in our normative sample [76].

For average fMRI activation, high IRV was associated with activation in precentral and postcentral gyri
bilaterally across all trials and in left SMA during Stop Success trials, a region responsible for successful stopping,
monitoring and resolving task conflict [77]. High IRV was also associated with DMN, including Go-related
activation in right precuneus and Stop-Success activation in precuneus bilaterally. DMN activation is thought to
infringe upon neuronal circuits underlying task performance, and given that DMN deactivation is typically
required for efficient sustained attentional processes [30,78], this positive IRV-DMN is unsurprising. However,
DMN connectivity increases with maturation into young adulthood [79,80], suggesting that functional connectivity
analyses may shed new light on such neural processes. With respect to the functional connectivity signature of
high IRV, our findings evidence robust positive bilateral connections within the motor network, and between motor
with parietal and limbic networks. The top 10 nodes correlated with IRV were all positive interhemispheric
connections within the motor network, characterizing poor sustained attention. The observed bilateral pattern of
motor activation likely reflecting the task format, which required both left- and right-hand responses. Unlike
Rosenberg and colleagues [32], who found that poorer sustained attention in adults was related to connections
between temporal and parietal networks and within the cerebellum, the observed positive motor-motor coupling
may reflect a snapshot of neural development in early adolescence. For example, age-related decreases in motor
connectivity have been observed in a large sample of healthy children and young adults [81]. Our findings lend
support for a more predominant functional segregation of neural networks in childhood and greater functional
integration later on in adulthood [66].

Numerous studies have demonstrated behavioral and neural deficits in sustained attentional processes in
ADHD [82]. Behaviorally, our results show that adolescents with ADHD symptoms have significantly increased
IRV relative to controls, as previously demonstrated [38,46]. Consistent with this behavioral difference, the ADHD
symptom group had significantly increased activation in the left postcentral gyrus during Stop Fail and Stop
Success trials, compared to controls. This is similar to findings in 8-13 year-old children, whereby 25 children
with ADHD had greater IRV-related activation in left postcentral and right precentral gyri and IPL during Go trials
on a Go/No-go task, as well as in prefrontal and parietal regions during No-go trials, compared to 25 controls [83].
Similar patterns of motor connectivity dysfunction have also been shown in resting-state studies of children [84]
and young adults with ADHD [85]. Here, we found that, relative to asymptomatic controls, the ADHD symptom
group had stronger positive connectivity within primarily motor networks whose connectivity was positively
associated with ICV (i.e., poor sustained attention) in the normative group. The reason for the divergent results

(weaker vs. stronger connectivity in motor networks in ADHD) likely reflects the fact that we measured functional
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connectivity during task performance, rather than at rest. Stronger task activation and stronger task-based
functional connectivity may be necessary in the context of weaker baseline functional connectivity within motor
networks, a hypothesis that could be tested by collecting both resting state and task data from a sample of
adolescents with ADHD. Overall, our findings add to the growing body of literature linking dysfunctional
premotor/motor systems to poorer behavioral control in ADHD [83]. Adolescents with ADHD [86] and subclinical
attention deficits [87,88] also display delays in cortical maturation, and as such, it is possible that any localized
motor connectivity associated with IRV exhibited by the individuals within our samples will subside as more
global, specialized brain networks develop.

At the other end of the spectrum of brain-behavior relationships with IRV, average fMRI activation
revealed no differences for brain regions associated with low IRV between the ADHD symptom and control group.
With respect to the functional connectivity signature of low IRV, no group differences were observed for functional
connections associated with low IRV (i.e., good sustained attention). Studies have previously demonstrated that
brain-behavior relationships can be modified in the presence of categorical diagnoses such as ADHD, and that not
all diagnostic effects can be simplistically understood as dimensional (i.e., a continuum of too much or too little
functional connectivity)[89,90]. Our result may reflect a similarly complex interaction between the dimensional
brain-behavior relationships associated with ADHD symptoms and IRV.

Data-driven analyses are commonly applied to resting-state data, whereas directional analyses (i.e.,
focusing on particular seed regions) are usually used in task-based studies [91]. Our findings solidify the
importance of data-driven functional connectivity analyses, rather than constraining ROIs a priori [92] in order to
better characterize cognitive processes. Although the brain-behavioral findings for sustained attention are reliable,
there are some caveats to this study. The relationship between IRV and age may be a sensitive marker of neural
development [93] and considering the major brain changes that occur in adolescence [94], it is unclear if the
observed functional trends reflect some sort of developmental delay or if they will persist as these adolescents
develop. Secondly, although ADHD symptomatology revealed attentional anomalies in behavior and brain, our
subclinical sample-size was small, and further investigations of ADHD symptomatology using larger datasets will
be required. Thirdly, the ability to rigorously measure fluctuations in temporal resolution, combined with the
corresponding physiological responses (head motion, respiration) remains a challenge [95,96]. The influence of
head motion on functional connectivity for example is a well-documented issue, and is particularly troublesome
for ADHD-related analyses. Prominent global artifacts tend to be present in scans and current methods do not
adequately target these artifacts for removal [Error! Bookmark not defined.,Error! Bookmark not defined.].
Broadly speaking, nuisance regression is the dominant approach for removing signal confounds, although it
increases the risk of reducing signals of interest [97]. Scrubbing procedures can alter the temporal structure of
timeseries data [54], therefore it was not implemented in this case. Some previous work indicates functional
connectivity patterns remain largely unchanged after scrubbing, and that including mean framewise displacement
as a group-level covariate yields similar results to scrubbing [54,98,99]. The issue of head motion was at least

partially addressed here by considering motion parameters as covariates in the statistical analysis [54]. Global
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signal regression was also used in the current analyses, given that several reports have indicated its merits in
robustly handling in-scanner movement [see 100, 101,102]. Nevertheless, we found head motion (i.e., mean
framewise displacement) significantly correlated with IRV in the large normative sample (n=758; » = .22), but not
in the smaller ADHD symptom and control samples (each n=30) similar to previous research [32]. This further
highlights the importance of large sample sizes in order to control for spurious effects on functional connectivity

data.

Conclusion

The current findings serve to advance our understanding of the brain networks associated with sustained
attentional processes. Functional connectivity between a global array of networks, including the cerebellum, and
motor, prefrontal and occipital cortices serve as a robust indicator for sustained attention. In particular, specific
subregions of the cerebellum Crus I/II are robustly linked to sustained attention, while the involvement of motor
connectivity in both low and high attention networks highlights its significant role in adolescent attention and
cognition. In addition, the current research suggests that fMRI activation and functional connectivity within the
motor network in the absence of higher order cognitive networks, may constitute a novel indicator of low sustained
attention. The findings provide a solid basis for further research of cerebellar connectivity with motor networks in
sustained attention. One future direction will also be to examine the extent to which these networks will predict

subsequent inattention trajectories into adulthood.
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Supplemental Information

Controlling for Motion Artifacts

Ideally, motion correction should eliminate any statistical relationship between functional connectivity
and in-scanner motion artifacts, although a trade-off inevitably arises among the possible methods for
motion regression ['**,'**] (note that the examination of motion confounds have generally been carried
out using resting-state data). Therefore, we conducted additional analyses to demonstrate that the FC-
IRV relationships hold, regardless of head motion. We used the summary statistic of mean framewise

105

displacement (mFWD [ ™]) to quantify the degree of head motion for each subject.

Motion Analysis 1. Progressive elimination of higher motion subjects from the normative sample. We

separated the normative sample into groups according to the amount of motion: (mFWD <0.2 mm, n=457;
<0.3 mm, n=621; <0.4 mm, n=692; <0.5 mm, n=726) and a group consisting only of subjects with higher
motion (i.e., all participants with mFWD>0.2 mm, n=301). Separately for each group, timeseries data
were extracted and a Pearson’s correlation score was calculated among the 268 ROIs. This yielded a
connectivity matrix (268 x 268) with 35,778 unique connections between ROIs for each group. We then
correlated these connections with individual IRV scores within each group. Although each group
contained different numbers of participants, for consistency a significance threshold of p <0.001 was
applied to each set of results. Due to the computational expense, we did not run the permutation analysis,
but simply applied the significance threshold (p<0.001) to the FC-IRV matrices for each motion group.
Figure 1 displays these results, with additional information in Table 1. Note the high motion subgroup
was relatively underpowered to detect FC-IRV effects at p<.001 (Figure 1, Panel I) and therefore we
include a figure with p<.005 threshold to this group’s FC-IRV to better show the strongest FC-IRV

connections (Figure 1, Panel J).

Motion Analysis 2. Examination of subgroup without mFWD-IRV correlation. Head motion and IRV were

correlated in the normative sample (Spearman’s Rho = .22). Therefore, in order to examine if the FC-
IRV relationship resulted from the mFWD-IRV relationship, we examined a subset of subjects (n=360)
excluding particularly high-motion/high-IRV subjects with no correlation between mFWD and IRV
(Spearman’s Rho = .09, p>.05; mFWD<.17; IRV<.3). Similar to Motion Analysis 1, we recalculated the
ROI connectivity matrix and then correlated this matrix with IRV (Figure 1, Panel F). Note that the
sample size is smaller and, by examining only a subset of values within a particular range, the correlations
will be inherently weaker (i.e., due to range restriction; see additional information in Table 1). As aresult,
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we also include a figure with p<.005 threshold to this group’s FC-IRV (Figure 1, Panel G).

E. No Cerrelation Geoup
(MFDWARY r=0.09; N=360)
p<.001

Figure 1. Examination of distributions of FC-IRV correlations for various motion-determined subgroups.
Good sustained attention (i.e. functional connections positively correlated with IRV) is denoted by the
color red (top images); poor sustained attention (i.e. functional connections negatively correlated with

IRV) is denoted by the color blue (bottom images).

Motion Analysis 3. Network overlap between motion groups: It is important to demonstrate that the most

important connections within the normative sample are preserved, regardless of the motion
characteristics of the subjects. We identified the top 100 FC-IRV connections (absolute » values) from
the normative sample, and extracted and computed the same connections for a low motion group
mFWD<.2), a higher motion group (mFWD>.2), and the mFWD-IRV uncorrelated group (see Table 1

below). These FC-IRV connections remained significant within each group, with similar absolute r
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values and broadly similar p values (note that sample sizes were different across groups).
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Table 1. r values of the top 100 FC-IRV connections identified from the normative sample. That is, the

mean r values for the Low Motion, High Motion and Uncorrelated Groups were calculated based on

connections identified in the normative sample.

. Low Motion High Motion Uncorrelated
Normative Group Group Group
Group (N=758) (N=457) (N=301) (N=360)

Mean FC-IRV 0.187 0.181 0.156 0.150
absolute r
Standard error
of mean 0.002 0.004 0.003 0.004
absolute r
Mean p <0.001 <0.001 0.022 <0.001

In summary, we show here that the most important FC-IRV connections are present in various subsamples

of the data, regardless of head motion.
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