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ABSTRACT
BACKGROUND: When brain networks deviate from typical development, this is thought to contribute to varying
forms of psychopathology. However, research has been limited by the reliance on discrete diagnostic categories that
overlook the potential for psychological comorbidity and the dimensional nature of symptoms.
METHODS: This study examined the topology of functional networks in association with 4 bifactor-deﬁned
psychopathology dimensions—general psychopathology, internalizing symptoms, conduct problems, and
attention-deﬁcit/hyperactivity disorder symptoms—via the Child Behavior Checklist in a sample of 3568 children
from the ABCD (Adolescent Brain Cognitive Development) Study. Local and global graph theory metrics were
calculated at rest and during tasks of reward processing, inhibition, and working memory.
RESULTS: Greater attention-deﬁcit/hyperactivity disorder symptoms were associated with reduced modularity
across rest and tasks as well as reduced local efﬁciency in motor networks at rest. Results survived sensitivity
analyses for medication and socioeconomic status. Greater conduct problem symptoms were associated with
reduced modularity on working memory and reward processing tasks; however, these results did not persist after
sensitivity analyses. General psychopathology and internalizing symptoms showed no signiﬁcant network
associations.
CONCLUSIONS: Our ﬁndings suggest reduced efﬁciency in topology in those with greater attention-deﬁcit/
hyperactivity disorder symptoms across 4 critical cognitive states, with conduct problems also showing network
deﬁcits, although less consistently. This may suggest that modularity deﬁcits are a neurobiological marker of
externalizing behavior in children. Such speciﬁcity has not been demonstrated before using graph theory metrics
and has the potential to redeﬁne our understanding of network deﬁcits in children with psychopathology symptoms.
https://doi.org/10.1016/j.bpsgos.2022.07.007

During childhood, the brain undergoes signiﬁcant organization
into functional networks that adapt and interact in response to
incoming cognitive demands (1,2). Studies have demonstrated
the modular organization of the human brain such that networks contain modules, or groups of densely interconnected
nodes, that are thought to be efﬁcient for information processing and specialized functions (3). In typical development,
functional modules become more distinct across childhood
and adolescence; within-module connectivity increases while
connectivity between modules decreases (1,4,5). Deviations
from typical development can result in large-scale network
dysfunction, which is thought to contribute to a range of
psychopathology symptoms (6–10).
Currently, the classiﬁcation system for psychopathology
relies heavily on traditional categorical diagnoses. However,
several issues accompany this system. Traditional diagnoses
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are often marked by transdiagnostic symptoms, a high degree
of disorder comorbidity, neurobiological nonspeciﬁcity, and
inconsistent treatment response (11–17). Despite these concerns, traditional diagnoses often guide psychopathology
research using case-control methods, which compare healthy
control subjects to individuals who meet diagnostic criteria.
This design overlooks the continuous nature of psychopathology symptoms, in which clinical symptomatology exists on
a spectrum rather than ﬁnite groupings (8,18,19).
A growing body of literature indicates that psychopathology
is better captured by a hierarchical dimensional model that
identiﬁes a common factor representing general symptoms
across all disorders, also called the psychopathology or p
factor, and factors deﬁning speciﬁc psychological problems
(12,20–22). Previous studies have revealed neurostructural
associations with these general and speciﬁc psychopathology
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dimensions during development; reduced gray matter volume
has been associated with both general and attention-deﬁcit/
hyperactivity disorder (ADHD) psychopathology dimensions,
and white matter integrity has been linked to dimensions of
ADHD and conduct problems (23–25). Research is just
beginning to link functional network architecture with dimensions of psychopathology. Xia et al. (10) examined restingstate functional connectivity as it related to dimensions of
mood, fear, psychosis, and externalizing behaviors, ﬁnding
loss of network segregation common across all dimensions.
This suggests that psychopathology dimensions may be
associated with functional network–level deﬁcits; however, this
study was limited to a resting-state task. The analysis of
varying cognitive states is crucial to understanding whether
functional network properties emerge in association with
psychopathology and whether these properties are consistent
across varying cognitive demands. To build upon this work,
this study sought to examine psychopathology dimensions
and network properties beyond rest conditions.
We sought to characterize functional network properties
across rest, reward processing, and executive functioning
states to deepen our understanding of network-level deﬁcits
that are common across disorders or speciﬁc to varying forms
of psychopathology. In a data-driven, exploratory analysis of a
large sample of children ages 9–10 years from the ABCD
(Adolescent Brain Cognitive Development) Study, we used a
hierarchical model established in our prior work (26) to deﬁne a
general factor of psychopathology and 3 speciﬁc factors of
internalizing symptoms, conduct problems, and ADHD symptoms. We used structural equation modeling (SEM) to test the
signiﬁcance of individual path components between each
dimension and functional network attributes. We characterized
functional neural network topology with graph theory metrics—
a mathematical framework for quantifying within- and
between-network properties—during rest and the following 3
functional magnetic resonance imaging (fMRI) tasks: a monetary incentive delay task of reward processing, a stop signal
task of inhibition, and an emotional n-back task of affective
working memory (27).

Table 1. Demographics of the Sample (N = 3568)
Characteristics

Mean (SD) or n (%)

Age, Years

9.98 (0.63)

Sex
Female

1856 (52.0%)

Male

1712 (48.0%)

Race/Ethnicity
Black

359 (10.0%)

Hispanic

712 (20.0%)

Other

418 (11.7%)

White

2079 (58.3%)

Household Income, $
,5000

82 (2.3%)

5000–11,999

82 (2.3%)

12,000–15,999

76 (2.1%)

16,000–24,999

135 (3.8%)

25,000–34,999

174 (4.9%)

35,000–49,999

283 (7.9%)

50,000–74,999

468 (13.1%)

75,000–99,999
100,000–199,999

547 (15.3%)
1117 (31.3%)

$200,000

384 (10.8%)

Missing

220 (6.2%)

Parent Education
No degree

125 (3.5%)

High school/GED

371 (10.4%)

Some college

554 (15.5%)

Associate degree

460 (12.9%)

Bachelor’s degree

1138 (31.9%)

Master’s degree

694 (19.5%)

Professional/doctoral

226 (6.3%)

GED, general education development.
The “Other” Race/Ethnicity category includes study participants
who were identiﬁed by their parent as American Indian/Native
American, Alaska Native, Native Hawaiian, Guamanian, Samoan,
Other Paciﬁc Islander, Asian Indian, Chinese, Filipino, Japanese,
Korean, Vietnamese, Other Asian, or Other Race.

METHODS AND MATERIALS
Measures of Psychopathology
Participants
We used data from the ABCD Study wave 1 (release 3.0), a
study of youth brain development, for which consent was
obtained from all participants. Vanderbilt University’s Institutional Review Board approved the use of this deidentiﬁed
dataset. Participants included 11,875 children 9 and 10 years
of age recruited from across the United States (for additional
details on the representativeness of the sample, see the
Supplement). We excluded participants based on missing
data, failed quality assurance measures, and stringent motion
parameters to ensure adequately clean data for the graph
theory network metrics (Figure S1) (see Image Acquisition,
Processing, and Quality Assurance for additional details).
Final sample sizes for the 4 tasks were as follows: rest (n =
3568), monetary incentive delay (n = 1708), emotional n-back
(n = 1652), and stop signal task (n = 1694). See Table 1 for
demographics.
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The Child Behavior Checklist was used to assess psychopathology through parent-reported emotional and behavioral
problems (28). The Child Behavior Checklist is normed for
children and adolescents ages 6–18 years and consists of 119
items related to various emotions and behaviors. Items are
rated on a 3-point scale as follows: 0 = not true (as far as you
know), 1 = somewhat or sometimes true, and 2 = very true or
often true.

Hierarchical Models of Psychopathology
As outlined in our prior work, we deﬁned latent factors of
psychopathology derived from items from the Child Behavior
Checklist (26). An exploratory factor analysis was used to
identify 3 correlated dimensions of psychopathology—
internalizing, ADHD, and conduct problems. Next, a general
factor of psychopathology, which reﬂects the common

Biological Psychiatry: Global Open Science - -, 2022; -:-–- www.sobp.org/GOS

Biological
Psychiatry:
GOS

Atypical Network Topology in Psychopathology

symptoms across disorders, was identiﬁed using a conﬁrmatory bifactor analysis (Figure 1A). The psychometric properties
of the factors met all standards for construct reliability and
factor determinacy recommended for bifactor models, and
each factor demonstrated adequate criterion validity. Additional detail is provided in the Supplement.

fMRI Tasks
We examined 3 functional tasks. The stop signal task probes
inhibition and impulse control. Performance is measured as reaction time, quantiﬁed as the mean stop signal delay subtracted
from the mean reaction time on correct Go trials and the proportion correct on Go trials (29,30). Stop signal reaction times are
reverse scored so that higher scores indicate better performance. The emotional n-back task probes working memory and
emotion regulation processes. Performance is based on the rate
of accuracy for 2-back trials. The monetary incentive delay task
probes aspects of reward processing, including anticipation and
motivation. Performance is based on total monetary earnings.
Further task details are included in the Supplement.

Image Acquisition, Processing, and Quality
Assurance
The imaging protocol was developed by the ABCD Data
Analysis and Informatics Center and the ABCD Imaging
Acquisition Workgroup (30). We downloaded minimally

processed fMRI scans, which included head motion correction,
B0 distortion correction, gradient nonlinearity distortion correction,
resampling, and registration to T1 structural images (30). A detailed
account of preprocessing can be found in the Supplement.
Following preprocessing, all fMRI blood oxygen level–dependent
time courses were spatially averaged within 268 previously
deﬁned functional regions (31,32). We used strict motion parameters for each task, excluding individual runs with greater than 0.2mm mean and 2-mm maximum framewise displacement. In
addition, data were lost because of a documented error with the
Philips scanner data (see the Supplement for details). For each
subject, when more than 1 run was retained, the parcellated time
series were averaged over the 2 runs by spatially averaging within
268 deﬁned functional regions. Additional details on the image
acquisition, processing, and quality assurance procedures have
been published elsewhere (29,30,33).

Deriving the Functional Networks
We analyzed the topology of networks derived from the Shen
268 atlas (32), which partitions the brain into 268 previously
deﬁned parcels based on group-level patterns of statistical
similarities between brain region dynamics. This parcellation
method has been used to study various disorders, development stages, and cognitive states and processes (34–38).
These parcels were then grouped into established networks
including subcortical-cerebellar, motor, medial frontal,

Figure 1. A hierarchical approach to examining modularity under varying cognitive demands. (A) Hierarchical model comprising a general factor, which
represents the commonalities across all symptoms and 3 orthogonal, speciﬁc factors of internalizing, attention-deﬁcit/hyperactivity disorder (ADHD), and
conduct problems. (B) Visual depiction of the graph theory metric of atlas-derived modularity; circles indicate nodes, and their colors indicate various networks. Connecting lines indicate edges or “steps” between the nodes. Modularity quantiﬁes the degree to which nodes form connections within or between
modules (i.e., clusters of nodes shown by different colored areas). (C) Correlations between the ADHD dimension of psychopathology and its associated
network modularity across tasks. Correlations display signiﬁcance at the 30% threshold; solid line indicates line of best ﬁt and dotted lines indicate a 95%
conﬁdence interval. Visualizations were created using factor scores, which are approximations of the latent factors estimated in Mplus [see Grice (60)]. CBCL,
Child Behavior Checklist; MID, monetary incentive delay; SST, stop signal task.
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frontoparietal, default mode, visual 1, visual 2, and visual association networks (31,32), henceforth referred to as canonical
networks. In addition, we ran a Louvain community detection
algorithm on each participant’s thresholded functional connectivity matrices, henceforth referred to as individualized
networks. Separate from the Shen 268 atlas, the Louvain
technique determines individualized partitions across the
whole brain. Further details can be found in the Supplement.

Graph Theory Analyses
All measures derived from graph theory were computed using
the Python package NetworkX (39). This analysis focused on
graph theory metrics that are well suited to characterizing attributes on a network-wide scale, including modularity, path
length, and varying measures of efﬁciency (27).

Connectivity Matrix Thresholding. To derive functional
networks from correlation matrices of signals between brain
regions, we applied 4 thresholds to evaluate only the strongest
10%, 16.67%, 23%, and 30% of connections between node
pairs. The application of thresholds removes noisy edges.
These thresholds were chosen to allow for sparse networks
that were still largely connected. By the nature of this
approach, thresholds affect the density of network connections included in the analysis (for discussion of alternative
approaches, see Discussion). To combat potential bias, we
only report results that were retained across at least 3
consecutive thresholds. This is similar to prior literature (40).
We retained positive and negative connections that were
stronger than each separate threshold within each network and
within each task. Connections were binarized before all graph
theory calculations.

Measures of Network Efﬁciency. This analysis examined
the following graph theory metrics, as described and calculated in prior literature (27,41). Equations for metrics can be
found in the Supplement. Modularity is a measure of a system’s balance of within-network connectivity and betweennetwork connectivity via the extent to which a network can
be subdivided into distinct and separate communities; it is
deﬁned by the strength of division of a network into modules.
Average shortest path length is deﬁned by the average number
of edges along the shortest path for all possible node pairs. It is
worth noting that graph theory mathematically conceptualizes
efﬁciency, and while it highlights the most efﬁcient path, signal
may or may not traverse this path. The local efﬁciency of node i
is deﬁned by how well information is transferred by a node
neighborhood when node i is removed. The diameter is a
measure of the overall size of the graph and is calculated as
the maximum eccentricity across all nodes; for a single node,
the eccentricity is the maximum distance from that node to all
other nodes in the graph. Small-world sigma metrics benchmark clustering and shortest path lengths against random
reference graphs, whereas small-world omega metrics
benchmark clustering against a reference lattice graph while
shortest path length is compared against a random reference
graph. Small-world omega metrics further allow the characterization of whether graphs are more random or more latticelike in their deviations from small worldness.

4

Statistical Analysis
We examined associations between 4 orthogonal dimensions of psychopathology deﬁned by our previous hierarchical model—general psychopathology, and speciﬁc
internalizing, conduct problems, and ADHD—and functional
network properties, including canonical and individualized
modularity, average shortest path length, local efﬁciency,
diameter, small-world sigma, and small-world omega (26).
The data were weighted by the poststratiﬁcation weights
provided by the ABCD Study to make the sample more
representative of the U.S. population, stratiﬁed based on site
to control for site differences and clustered based on family
membership to account for siblings and multiple births. We
included age, sex, race/ethnicity, and MRI scanner model as
covariates. For each of the 8 networks, 4 tasks, and 4 thresholds, we investigated associations between the dimensions of
psychopathology and metrics through SEM as follows:
NetworkTask; threshold; metric ¼ b0 1 b1 3 age 1 b2 3 sex
1 b3 3 race=ethnicity
1 b4 3 MRI scanner model
1 b5 3 general psychopathology
1 b6 3 internalizing 1 b7 3 ADHD
1 b8 3 conduct problems
Of note, this equation exempliﬁes 1 network combination; however, all 8 networks were tested simultaneously in one structural
equation model, and false discovery rate corrections were
applied across the 8 networks. Owing to their orthogonality, the 4
psychopathology dimensions could be included together in the
same model without concerns about multicollinearity. We
controlled for the false discovery rate (q , .05) using the R Stats
Package, version 3.6.1 (http://www.r-project.org/). Notably, we
used SEM to assess individual paths while controlling for all other
variables in the model; although we did not use SEM for model
selection, model ﬁt indices were adequate and are as follows:
root mean square error of approximation = 0.020, 90% CI =
0.020–0.021; comparative ﬁt index = 0.948; standardized rootmean-squared residual = 0.067.
In addition, we conducted analyses of behavioral measures
to examine the associations between performance on working
memory, reward processing, and inhibition tasks and the
psychopathology dimensions while covarying for sex and race/
ethnicity. We also performed sensitivity analyses with parental
education, income, and medication (whether participants reported taking current medications or not) as additional covariates to determine whether associations between network
properties and psychopathology would sustain when accounting for a proxy for socioeconomic status and medication
status. Finally, we examined interactions with sex to test for
sex differences in the relationship between network metrics
and psychopathology.

Data and Code Availability
The data used in this study is from the ABCD Study and is
available through the NDA (National Institute of Mental Health
Data Archive) (https://nda.nih.gov/abcd). The Mplus and R
code and a corresponding wiki for the analytic procedures can
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be found at https://github.com/VU-BRAINS-lab/Reimann_
Network_Metrics.

internalizing speciﬁc factor were not consistently associated
with modularity across any task (Table 2).

RESULTS

Speciﬁc ADHD Is Associated With Deﬁcits in the
Motor Network at Rest

Graph theory metrics were considered reliable if they were
signiﬁcant across at least 3 consecutive thresholds; results will
be referred to as signiﬁcant if a signiﬁcant association occurred
across at least 3 consecutive thresholds for that network or
task. Results will be referred to as inconsistent if signiﬁcant
associations occurred in individual networks and/or tasks but
were not seen across at least 3 consecutive thresholds. The p
values reﬂect results at the most liberal threshold. R2 reﬂects
all predictors in each model, including covariates.

Greater ADHD symptoms were signiﬁcantly associated with
lower local efﬁciency in the motor network during rest (pfdr =
.008, R2 = 0.06) (Table S1A–D), indicating reduced withinnetwork efﬁciency and greater interruption if one of its nodes
is removed. The speciﬁc factor of ADHD was not consistently
associated with the average shortest path, diameter, smallworld metrics (Tables S2–S5), or local efﬁciency in other networks. General psychopathology, conduct problems, and
internalizing symptoms were not consistently associated with
these graph theory metrics across networks (Tables S1–S5).

Link Between Whole-Brain Modularity and
Psychopathology Dimensions

Task Performance and the Speciﬁc Dimensions

The speciﬁc ADHD dimension was associated with lower
whole-brain canonical modularity. This was apparent during
rest (pfdr = .01, R2 = 0.06), monetary incentive delay (pfdr = .001,
R2 = 0.15), emotional n-back (pfdr = .008, R2 = 0.14), and stop
signal task (pfdr , .001, R2 = 0.09) across all 4 thresholds
(Figure 1C; Table 2). Lower modularity suggests that there are
dense connections between modules but sparse connections
within modules (Figure 1B). Lower modularity was also associated with poorer cognitive scores (4,42).
Individuals with elevated levels on the speciﬁc conduct
problems dimension displayed lower whole-brain canonical
modularity, but only during tasks of reward processing (pfdr =
.011, R2 = 0.15) and affective working memory (pfdr = .048, R2 =
0.14) (Table 2). This association was not seen at rest or during
the inhibition task. The general psychopathology factor and the

Given the association between network metrics and ADHD
symptoms and conduct problems, we next examined the
relationship between these psychopathology dimensions and
behavioral measures derived from the various cognitive tasks.
Findings showed that ADHD symptoms negatively predicted
total earnings on the monetary incentive delay task (pfdr ,
.001), the proportion of correct responses across 2-back trials
on the emotional n-back task (pfdr , .001), and the proportion
of correct Go trials on the stop signal task (pfdr , .001). ADHD
was not predictive of the mean response time for all correct Go
trials during the stop signal task (pfdr = .071). Furthermore, the
conduct problems speciﬁc factor negatively predicted the
proportion of correct responses across 2-back trials on
the emotional n-back (pfdr , .001) but not monetary incentive
delay total earnings (pfdr = .071).

Table 2. Results Examining the Relationship Between Psychopathology Dimensions and Whole-Brain Shen Modularity
Across 10%, 16.67%, 23%, and 30% Thresholds
General
Threshold
10%

16.67%

23%

30%

Task

b

Speciﬁc Conduct
pfdr

b

pfdr

Speciﬁc
Internalizing

b

pfdr

Speciﬁc ADHD

b

pfdr

R2

Rest

0.007

.982

20.051

.064

0.024

.356

20.081

.010

0.07

En-back

0.036

.286

20.086

.048

0.019

.619

20.130

.009

0.14

MID

0.001

.983

20.106

.014

20.020

.754

20.140

.001

0.15

SST

0.072

.079

20.081

.057

0.000

.995

20.170

.001

0.09

Rest

0.004

.982

20.056

.059

0.022

.356

20.082

.010

0.07

En-back

0.043

.252

20.084

.048

0.019

.619

20.134

.008

0.15

MID

0.006

.983

20.113

.011

20.015

.754

20.141

.001

0.15

SST

0.064

.079

20.083

.057

0.012

.975

20.165

.001

0.09

Rest

20.001

.982

20.057

.059

0.024

.356

20.081

.010

0.07

En-back

0.047

.252

20.085

.048

0.017

.619

20.135

.008

0.15

MID

0.007

.983

20.114

.011

20.013

.754

20.142

.001

0.15

SST

0.062

.079

20.080

.057

0.020

.975

20.161

.001

0.09

Rest

20.003

.982

20.058

.059

0.024

.356

20.080

.010

0.06

En-back

0.049

.252

20.085

.048

0.016

.619

20.136

.008

0.14

MID

0.008

.983

20.115

.011

20.010

.754

20.141

.001

0.15

SST

0.060

.079

20.079

.057

0.024

.975

20.159

.001

0.09

R2 reﬂects all predictors in each model, including covariates.
ADHD, attention-deﬁcit/hyperactivity disorder; En-back, emotional n-back; FDR, false discovery rate; MID, monetary incentive delay; SST, stop
signal task.
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Sensitivity Analyses
Sensitivity analyses controlled for medication, parent education, and income (Table S12). Results showed that the speciﬁc
ADHD factor retained signiﬁcance for motor local efﬁciency at
rest (pfdr = .005) and whole-brain canonical modularity during
the monetary incentive delay task (pfdr = .01), the emotional nback task (pfdr = .02), the stop signal task (pfdr = .008), and at
rest (pfdr = .024). After controlling for medication, parent education, and income, the conduct problems factor did not retain
signiﬁcance for whole-brain canonical modularity during the
emotional n-back task (pfdr = .10) and monetary incentive delay
task (pfdr = .10). Finally, based on the known sex differences in
the prevalence rates of ADHD (43), we examined sex differences in our ADHD results. As expected, boys endorsed
greater ADHD symptoms than girls (pfdr , .001). However,
there were no signiﬁcant interactions between the speciﬁc
factor of ADHD and sex after correction for multiple comparisons in motor local efﬁciency at rest or whole-brain modularity
during any of the 4 tasks (psfdr $ .21).

Louvain-Derived Networks and the
Psychopathology Dimensions
We examined the results from a Louvain community detection
algorithm that deﬁnes individualized partitions across the
whole brain. There were no signiﬁcant associations between
the Louvain-derived networks and psychopathology dimensions for the graph theory metrics across any task
(Tables S6–S11).

DISCUSSION
This study used a large subsample of children from the ABCD
Study to examine associations between 4 orthogonal dimensions of psychopathology—general psychopathology,
internalizing symptoms, ADHD symptoms, and conduct
problems—and functional network efﬁciency at rest and during
tasks of reward processing, inhibition, and affective working
memory. Overall, ﬁndings provide evidence that altered
network topology is consistent across rest and during various
cognitive demands in those with greater externalizing symptomatology deﬁned as ADHD symptoms and conduct problems. The ADHD factor was signiﬁcantly associated with lower
canonical modularity across all 4 tasks and reduced local efﬁciency in the motor network at rest. The conduct problems
factor was associated with reduced canonical modularity
during affective working memory and reward processing tasks;
however, these results were less robust than the ADHD results.
No consistent associations were found between canonical
network metrics and general psychopathology or internalizing
symptoms, nor were there associations between any psychopathology factor and individualized network metrics.
Studies in the past decade have placed great emphasis on
the conceptualization of the brain as having a modular organization that develops early in life and continues across
childhood (2,44,45). There has been considerable interest in
how network properties can provide insight into psychopathology, with studies linking structural and functional network
modularity to executive functioning and clinical symptoms
(4,10). Of note, Xia et al. (10) found that lower network segregation was associated with externalizing behaviors, which was

6

a composite of ADHD- and conduct-related behaviors. The
ﬁndings from our study are consistent with the ﬁnding by Xia
et al. (10) that modularity deﬁcits are associated with externalizing behaviors, and we expanded upon this work to show a
similar association across multiple tasks using a hierarchical
model of psychopathology. Given the linkage between functional topology and clinical presentations, it is evident that
network architecture can critically inform the ways in which
atypical circuits give rise to psychiatric symptoms. This link
may inform trajectories of psychiatric symptoms as well;
although we did not see an association between network
features and internalizing symptoms, this may emerge in
adolescence when the incidence of anxiety and mood disorders increases (46). Furthermore, to our knowledge, this is the
ﬁrst study to examine the general psychopathology factor and
network properties. Although we found no association between general psychopathology and the 8 networks, prior work
has shown that the general factor tends to have a strong
relationship with brain metrics; however, this is more apparent
in certain brain modalities such as gray matter volume, but not
cortical thickness (23,24). Current ﬁndings show the inﬂuence
of other psychopathology dimensions, where functional topology differences were attributed more to the speciﬁc factor
of ADHD rather than the general factor of psychopathology.
Modularity ﬁndings emerged as the most consistent association with ADHD, revealing signiﬁcant associations across all
4 tasks and across all 4 thresholds. Lower canonical modularity indicates a bias toward global conﬁguration (connections
between modules) at the expense of local conﬁguration (connections within modules), and this has been associated with
poorer cognitive functioning (1,4,42). The lack of segregation
found in this study may suggest that ADHD is associated with
nonoptimal within-network topology and a lack of distinct hub
formation. This is substantiated by our ﬁnding of reduced local
efﬁciency in the motor cortex at rest, which also suggests local
conﬁguration deﬁcits. It is worth noting that we did not ﬁnd
modularity deﬁcits in the individualized networks. This suggests that individualized networks do not display
psychopathology-network associations in subject-speciﬁc
small, medium, and large communities detected across the
whole brain. Our analysis of canonical networks may give us
insight into brain areas linked in a large-scale network as they
relate to cognitive abilities; ﬁndings showed that increased
ADHD symptoms were associated with poorer cognitive performance. Taken together, these results suggest that ADHD is
associated with deﬁcits in the development of segregated
network modules in the brain, which may negatively affect
cognitive functioning.
The neural ﬁndings of this study align with and extend the
research on network deﬁcits in externalizing behaviors, especially for ADHD symptoms. Prior resting-state ﬁndings have
indicated a link between greater ADHD symptoms and lower
modularity (47). In addition to rest, we revealed reduced
modularity present during reward processing, affective working memory, and inhibition tasks. Robust modularity ﬁndings
across every task and threshold provide evidence for a broad
canonical modularity deﬁcit in children with greater ADHD
symptoms. Overall, the signiﬁcant association between
modularity and ADHD could suggest that the neural systems of
those with ADHD have not optimized topology on a local level.
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Given that prior ﬁndings suggest a developmental lag in ADHD
functional networks, this local deﬁcit may reﬂect a maturational
delay (48). In addition, our ﬁndings revealed that in the absence
of any cognitive demands, the ADHD motor network shows
lower resilience to local failures in information exchange. Prior
studies have shown that children with ADHD often display alterations in the functional connectivity strength of the motor
network both within and between hemispheres and also show
behavioral impairments during tasks of motor coordination
(49,50). Considering our ﬁndings, motor network alterations
may reﬂect reduced efﬁciency of within-network topology,
which may contribute to motor disorganization.
In addition, our results revealed a signiﬁcant association
between conduct problems and whole-brain modularity under affective working memory and reward processing demands. Prior studies report working memory deﬁcits and
abnormal neural signatures during reward processing in individuals with conduct disorder and/or oppositional deﬁant
disorder (51,52). Given the high comorbidity between ADHD
and conduct disorder, the overlap in modularity deﬁcits between conduct problems and ADHD may be expected (53).
However, the lack of network segregation associated with
conduct problems was not as robust across tasks compared
to the ADHD results, and the ﬁndings for conduct problems
did not persist when accounting for medication status,
parental education, and income. This suggests that deﬁcits
in whole-brain modularity may confer greater risk for ADHD
symptoms than for conduct problems.
There are several issues to consider in interpreting the results of our study. First, exclusions from analyses were largely
based on the degree of in-scanner motion, given the impact of
motion on efﬁciency metrics (5). Because hyperactivity is
deﬁned by greater motion, the results of this study may underestimate the actual effects for the upper end of the hyperactivity spectrum. In addition, no gold standard exists
regarding thresholding. We applied global thresholds to connectivity matrices, which inherently affect the number of edges
included for analysis. Prior research has discussed issues with
thresholding including that thresholded network measures may
be unstable, and modularity does not necessitate thresholding
under certain models (54–58). We tested results at multiple
thresholds; this is one potential solution but may be unfavorable compared with an approach that does not require arbitrary thresholds at all (57). In light of signiﬁcant computational
burden, we approached our work via a thresholding technique,
and future work may consider exploring alternative models.
Finally, the effect sizes of these ﬁndings are relatively small in
magnitude, and signiﬁcance may be affected by the large
sample size. However, prior studies using large samples have
consistently yielded brain-behavior associations that are small
but reliable (59).
These ﬁndings lay the foundation for future work on
network efﬁciency deﬁcits in ADHD and conduct problems by
demonstrating these associations in a large sample of children using multiple metrics and tasks. Overall, this work increases our understanding of network features of
psychopathology, which may help to advance the classiﬁcation of mental health disorders and aid in biologically
driven interventions.
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