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A B S T R A C T

The application of dynamic or time-varying connectivity techniques to neuroimaging data represents a new and
complementary method to traditional static (time-averaged) methods, capturing additional patterns of variation
in human brain function. Dynamic connectivity and related measures of brain dynamism have been detailed in
neurotypical brain function, during human development and across neuropsychiatric disorders, and linked to
cognitive control and executive function abilities. Despite this large and growing body of work, little is known
about whether sex-related differences are present in dynamic connectivity and brain dynamism, a question
pertinent to our understanding of brain function in both health and disease, given the sex bias observed in the
prevalence of neuropsychiatric disorders, and well-demonstrated sex-related differences in the performance of
certain neurocognitive tasks. We present the first analyses of sex-related effects in dynamic connectivity and brain
dynamism referenced to neurocognitive function, in a large sample of sex-, age- and motion-matched subjects in
24- and 51-network whole brain functional parcellations. We demonstrate that sexual dimorphism is present in
human dynamic connectivity and in multiple high-order measures of brain dynamism, as well as validating prior
work that sex-related differences exist in static intrinsic connectivity. We also provide the first evidence sug-
gesting a link between differential neurocognitive performance by males and females and brain functional dy-
namics. Reduced dynamism in females, who spend more time in certain brain states and switch states less
frequently, may provide a ‘stickier’ functional substrate associated with slower response inhibition, whereas
males exhibit greater dynamic fluidity, change between certain states more often and range over a larger state
space, achieving superior performance in mental rotation, which demands an iterative visualization and problem-
solving approach. We conclude that sex is an important variable to consider in functional MRI experiments and
the analysis of dynamic connectivity and brain dynamism.
1. Introduction

The question of whether males and females display differences in
their neurocognitive processing abilities, brain structure and function,
has long been of interest in human neuroscience research. A large body of
work in psychology has described significant sex-related differences in
the performance of neurocognitive tasks. Earlier research found wide-
spread differences in various cognitive abilities. More recently, addi-
tional studies have confirmed differences in a somewhat narrower array
of tasks. Perhaps the most commonly replicated findings are that males
appear to exhibit consistently superior performance in certain visuo-
spatial tasks, and may be represented at above-average rates among high
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performers in mathematics, while females perform better at reading and
certain tasks of verbal fluency, episodic and recognition memory (D. I.
Miller and Halpern, 2014). These differences can be quite specific and
circumscribed. For example, males perform better in tasks of mental
rotation, though the difference between males and females is wider for
3-dimensional versus 2-dimensional objects (Voyer et al., 1995). It is
recognized that the formation of sex-related cognitive differences may be
complex in origin, with environmental and/or sociocultural influences
contributing to performance differentials. Further, considerable variation
exists at the level of the individual. However, in certain tasks such as
reading the differences between male and female performance appear
considerable, even when educational and cultural factors are accounted
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for and large sample sizes are surveyed (Stoet and Geary, 2013).
Concomitantly, the quantification of neuroanatomical dimorphism,

and exploration of potential neural correlates of the sex-related differ-
ences observed in cognition, have also attracted substantial research
interest. The earliest generation of macroscale studies in humans focused
on volumetric analyses using structural magnetic resonance imaging
(MRI). These identified not only a menu of brain regions with significant
differences in volume between sexes, but also suggested regional growth
trajectories may vary between boys and girls (De Bellis et al., 2001;
Lenroot and Giedd, 2008; Lenroot et al., 2007; Raznahan et al., 2010).
Recent studies have continued to support volumetric and white-matter
differences between males and females as being region-specific (Guada-
lupe et al., 2017; Sacher et al., 2013) and further suggested that
sex-related differences in cortical thickness and gyrification exist (Im
et al., 2006; Mutlu et al., 2013). In addition, use of diffusion tensor
techniques has identified prominent differences in the structural
white-matter connectome, such as greater within-hemispheric connec-
tivity in males and between-hemispheric connectivity in females (Ingal-
halikar et al., 2014b), though these have not been undisputed
(Ingalhalikar et al., 2014a; Joel and Tarrasch, 2014).

Functional MRI (fMRI) has similarly supported a body of work
investigating sex-related differences in brain function, encompassing the
performance of in-scanner tasks, as well as correlation of ex-scanner task
performance with observations derived from task-free, or resting-state
fMRI (rsfMRI). For example, sex-related differences have been identi-
fied during the performance of visuospatial tasks (Gur et al., 2000),
paralleling observations derived from the psychological literature. In
rsfMRI, spontaneous brain activity is recorded, with robust evidence
suggesting this intrinsic activity exhibits the characteristics of a
weakly-correlated system with considerable spatio-temporal organiza-
tion. Many studies have identified sets of macroscale intrinsic networks in
rsfMRI and explored inter-individual and group differences in their
function. Individual intrinsic networks appear to have specific functional
associations (Laird et al., 2011) and resemble networks observed during
task performance (Smith et al., 2009). Analyses quantifying the relative
strength of statistical correlations among brain regions within these
intrinsic networks is often termed functional connectivity, with that of
connections among networks deemed functional network connectivity
(FNC).

Controversy also exists regarding the presence of sex-related differ-
ences in functional connectivity. While some studies have described sex-
related differences in fronto-parietal, cingulo-opercular and temporal
connections in typically-developing adults (Biswal et al., 2010; Zuo et al.,
2010) and youth (Satterthwaite et al., 2015) or individual networks such
as the salience and default mode network (DMN) in healthy ageing
(Jamadar et al., 2018), others have found no differences between males
and females in certain prominent intrinsic networks (Weissman-Fogel
et al., 2010). Though fewer studies have been performed focusing on
sex-related differences in FNC, these have also been identified. For
example, Allen et al. examined sex-related differences in FNC in the
context of a multivariate connectivity analysis in a large sample of neu-
rotypical adults, and found that connections among many major intrinsic
networks exhibited significant sex-related differences after controlling
for other factors such as age (Allen et al., 2011).

Historically, connectivity analyses using rsfMRI data utilized time-
averaging across the neuroimaging timecourse to identify dominant
patterns of spatio-temporal connectivity, producing a ‘snapshot’ of
functional connectivity. This has been termed static connectivity analysis.
More recently techniques have been developed that leverage machine
learning to tease out the temporal structure of spatial connections
(Hutchison et al., 2013). For example, a leading approach employs a
windowing and clustering strategy to estimate multiple, separable con-
nectivity patterns within neuroimaging data (Damaraju et al., 2014). In
recent years, many studies have focused on these concepts of dynamic
connectivity, with the temporal relationship among intrinsic networks
increasingly viewed through this prism of time-varying, transient brain
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states, among which subjects transition over time (Calhoun et al., 2014).
Concomitantly, we and other groups have developed a series of sec-
ondary metrics that quantify inter-individual and group differences in
brain dynamism, embodying concepts of fluidity, range and transitions
within computational subspaces that may be derived from dynamic
functional connectivity matrices (R. L. Miller et al., 2016). Early studies
(Jia et al., 2014; Nomi et al., 2017; Z. Yang et al., 2014) suggest that there
may be relationships between brain functional dynamism and cognitive
abilities in humans. A previous study has explored sex-related differences
in the occupancy of temporally independent brain states (Yaesoubi et al.,
2015). However, none to our knowledge have established the extent of
differences between males and females in dynamic connectivity using
more standard spatial ICA, or analyzed sex-related differences in metrics
of dynamism, and their relationship to the cognitive abilities that clas-
sically display sex-related differences in performance.

Despite decades of research, sex-related differences in human brain
function and cognition continue to generate significant debate. Fueled by
“a perfect storm of advances in the biology, changes in policy at major
granting institutions, hyperbolic exaggeration by the media and strong
pushback by select scientists… the subject of sex differences in the brain
is singular for both its broad importance and its impact…” (McCarthy,
2016). Besides being an open question in neuroscience, this is also a
compelling issue from a translational standpoint, given the pervasive sex
bias in the incidence, prevalence and severity of many neuropsychiatric
disorders. While sociocultural factors may influence these disparities,
significant differences in the incidence of disorders with identifiable
biological correlates such as autism, multiple sclerosis and certain de-
mentias argue that sex is at a minimum a meaningful biological variable
pertinent to their mechanisms. Further, the disambiguation of biological,
environmental and sociocultural variables in explaining sex-related dif-
ferences in neuropsychiatric disease requires the establishment of base-
line dimorphism in brain structure and function. Given the large and
growing number of rsfMRI studies in health and disease, this is a pressing
research question.

We aimed to bring together the important and timely topic of sex-
related differences in human brain function with rapidly advancing
research techniques to analyze sex-related differences in dynamic func-
tional connectivity (dFNC). We asked whether males and females display
significant differences in dFNC and metrics of brain dynamism. Based on
prior evidence from static functional connectivity analysis (sFNC) and
brain structural work, we hypothesized that significant sex-related dif-
ferences would be present in dFNC. Further, we had a tentative hy-
pothesis that sex-related differences in brain dynamism would correlate
with performance on tasks of mental rotation, given extant work in
psychometric studies and the - albeit small - evidence base suggesting
relationships between dynamism and cognitive performance. In this
study, we analyze sex-related differences in sFNC, dFNC and dynamism
metrics using two functional parcellations estimated using group spatial
independent component analysis (ICA) in a large age- and gender-
matched subject sample drawn from the Brain Genomics Superstruct
repository. Subjects were also matched for head motion. This data was
selected given its high quality (due to oversampling of young, healthy
adult subjects), and because performance data are available from ex-
scanner tasks of mental rotation and response inhibition. Using an
established pipeline (Fig. 1), we computed the effect of sex in sFNC, 7
metrics of brain dynamism, and dFNC in 4 dynamic connectivity states in
24- and 51-network parcellations. A variety of sensitivity analyses were
also performed. We also explored relationships between dynamism and
performance in mental rotation and response inhibition. This study
represents the first analysis of sex-related differences in spatial dFNC and
brain dynamism and their intrinsic neurocognitive correlates.

2. Materials and methods

Methods used in this study are presented below in the order in which
they were performed (See also: Fig. 1). In summary, after pre-processing



Fig. 1. Computational pipeline. A schematic of the computational pipeline illustrates steps in the preparation of the outcome measures of sFNC, dFNC and
dynamism. Preprocessed fMRI were submitted to spatial group ICA to estimate 24- and 51-network models of intrinsic networks, from which thresholded spatial maps
are prepared via back-reconstruction using the GIG-ICA algorithm. Pearson pairwise correlations averaged over the timecourses for these spatial maps were analyzed
using a MANCOVA to form the basis for the static FNC analysis. In the dynamic pipelines, a sliding window approach to the IN timecourses formed windowed FNC that
were clustered using k-means to estimate 4 brain states, on which 3 measures of dynamism were computed in the native state space. Similarly, windowed FNC were
clustered using the tICA algorithm to identify prototype connectivity patterns that were discretized to form the basis for 4 measures of dynamism computed in the
meta-state space.
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the MRI scans using SPM12, an age-, sex- and motion-matched sample of
534 subjects was constructed and 24- and 51-network whole brain
functional parcellations were estimated with group spatial ICA using
GIFT. Subsequently, connectivity analysis was performed with GIFT
3

using the component timecourses obtained from group spatial ICA to
examine sex-related differences in static and dynamic network connec-
tivity and 7 measures of brain dynamism.



N. de Lacy et al. NeuroImage 202 (2019) 116116
2.1. Data

This study uses data from the Brain Genomics Superstruct project,
collected from >3,000 individuals in the Boston community enrolled in
studies of normal brain function or as controls in clinical studies
(https://www.neuroinfo.org/gsp). From this larger initiative, the origi-
nators formed and released a repository in 2015 comprising de-
mographic, MRI and behavioral data from a subset of 1570 healthy
young adults ages 18–35. The originators of the data performed extensive
quality control on the MRI data prior to selecting datasets for release.
This included screening for “artifacts, acquisition problems, processing
errors and excessive motion with each image viewed on a per-slice basis
along each principal axis”. 54 participants were excluded on this basis.
Slice-based temporal signal-to-noise ratio (sSNR) was also computed and
a further 88 participants with sSNR <100 were excluded from release
(Holmes et al., 2015). Thus, every participant in the current study has an
sSNR greater than 100. Age was specified within 2-year bins. For
example, the 19 year-old bin includes subjects aged 18 and 19 at the time
of scanning. Our study uses data from subjects in this latter sample,
where the “dispersion of estimated IQ scores [was] positively shifted
relative to the general population” but personality traits “have distribu-
tions that would be expected of a clinically-screen population-based
sample” (Holmes et al., 2015). Of note, IQ scores were derived from
Shipley-Hartford Age-Corrected T scores. Averaged individual perfor-
mance data was also available for the Eriksen flanker task and a task of
mental rotation. In the latter subjects completed 9 trials of 4 rotation
conditions (0�, 80�, 120� and 180�) to match pairs of 3-dimensional,
asymmetric groups of cubes. A modified version of the flanker was pre-
sented and subjects completed 192 trials in 8 switch and 8 non-switch
blocks of 12 trials each. The present study was deemed not human sub-
jects research by the University of Washington Institutional Review
Board.

2.2. MRI pre-processing

MRI scans were collected using matched 3T TIM Trio systems at
Harvard University and Massachusetts General Hospital using vendor-
supplied 12-channel head coils, on 5 different scanners. 124 volumes
(6.12minutes) of functional MRI were acquired with 47 slices, inter-
leaved sequence, voxel size 3.0� 3.0� 3.0mm and TR¼ 3000ms, with
subjects instructed to keep their eyes open. Full details of parameters may
be viewed at the Brain Genomics Superstruct website (https://static1
.squarespace.com/static/5b58b6da7106992fb15f7d50/t/5b68650d8a9
22db3bb807a90/1533568270847/GSP_README_140630.pdf). As rec-
ommended by the originators of the data, the first 4 volumes of each scan
were removed to account for scanner equilibration effects, with 120
timepoints remaining. Subsequently, we slice-time corrected remaining
volumes to the middle volume, realigned to the first volume, resliced,
coregistered, and normalized to the functional template and smoothed at
6 mm full width half maximum using standard algorithms in SPM12.
After processing, data were submitted to quality control to assess the
quality of the normalization and degree of subject motion by computing
1) spatial regression between each normalized functional image and a
group mask constructed from all subjects and 2) root mean square dif-
ference of volume N to volume Nþ1, also known as DVARS (Christo-
doulou et al., 2013; Power et al., 2014). All subjects had >85%
correspondence between their normalized image and the group mask
with one exception. Normalization for this subject proved uncorrectable
and this participant was eliminated from further consideration.

2.3. Subject sample construction

The 534-subject sample for this study was constructed by selecting
right-handed subjects with estimated IQ scores available, and then sex-
matching and matching for head motion (using the DVARS statistic)
within age bins. There was a significant difference (2-sample t-test,
4

p< 0.05) in IQ between males and females, with males having slightly
higher mean IQ than females. In addition, there were significant differ-
ences in performance (2-sample t-test, p< 0.05) in certain neuro-
cognitive task measures. Subject demographics and statistics related to
neurocognitive task performancemeasures may be viewed in Table 1 and
a list of subjects with their original study ID codes inspected in Supple-
mentary Table 1. The terms ‘sex’, ‘male’ and ‘female’ are used in this
paper in accordance with the phenotypic nomenclature used by the Brain
Genomics Superstruct project.

2.4. Group spatial independent component analysis

2.4.1. Estimation of functional parcellations with group spatial independent
component analysis

Group spatial independent component analysis (ICA) was performed
on the pre-processed data using the Group ICA of fMRI Toolbox (GIFT)
developed in our group, and widely used in ICA of fMRI (Calhoun and
Adali, 2012; Calhoun et al., 2001). We performed two ICA de-
compositions to test the sensitivity of results to model parameters and
provide an increasingly detailed view of brain networks. Resting-state
scans were first pre-whitened followed by a subject-specific data reduc-
tion principal components analysis retaining 50 and 110 principle com-
ponents (PCs) respectively, with the objective of stabilizing back
reconstruction and retaining maximum variance at the individual level.
Group ICA decompositions were then performed with 40 and 100 com-
ponents respectively using the Infomax algorithm run 10 times with
random initialization using ICASSO (Himberg et al., 2004; Li et al.,
2007). Aggregate spatial maps were estimated as the centrotypes of
component clusters to reduce sensitivity to initial algorithm parameters.
Single-subject images were concatenated in time to perform the single
group ICA estimation and subject specific spatial maps estimated using
back reconstruction (Erhardt et al., 2011) with the group information
guided ICA (GIG-ICA) algorithm (Du et al., 2016), an approach which we
have shown well-captures individual subject variability (Allen et al.,
2012). GIG-ICA estimates single-subject images and timecourses from the
single group ICA estimation, thereby allowing individual variation in
spatial maps constructed from each component (see below). The result-
ing independent components were scaled by converting each subject
component image and the time course to z-scores.

2.4.2. Sorting components from the group spatial ICA
For each of the ICA decompositions or model orders, we sorted

components into gray-matter networks versus (vs) artifactual noise
components with a combination of expert visual inspection by NdL and
VDC, and quantitative metrics. For each component, we computed the
quantitative spectral metrics of 1) Fractional amplitude of low frequency
fluctuations and 2) Dynamic range (Allen et al., 2011). The former is the
ratio of the integral of spectral power below 0.10 Hz to the integral of
power between 0.15 and 0.25 Hz. Dynamic range is the difference be-
tween the peak power and minimum power at frequencies to the right of
the peak. Generally, components representing gray matter have higher
values in these metrics, while artefactual components (such as signals
accruing from cerebrospinal fluid, vascular pulsations, white matter or
head motion) have lower values, though there are currently no absolute
cut-off points for inclusion or exclusion. Components were inspected by
NdL and VDC and those with poor overlap with cerebral gray matter or
low spectral metrics were discarded. We retained 24 components from
the 40-component and 51 from the 100-component ICA, each considered
a set of functional intrinsic brain networks (INs).

2.4.3. Construction of intrinsic functional network spatial maps
We constructed a spatial map for each IN retained after the sorting

process by selecting voxels that represented the strongest and most
consistent coactivations, by performing a voxelwise one-sample t-test on
the individual subject timecourses and thresholding individual voxels at
(mean þ 4 standard deviations), again following an established pipeline
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Table 1
Subject demographics and neurocognitive task performance.
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Demographic characteristics for males and females in the 534-subject study sample. Where a significant difference was observed (2-sample t-test,
p< 0.05) between males and females the statistical significance level is also displayed. Group average performance on individual measures in the
Flanker task of response inhibition and a mental rotation task is similarly shown and full results may be inspected in Supplementary Table 2.
Empty cells indicate insignificant results (p> 0.05). Expanded definitions of the labels for each neurocognitive measure may be found in Sup-
plementary Table 3, which is a key prepared by the Brain Genomics Superstruc project.
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(Allen et al., 2011) using GIFT. Thus, these spatial maps represent the
brain regions most associated with each component's timecourse,
instantiated in thresholded brain maps. This procedure enabled us to
construct a group spatial map for each of the INs assembled from the
relevant individual subject timecourses, in each of the model orders.
These spatial maps were used to attribute the neurocognitive labels for
each IN, and served as the inputs for the sFNC analysis to construct the
sFNC matrices. Three-dimensional renderings of the resulting 3 sets of
intrinsic networks may be inspected in Neurovault at https://neurovau
lt.org/collections/4031/(24-network model) and https://neurovault.or
g/collections/4032/(51-network model). Each intrinsic network is
labelled with its attributed neurocognitive function and number, corre-
sponding to Fig. 2.

2.4.4. Functional Intrinsic Network Attribution and Grouping
The primary neurocognitive function of each IN spatial map was

attributed by visual inspection and quantitative comparisons using three
Fig. 2. Intrinsic networks grouped by neurocognitive function for the 24-net
representative slice, for the 24-network model of intrinsic networks grouped by n
components from the group ICA at (mean þ 4 standard deviations). Neurocognitiv
tional Intrinsic Network Attribution and Grouping. Readers may explore 3-dime
ons/4031/(24-network model) and https://neurovault.org/collections/4032/(51-ne
attributions.

6

methods. Firstly, we determined the coordinates in Montreal Neurologic
Space (MNI) associated with peak intensities for each IN in each of the 3
sets of maps. The top 3 co-ordinates were compared with the literature.
We found multiple literature-based confirmatory sources that gave spe-
cific Talairach or MNI coordinates and associated these with network
labels for all networks in the task-positive network group, the DMN and
primary sensorimotor and visual networks, (Dosenbach et al., 2006,
2007; Fox et al., 2005; Laird et al., 2011; Seeley et al., 2007; Smith et al.,
2009; Spreng et al., 2013; Vernet et al., 2014) but not for INs in the
subcortical or speech/language groups. Secondly, the top 5 spatial lo-
cations in each IN were examined using the Brodmann Interactive Atlas
(http://www.fmriconsulting.com/brodmann/Interact.html). Thirdly,
network correlations with reverse inference maps of regional activations
associated with specific neurocognitive functions were inspected in
Neurosynth (Yarkoni et al., 2011). Attributions using the third method
may be explored by readers by loading a spatial map in Neurovault and
accessing the ‘Cognitive Decoding’ function.
work model. Group spatial maps are displayed in 2-dimensional format for a
eurocognitive function. Spatial maps are created by thresholding gray-matter
e attributions were made using three methods described in the section Func-
nsional maps of each network in Neurovault at https://neurovault.org/collecti
twork model), where networks are labelled with numbers and neurocognitive
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2.5. Static functional connectivity analysis

We performed a multivariate analysis of covariance (MANCOVA)
using the MANCOVAN toolbox and an established method (Allen et al.,
2011) in GIFT, to compare the effects of sex with other possible pre-
dictors of variance in the 2 sets of network maps for the 534-subject
motion-matched sample. To optimize for the large dimensions of the
data but enable statistical testing at each voxel, predictors were sub-
mitted to the MANCOVA with an F-test at each iteration to produce a
final reduced model for each outcome measure and network, before
univariate testing of significant predictors was performed on the original
model corrected for multiple comparisons (among all networks analyzed
within a set) and false discovery rate (FDR) at q¼ 0.01. Nuisance re-
gressors composed of individual scanner sites and the 6 realignment
parameters and their 6 first derivatives were regressed from the analysis
using the general linear model, prior to computing Pearson correlations
between IN spatial maps. Each site was modeled as an individual re-
gressor. We used age, gender, scan site and DVARS measure as predictors
for all three analyses. Prior to computing sex-related effects on FNC
matrices, we regressed the effects of age, IQ, scanner site and motion
using the general linear model. While we did remove these effects, we
nonetheless retained these as predictors in the MANCOVA to test for any
residual effects of motion, age, IQ or site on results obtained in the sta-
tistical testing. For example, we tested for sex�DVARs interactions.
Significant effects were computed for both male> female and fe-
male>male effects.

2.6. Dynamic connectivity analysis

2.6.1. Computation of brain states in native state space
To identify dynamic brain states, we adopted the framework (Allen

et al., 2014; Sakoglu et al., 2010) of deriving small number of stable
FNC states from fMRI ICA timecourses by applying a clustering algo-
rithm to a succession of FNC windows. First, subject timecourses were
detrended and despiked to remove outliers using 3dDespike in the AFNI
software and filtered using a fifth-order Butterworth low-pass filter
with a high frequency cutoff of 0.15 Hz. After regression of the 6
realignment parameters and their first temporal derivatives and scan-
ner site from the timecourses, windowed covariance matrices were
assembled using a sliding window approach instantiated in the tem-
poral dFNC toolbox in GIFT where a tapered rectangular window was
created by convolving a rectangle with a Gaussian and slid in steps of
1 TR. Windowed FNC covariance matrices (wFNC) were estimated
using a graphical LASSO method (Friedman et al., 2008) as detailed in
Allen et al. (2014). The window size was selected based on previous
studies demonstrating window sizes in the range of 40–60s produce
reasonable and robust results (Allen et al., 2014; Damaraju et al., 2014;
de Lacy et al., 2017). We selected a window size¼ 17 TR for our
baseline case and also performed sensitivity analyses at size¼ 15 TR
and size¼ 20 TR. The k-means algorithm with city distance function
was applied to the wFNC to derive stable dynamic states, initializing the
clustering of data from all subjects with cluster centroids. These were
first clustered using a subset of windows with local maxima in FC
variance as in Allen et al. followed by clustering of the entire set of
windows after initialization with the previous cluster solution (Allen
et al., 2014). The subsampling procedure was performed to improve
performance and reduce computational demand; previous results show
that the solution improves results (Allen et al., 2014). We computed the
number of clusters in the 24-network and 51-network models using the
elbow criterion and the Bayes Information Criterion (BIC), testing over
a range of 0–10 possible clusters. The elbow criterion indicated a cluster
number of 4 in both the 24- and 51-network models for all window sizes
(15, 17 and 20 TR). The BIC indicated 4 clusters for window
size¼ 17 TR in both models, 5 clusters for window size¼ 20 TR in both
models and 7 clusters in the 15TR/24-network model and 6 clusters in
the 15 window/51-network model. Accordingly, a 4 cluster dFNC
7

model with window size¼ 17 TR was selected as the baseline case for
both 24-network and 51-network models with sensitivity analyses
performed using other permutations suggested by the results obtained
using the BIC, as well as a sensitivity analysis using absolute displace-
ment in millimeters as the measurement of head motion instead of
DVARS. Cluster membership as a function of time provides the state
transition vector, indicating the state membership at a given point in
time for each subject. In addition, we applied a threshold concept
requiring that a given FNC covariance matrix be present in a minimum
number of 10 windows for each subject included.

2.6.2. Measures of dynamism in native state space
We computed four measures of functional dynamism in the native

state space i.e. on the stable brain states computed with k-means. These
included three measures of fluidity: the number of times each subject
moved between states during their individual timecourses (state-
switching), the average time in windows they spent in each of the states
once entering that state (dwell time), and the fraction of their total time
spent in each state (fraction of time). We also computed FNC between
pairwise INs within each state.

2.6.3. Computation of prototype connectivity patterns in meta-state space
To create prototype connectivity patterns (CPs) used in higher-

dimensional measures of dynamism we followed a similar method but
in this case preferred the use of the tICA algorithm (R. L. Miller et al.,
2016). After creating wFNC series as detailed above, the tICA algorithm
was applied to the individual arrays of FNC covariance matrices using the
city method and the algorithm iterated a maximum of 200 times before
convergence. We chose the tICA algorithm since its decomposition pro-
duces CPs whose weights in the wFNC are maximally temporally inde-
pendent, leveraging higher order statistics. We have previously
demonstrated that results using our dynamic measures (below) provided
consistent results if other clustering measures such as k-means, spatial
ICA and principal component analysis are used (R. L. Miller et al., 2016).
CPs formed the analytic substrate for the remainder of the study.

2.6.4. High-dimension measures of dynamism in meta-state space
We computed four measures of dynamism in the higher-dimensional

meta-state space using the same procedure as detailed in Miller et al. (R.
L. Miller et al., 2014; R. L. Miller et al., 2016). Here, the time-varying,
additive contributions made by CPs to each observed wFNC over the
subject timecourses are discretized. A 4-dimensional weight vector is
obtained representing the contribution of each CP to each wFNC matrix
by regressing the FNC estimate onto the tICA cluster centroid.
Real-valued weights accruing from this computation are then replaced by
a value in � (1, 2, 3, 4) according to the signed quartile into which each
weight falls. The resulting discretized vectors are termed meta-states.
Four measures of dynamism were computed for these meta-states. Dis-
cretization of the CP contributions to wFNC constructs a state space
comprised of 84 ¼ 4096 possible meta-states (and similarly, 85, 86and 87

possible states in the sensitivity analysis) which subjects may occupy
over time. Two metrics describe the fluidity with which subjects traverse
the meta-state space: the number of distinct meta-states passed through
by each individual and the number of times each subject switches be-
tween meta-states. The remaining two metrics describe the
high-dimension dynamic range achieved by subjects: the maximal L1

span achieved between occupied meta-states, and the total distance
‘traveled’ by an individual through the state space (sum of all L1

distances).

2.6.5. Dynamic statistical analysis
Sex-related differences in each measure of dynamic connectivity be-

tween males and females were calculated using two sample t-tests. These
were computed at a significance level of q< 0.05, corrected to control
FDR and multiple comparisons where relevant. Variance associated with
site, DVARS measure, age and IQ-level was removed by regression using
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the general linear model from the correlation values prior to performing
clustering, in order that any sex-related effects would be examined in
isolation. After removing the variance attributable to site, DVARS mea-
sure, age and IQ-level, we computed Pearson correlations between in-
dividual scores in the 5 secondary metrics of dynamism (state-switching
in the native state space, and the meta-state measures) and individual
scores in the Eriksen flanker task and task of mental rotation. For each
correlation, we computed the correlation or r value and the significance
or q value, correcting the latter for multiple comparisons by controlling
for the false discovery rate (FDR) using the Benjamini-Hochberg pro-
cedure. Original study acronyms for each of the metrics obtained in in-
dividual testing in the flanker andmental rotation tasks may be viewed in
Supplementary Table 3, which is a key prepared by the Brain Genomics
Superstruct project team. We also computed sex-related performance
differences in the two cognitive tasks using a t-test at a significance level
of p< 0.05.

3. Results

3.1. Stronger static inter-network connections exist in males except among
default mode sub-networks where connections were stronger in females

We first examined significant (q< 0.01, corrected for FDR and mul-
tiple comparisons) sex-related differences in the strength of static
(averaged) connections among intrinsic networks. In general, we
observed that static inter-network connections were stronger in males
among networks in the task-positive control, sensorimotor, visual, lan-
guage and subcortical groups (Fig. 3). We identified multiple sub-
networks of the default mode system in our high-order models and
connections among these sub-networks were stronger in females. This
pattern was replicated in both the 24- and 51-network models.

Scattered exceptions existed. In particular, in a language network
associated with semantic function (IN22, 24-network model) and in the
orbito-frontal cortex and basal ganglia (IN10 and 49, 51-network model).
There were no residual interactions between site, DVARS measure, age
Fig. 3. Sex-related differences in static functional network connectivity in you
young adults matched for age, sex and head motion are displayed. Effects were d
timecourses for intrinsic networks obtained from ICA. In a, significant (q< 0.01 corre
24-network model, where b shows significant (q< 0.01 corrected for FDR and multi
coded for female – male computations, where higher than average correlation strengt
correlation strength (blue) indicates higher connectivity in males.
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and IQ-level and the sex-related effects reported. For example, there were
no sex� age interactions.

3.2. Sex-related differences in dynamic network connections vary
significantly across transient brain states

Overall, the general pattern observed in static FNC was preserved in
the dynamic analysis (Fig. 4). However, application of the time-
windowing analytic technique exposed considerable variation in signif-
icant (q< 0.05, corrected for FDR and multiple comparisons) sex-related
connectivity differences among the 4 brain states. More sex-related dif-
ferences were observed in states 2–4. These states shared an overall
pattern of stronger connections within individual network systems
(grouped by neurocognitive associations) and anti-correlation with un-
related systems. This may be seen by observing the greater visual contrast
between network groups on the diagonals of the matrices versus other
cells in Figs. 4 and 5. By contrast, State 1 exhibited a divergent pattern of
stronger connectivity more diffusely, and no sex-related differences were
observed in this state. This general pattern was replicated in the 51-
network model (Fig. 5).

We performed sensitivity analyses varying the number of windows to
TR¼ 15 and TR¼ 20 for both the 24- and 51-network models using the
4-state construct which may be compared with our baseline parameter of
TR¼ 17 in Supplementary Fig. 1. Similarly, sensitivity analyses related to
the differential cluster numbers obtained in the BIC analysis were also
performed. For the 24-network model, we show the results of a 7 cluster
model with window size¼ 15 TR and 5 cluster model with window
size¼ 20 TR in Supplementary Fig. 2. For the 51-network model we
display the results of a 6 cluster model with window size¼ 15 TR and 5
cluster model with window size¼ 20 TR in Supplementary Fig. 3. Finally,
the results of our sensitivity analysis using absolute displacement instead
of DVARS may be viewed in Supplementary Fig. 4. In all cases, the main
results were similar to those obtained in the baseline model seen in
Figs. 4 and 5.
ng adults. Sex-related effects in static connectivity in 534 typically-developing
etermined by computing Pearson pairwise correlations averaged across fMRI
cted for FDR and multiple comparisons) sex-related effects are displayed for the
ple comparisons) sex-related effects for the 51-network model. Effects are color-
h (red, yellow) indicates higher connectivity in females, and lower than average



Fig. 4. Sex-related differences in dynamic functional connectivity in a 24-network model. Dynamic functional connectivity across 4 brain states was estimated with k-
means clustering of windowed FNC matrices from 24 networks using ICA timecourses for females (top) and males (middle). Significant sex-related differences in FNC
between all networks were computed for each of the 4 states using with 2-sample t-tests at a significance level of q< 0.05, corrected for false discovery rate and
multiple comparisons.
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3.3. Dynamic sex-related connectivity differences occur most frequently in
brain states where neurocognitive systems display mutual anti-correlation

Our 51-network model provided increased resolution of sub-
networks, allowing connectivity differences to be parsed in more
detail. As remarked above, we identified a generalized pattern where sex-
related differences in dynamic functional connectivity were more com-
mon in brain states with a higher connectivity ‘gradient’ between intra-
system connections versus connections with non-member networks.

Of particular interest are the similarities and differences between
states 3 and 4, where most sex-related differences occur. Both are char-
acterized by well-defined connection strength within network systems
and lack the strong anticorrelation between subcortical and other
network systems seen in state 2. In state 3, diffuse anti-correlation exists
between most network systems and non-member networks outside the
‘home’ system, and intra-DMN connectivity is robust. We identified the
highest number of sex-related dynamic functional connectivity differ-
ences in this state. Significantly (q< 0.05, corrected for FDR andmultiple
comparisons) stronger connectivity in females than males in the DMN
system and between the orbitofrontal network (IN10) and DMN networks
was a prominent feature that differentiated this state. Elsewhere,
significantly stronger connectivity was found in males than females,
particularly between networks in the DMN and task-positive control
systems and several other networks: the dorsolateral prefrontal cortex
(IN22), a sensory-related insula network (IN21) and two sensorimotor
networks (INs 30 and 31).

In state 4 we observed greater anti-correlation between the DMN and
other network systems than in state 3. As well, we found relatively higher
intra-system connectivity among visual and sensorimotor network
groups, and stronger correlations between these groups and the task-
9

positive control networks than in state 3. Females exhibited signifi-
cantly (q< 0.05, corrected for FDR and multiple comparisons) stronger
connectivity than males within the DMN system in this state, but this
pattern was not as elaborated as in state 3. Males showed stronger con-
nectivity than females in other network pairings, particularly between
the supplementary motor cortex (IN31) and networks in the DMN and
task-positive control systems. As reported in 3.3, sensitivity analyses in
the 51-network model may be viewed in Supplementary Figures 2, 3 and
4 and are concordant with these results.
3.4. Females spend significantly more time than males in a brain state
where anticorrelation between network systems was maximized

We computed two measures related to the timing of transitions by
subjects between the 4 brain states identified in this data: subjects’ dwell
time in each state and the fraction of time spent in each state. We
observed significant (q< 0.05, corrected for FDR and number of com-
parisons) sex-related differences in dwell time in state 3, where females
spent more time than males. This finding was replicated in both the 24-
network and 51-network models (Fig. 6). Interestingly, a finding of fe-
males spending less time in state 2 than males also replicated in both
models, but narrowly missed significance at q ¼ 0.066 (24-network
model) and q ¼ 0.087 (51-network model), corrected for FDR.

An additional finding was that males spent a significantly (q< 0.05,
corrected for FDR and number of comparisons) larger fraction of their
total time in state 2 than females in the 51-network model (Table 2), but
this did not replicate in the 24-network model (q ¼ 0.694, corrected).
These findings were replicated in the sensitivity analyses for both
models.



Fig. 5. Sex-related differences in dynamic functional connectivity in a 51-network model. Dynamic functional connectivity across 4 brain states was estimated
with k-means clustering of windowed FNC matrices from 51 networks using ICA timecourses for females (top) and males (middle). Significant sex-related differences
in FNC between all networks were computed for each of the 4 states using with 2-sample t-tests at a significant level of q< 0.05, corrected for false discovery rate and
multiple comparisons.
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3.5. Males exhibit greater brain functional dynamism than females

Five measures of dynamic fluidity and range across the native (state
switching) and meta-state (number of states occupied, state-switching,
L1 span, total L1 distance) subspaces were computed to delineate brain
dynamism across the 24- and 51-network models. We identified statis-
tically significant (p- or q< 0.05, corrected for FDR) sex-related differ-
ences in 4/10 of these measures of dynamism (Table 2). In every case,
males exhibited significantly greater dynamism than females.

State-switching in the native state was significantly greater in males
than females, replicated in all models. In the 24-network model, L1 span
was significantly greater in males, replicating in all sensitivity analyses
except the 15 TR/6-cluster model. Total L1 distance significantly greater
than females in the 51-network model, a finding only replicated in the
15TR/6 cluster sensitivity analysis.
3.6. Brain functional dynamism is typically anti-correlated with response
inhibition performance and positively correlated with mental rotation ability

In this sample, females performed significantly (p< 0.05) more
slowly than males on 6/12 measures of response inhibition in the flanker
task, and males performed better on 6/15 measures in a mental rotation
task (Table 1, Supplementary Table 2). We quantified the relationship
between task performance and dynamism by computing Pearson corre-
lations between individual scores on the neurocognitive tasks and brain
dynamism measures. The latter were typically - though not exclusively -
anti-correlated with response inhibition and positively correlated with
mental rotation ability.
10
3.6.1. Sex-related differences in response inhibition reaction times are
significantly anti-correlated to multiple measures of brain dynamism
particularly in females

In the response inhibition (Flanker) task, there were significant
(p< 0.05) sex-related performance differences on all 6 measures of re-
action time for correct responses (overall and during switch- and non-
switch blocks) but no significant performance differences in measures
of response correctness. Females had significantly longer reaction times
than males (Table 1, Supplementary Table 2). In the combined sample,
we observed significant (q< 0.05 corrected for FDR and multiple com-
parisons) correlations between multiple measures of reaction time per-
formance and number of meta states and meta state-switching in the 24-
networkmodel and all four meta-state measures in the 51-network model
(Fig. 7).

When females were considered separately in the 24-network model,
there was a significant (corrected) correlation between native space
state-switching and overall and switch-block correctness scores, and
between meta-state number of states and many measures of both
correctness and reaction time (Fig. 7a). In the 51-network model, fe-
males exhibited significant (corrected) correlations between most meta-
state measures and measures of reaction time. The exception to the latter
was an observed significant (corrected) correlation between native state-
switching and overall percentage of correct responses (Fig. 7b). When
males were considered separately, there were fewer significant (q< 0.05,
corrected) correlations. These were present between both meta-state and
native state-switching measures and reaction time performance during
switch blocks in the 24-network model (Fig. 7a). In the 51-network
model, significant (corrected) correlations were observed for males



Fig. 6. Sex-related differences in dwell time in dynamic brain states. Dynamic functional connectivity across 4 brain states was estimated with k-means clustering
of windowed FNC from the ICA timecourses for a, the 24-network model and b, the 51-network model. The dwell time within each state was computed for each
subject. Significant FNC differences between networks in each model, and significant differences in dwell time, between females and males were examined with 2-
sample t-tests at a significant level of q< 0.05, corrected for false discovery rate and multiple comparisons. Error bars are displayed for each curve showing the
standard deviation.
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Table 2
Sex-related differences in dynamic fluidity and range measures.

Statistical significance level (p-value or q-value) is displayed for sex-related differences for dwell time,
fraction of time and dynamism in 24- and 51-network models across 4 brain states from 2-sample t-tests
performed at p< 0.05 or q< 0.05, corrected for FDR where appropriate. Statistically significant findings
where females>males are highlighted in orange, and for males> females in blue. These values represent
results after variance attributable to age, IQ and head motion statistics was removed using the general linear
model. Dwell time and fraction of time values are shown in a range, indicating the lowest and highest bounds
for each of the 5 states. In these measures, only the lowest values in the range, which are displayed in the
table, achieved statistical significance.
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between most meta-state measures and median switch block reaction
times andmeta-state number of states and total distance andmean switch
block reaction times (Fig. 7b).

In the combined sample and males only, all significant relationships
between measures of dynamism and response inhibition were direc-
tionally anti-correlated in both 24- and 51-network models. In females
considered separately, we observed more significant correlations be-
tween measures of dynamism and response inhibition than in the com-
bined or male samples in both models. In the four meta-state measures
these were again consistently anti-correlated, in both 24- and 51-network
models. Interestingly, in the native space state-switching measure alone,
significant correlative relationships were positive. A full summary of
results including task performance differences for each Flanker measure
and correlation r and q values with each measure of dynamism may be
accessed in Supplementary Table 2.

3.6.2. Sex-related differences in mental rotation performance are
significantly positively correlated to multiple measures of brain dynamism,
particularly in females

In mental rotation, we detected less consistent results between the 24-
and 51-network models compared with the flanker task. In the 24-
network model we observed significant (q<0.05, corrected) correla-
tions between native space state-switching and 80-degree response times,
and multiple meta-state measures and the percent of correct responses in
0-degree trials when females were considered separately. In the 0-degree
mental rotation measure, males had significantly better performance
than females (Table 1). There were no other significant results in the 24-
network model. More observations were obtained in the 51-network
model. In the whole sample including males and females, meta-state
number of states was significantly (q< 0.05, corrected) correlated with
3 mental rotation measures of correct responses where males achieved
significantly (p< 0.05) performance than females: 0- and 160-degree and
total correct. State-switching in the native space was associated with the
latter two of these (Fig. 8b). In females, many more measures of mental
rotation performance were correlated with dynamism (Fig. 8b). Five
measures (0-degree, median 80- and 120-degree, total and median total
correct) were significantly (q< 0.05, corrected) correlated with both
meta-state number of states and state switching. In addition, meta-state
total distance was significantly (q< 0.05, corrected) correlated with 0-
degree correct performance and native space state-switching with me-
dian 120-degree correct performance. In females these significant results
were observed across measures with and without significant sex-related
performance differences. In males considered separately, native space
state-switching was again significantly (q< 0.05, corrected) correlated
with 160-degree and total correct responses (Fig. 8b).

All significant (q< 0.05, corrected) correlations between mental
12
rotation performance and measures of dynamism were detected in
pairings between variables that exhibited positive correlation, direc-
tionally opposite to our findings in the flanker task. A full summary of
results including task performance differences for each mental rotation
measure and correlation r and q values with each measure of dynamism
may be accessed in Supplementary Table 2.

4. Discussion

In recent years the analysis of dynamic, or time-varying, connectivity
has attracted considerable attention (Preti et al., 2017). Windowing
techniques can estimate transient brain states from fMRI data, and have
proven their ability to detect differences attributed to the presence of
neuropsychiatric diagnoses with observable sex/gender bias such as
autism (de Lacy et al., 2017), bipolar disorder and schizophrenia (Rashid
et al., 2014) and multiple sclerosis (Leonardi et al., 2013) as well as
differential levels of consciousness (Amico et al., 2017). Functional brain
dynamism has also been related to executive function ability and
cognitive control. However, the degree to which males and females
exhibit variance in their patterns of spatial dFNC and secondary metrics
of brain dynamism was largely unknown. We performed an analysis of
dFNC and dynamism in a large group of sex-, age- and motion-matched
neurotypical young adults. Notwithstanding the considerable evidence
that sex-related differences exist in certain neurocognitive tasks such as
mental rotation, the question of whether sex-related differences exist in
intrinsic brain function has been a thorny and ongoing debate. Our study
provides the first evidence that significant sex-related differences exist in
both dynamic connectivity among brain networks, and in certain sec-
ondary measures of macroscale brain dynamism, and that these may
exhibit a directional relationship with cognitive abilities that also display
sex-related differences in performance.

Initially, we performed a conventional survey of static, or time-
averaged, FNC and found many significant differences in brain function
between males and females. These organized around a theme of stronger
connectivity in females than males within sub-networks of the default
mode system and – typically - stronger connections in males than females
in other network pairings. This result accords with prior studies that have
positively identified significant sex-related differences in intrinsic brain
functional connectivity. For example, Biswal et al. and Zuo et al. both
identified sex-related differences in fronto-parietal, cingulo-opercular
and temporal connections in typically-developing adults (Biswal et al.,
2010; Zuo et al., 2010). Our results contrast with others who did not
identify functional dimorphism. In particular, a prominent finding in our
study was that connectivity among multiple sub-networks of the default
mode system were stronger in females than males, replicated in both 24-
and 51-networkmodels. This differs from a study using rsfMRI performed



Fig. 7. Significant relationships between brain dynamism and response inhibition. Statistical significance level (q-value) is displayed for significant (q< 0.05)
correlations between each measure of functional brain dynamism and measures of response inhibition (Flanker task) in a. 24-network and b. 51-network models of
brain function. All values represent significant Pearson correlations corrected for FDR. Empty cells indicate insignificant results (q> 0.05).

N. de Lacy et al. NeuroImage 202 (2019) 116116

13



Fig. 8. Significant relationships between brain dynamism and mental rotation. Statistical significance level (q-value) is displayed for significant (q< 0.05)
correlations between each measure of functional brain dynamism and measures of performance on a mental rotation task in a. 24-network and b. 51-network models
of brain function. All values represent significant Pearson correlations corrected for FDR. Empty cells indicate insignificant results (q> 0.05).
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by Weissman-Fogel et al. (2010) which examined connectivity within a
single identified default mode network in a smaller sample of
right-handed young adults (n¼ 49), which did not identify sex-related
differences in the functional connections within the network. Differ-
ences with our results might be due to methodology, since this group
used a different ICA-based technique, and did not match subjects for age
or head motion, or covary for or remove the variance associated with
variables such as age, motion or IQ. In our study, subjects were matched
for age, sex and head motion, and the variance associated with age, head
14
motion, IQ and scanner site were regressed from network correlations
prior to performing statistical analysis. However, our findings accord
closely with earlier work by Allen et al. which controlled for, but did not
remove, variance associated with age. This single-scanner study exam-
ined sFNC in 28 intrinsic networks in 603 neurotypical adults from a
different sample population, and identified significant dimorphism in the
connections among many networks. This study also detected stronger
connectivity among subnetworks of the default mode system in females,
and typically stronger sFNC among other networks in males: the same
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pattern that we identified (See Fig. 8 in (Allen et al., 2011)).
We identified significant sex-related differences in most but not all

dynamic connectivity states. While sharing the overall theme identified
in the static connectivity benchmark analysis, the estimation of separable
dynamic brain states allowed us to demonstrate that sex-related differ-
ences manifest transiently over the timecourse of functional imaging. We
found that no differences in inter-network connectivity manifested be-
tween males and females in one dynamic state, while in others sex-
related differences were prolific. These latter instances occurred in
states characterized by greater anti-correlation among network neuro-
cognitive systems. For example, between networks in the default mode
system and other network types. State 3, with the most marked anti-
correlated pattern, also proved to be the state where the largest num-
ber of connectivity differences occurred, and was also the only state
where significant, replicable differences in a timing measure were
identified. Females spent significantly more time than males in this state.
This apparent ‘sensitivity’ to the manifestation of sex-related connectiv-
ity and timing differences in states with greater anti-correlation may
relate to the extensive body of work characterizing relationships between
default mode and task-positive networks. In the established model, a
fundamental anti-correlation between the functional operations of
default mode (‘interiorly-focused) and task-positive (‘exteriorly-focused)
intrinsic control networks is posited in the resting state, first identified by
Fox et al. (2005) and validated in other studies. In turn, this model may
ultimately relate to tentative models of brain functional control during
task performance, where task-positive fronto-parietal and
cingulo-opercular networks are proposed to control the initiation and
maintenance of task-positive states versus switching into ‘task-negative’
activation of default mode networks. Our study suggests that further
investigation of potential sex-related differences in task switching is
warranted to ascertain if males and females perform state-switching
operations differently. More specifically, future work may test the hy-
pothesis of whether functional anti-correlation relates to stronger
intra-default mode connections in females and an increased ability to
remain in the anti-correlated state while males preserve stronger
inter-network connections among other task-positive systems.

Of note, the larger theme we observed of stronger connections be-
tween default mode sub-networks in females contrasting with otherwise
stronger connectivity in males was broadly shared between the sFNC and
dFNC analysis. This is consistent with prior work suggesting the con-
nectivity patterns identifiable in static analysis represent a superordinate
approximation of underlying dynamic brain ‘states’ (Ciric et al., 2017). A
degree of commonality is to be expected, where dFNC teases out
increased detail that is approximated in the sFNC analysis. Bifurcation
between female vs male patterns of dynamic connectivity strength and
functional dynamism may link to other broad themes in the neuro-
imaging literature. While this must be speculative, it is intriguing to
theorize the possible implications of stronger female intrinsic functional
connectivity – both static and dynamic –within the default mode system.
Given its established links to mentalizing, introspection and social
cognition, this observation may help explain parallel findings of superior
female performance in these types of neurocognitive tasks and bears
further investigation. In addition, this sex-related difference in default
mode functional connectivity may prove a moderating influence in
neurocognitive disorders such as autism and ADHD, which have a
marked male> female bias in incidence, and which have both been
well-linked to disrupted default mode function. For example, our own
recent work in youth with ADHD identified a subnetwork of the default
mode system that displayed a significant sex� diagnosis interaction (de
Lacy et al., 2018), and similar results have been obtained in the default
mode system in autism (J. Yang and Lee, 2018).

Besides measures of connectivity and timing, we also analyzed sex-
related differences in measures of brain functional dynamism. In these
metrics, we characterize relative male and female dynamism over the
native state space and over subspaces derived from prototype connec-
tivity states. These metrics quantify dynamic fluidity and range, with
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intuitive appeal as corollaries of cognitive control and flexibility. We
found that males exhibited greater dynamism than females in several
metrics. In particular, our finding of increased state-switching in
males> females replicated in both network models, indicating greater
fluidity of movement among dynamic states obtained using spatial dFNC.
In comparison Yaesoubi et al. used the tICA algorithm to define 5
maximally temporally independent states in a 50-network model in 405
subjects (200 female) and examined gender differences in occupancy
patterns of these states, and combinations of states. The degree of age and
motion-matching was not specified. After regressing out age, they found
that males experienced a significantly larger number of distinct state
combinations than females (Yaesoubi et al., 2015). While this is not a
directly analogous measure to those we surveyed, it does indicate a
somewhat similar theme of greater dynamism in males. In our present
analysis we removed the variance attributable to age in order to focus our
experiments on sex-related differences in dFNC and measures of dyna-
mism given the small extant evidence base, and did not explore in-
teractions between age and sex. However, important functional
connectivity changes occur during human development and our findings
support the need for future studies examining the potential for age� sex
interactions.

A small body of existing work has explored the relationship between
neurocognitive abilities and brain dynamics. For the most part, this has
focused on cognitive control and executive function. Yang et al. exam-
ined dwell time in 5 dynamic states preferentially associated with various
subregions of the posteromedial cortex, and demonstrated a relationship
between the dynamic properties of a visual subregion and individual
performance in a measure of concept formation and mental flexibility (Z.
Yang et al., 2014). Using Human Connectome Project (HCP) data, Jia
et al. used multi-level adaptive clustering within the sliding window
framework to show that lower functional coupling transition time, or
greater dynamism, had superior ability to predict variance in a range of
tasks (alertness, cognition, emotion and personality traits) than static
FNC analysis (Jia et al., 2014). Nomi et al. also used HCP data and
employed a processing methodology similar in part to our own to
examine relationships between dynamic timing measures and the
Flanker task, Wisconsin Card Sort (cognitive flexibility), Penn Progres-
sive Matrices (fluid intelligence) and tasks of processing speed and
working memory, in a 100-network, 5-state model with gender as a
nuisance variable. They found that cognitive flexibility and processing
speed displayed weak positive and negative correlations with the fraction
of time spent in various brain states (Nomi et al., 2017). While these
analyses did not focus specifically on relationships between neuro-
cognitive performance and higher-level brain dynamics as we do in the
present study, collectively they suggest that dynamic connectivity
properties can be linked to cognitive control abilities.

We found that females were significantly less apt to switch connec-
tivity states and ranged over smaller state spaces (L1 span and distance),
while displaying generally slower reaction times in the Eriksen flanker
task. In the latter test of response inhibition and cognitive control, we
identified a negative correlation between task response times and mul-
tiple meta-state measures of dynamism, that was more common in fe-
males. Our results detected a clear signal in the flanker task, segregating
slower task performance (reaction time) with dynamism. Thus, our
findings preliminarily suggest that meta-state measures of dynamism are
negatively correlated with response inhibition, and that significantly
lower dynamic fluidity and range in females may be associated with their
slower rates of response inhibition. It might be hypothesized that the
relatively greater dynamic ‘stickiness’ that females exhibit, with
increased dwell time and reduced fluidity and range, contributes to their
tendency to inhibit unwanted responses more slowly. In contrast, mental
rotation is a visuospatial processing task in which males both in the
present study and in the established literature have consistently
demonstrated superior performance versus females. Mental rotation
tasks typically demand that subjects visualize the rotation of objects in
space before correctly matching them with exemplars, and is thought to
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involve iterative testing (rotations) and comparisons before a decision is
made as to a correct match. We are not aware of prior studies done to
relate brain functional dynamics to mental rotation. Our results suggest
that increased dynamism is positively correlated with mental rotation
performance, perhaps generating the hypothesis that a subject with a
greater dynamic ‘search space’ may perform better at the iterative
problem-solving involved in this task. While the signal we detected in
mental rotation was less clear than in the flanker, it did again suggest that
the relationship between dynamism and task performance was stronger
in females.

4.1. Limitations

Limitations exist in the present study. Firstly, IQ scores derived from
the Shipley-Hartford Age-Corrected T-scores were provided in the orig-
inal dataset and used in the current analysis. These are estimates of IQ
rather than the result of full IQ testing. As may be seen in Table 1, the
average estimated IQ of this sample is above the population average due
to the recruitment method, and results may not be fully extensible to
broader populations. Further, our study includes only young neurotypical
individuals and results may vary in younger or older subjects and in-
dividuals with neuropsychiatric differences, particularly cognitive dif-
ferences. We provide two models of whole brain function derived from
spatial group ICA, with 24- and 51-network functional parcellations, and
sensitivity analyses with window sizes of 15-, 17- and 20 TR as well as
different cluster numbers and measures of head motion based on our
prior work in parameterizing dynamic connectivity analysis. However,
this is not an exhaustive set of possible parameters. For example, the
number of ICA components could be further varied to higher or lower
numbers. While our two models were in broad agreement, different re-
sults might be obtained if other analytic choices were made. Finally,
given the resting state condition, it is possible that subject vigilance or
wakefulness may have been reduced during part or all of their scans, or
varied among subjects and this may have affected results.

5. Conclusion

Taken together, our results demonstrate that sexual dimorphism is
present in human brain dynamic connectivity and in multiple high-order
measures of brain dynamism, as well as validating prior work that sex-
related differences exist in static intrinsic connectivity. We also provide
the first evidence suggesting a link between differential neurocognitive
performance by males and females and brain functional dynamics. Our
results build on prior evidence that brain functional dynamism may
provide biological correlates that help explain neurocognitive perfor-
mance and abilities and that these may include sex-related differences.
Reduced dynamism in females, who spend more time in certain brain
states and switch states less frequently, may provide a ‘stickier’ func-
tional substrate associated with their slower reaction times in the flanker
task of cognitive inhibition, whereas males exhibit greater dynamic
fluidity, change between certain states more often and range over a larger
state space, achieving superior performance in certain elements of mental
rotation, which demands an iterative visualization and problem-solving
approach. Future research that examines sex-related differences in
dynamism in a wider range of tasks, and includes imaging obtained
during task performance, will inform the hypotheses generated by this
study. We acknowledge that the identification of significant sex-related
differences in brain function does not imply a causal relationship with
sex-related differences in cognition or behavior, or vice versa, since
function-behavior relationships are complex in humans. Importantly, our
analysis establishes correlations rather than causality, and no conclusions
can be drawn as to the cause of the observed sex-related connectivity
differences in this study sample. The development of functional brain
connectivity continues during maturation and into young adulthood
(Power et al., 2010) and many biological, behavioral and environmental
factors are known to impact brain function and likely influence
16
differences between groups, including sex-related differences. There is
considerable individual variation and sex-related differences may exist
on a spectrum. However, the findings of this and other studies support
the need for further investigation of the influence of sex-related differ-
ences in functional connectivity, dynamic connectivity and brain func-
tion more broadly (Fine, 2014), and how these develop into adulthood.
We conclude that sex is an important variable to consider in fMRI ex-
periments and the analysis of brain function and hope that our findings
will stimulate further study of sex-related differences in dynamic con-
nectivity and its potential relationship to spheres of human cognition.
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