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ABSTRACT

Using functional magnetic resonance imaging (fMRI), symptoms of posttraumatic stress disorder (PTSD) have been associated
with aberrations in brain networks in the absence of a given cognitive demand or task, called resting-state networks. Prior work
has focused on disruption in the static functional connectivity (FC) among specific regions constrained by a priori hypotheses.
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However, dynamic FC, an approach that examines brain network characteristics over time, may provide a more sensitive meas-

ure to understand the network properties underlying dysfunction in PTSD. Further, using a data-driven analytic approach may

reveal the contribution of other larger network disturbances beyond those revealed by hypothesis-driven examinations of ROIs
or canonical networks. Therefore, the current study used group independent components analysis (ICA) and graph theory prin-
ciples to identify, characterize, and subsequently compare brain network dynamics and recurrent connectivity states in a large
sample of trauma exposed individuals (N=1035) with and without PTSD from the ENIGMA-PGC PTSD workgroup. Neither
static FC nor dynamic FC results showed robust differences between groups. There were also no group differences in dwell

time or number of transitions of recurrent connectivity states. This multi-cohort sample with heterogenous trauma types and

demographic features offers a significantly larger scale approach than prior literature with smaller homogenous trauma cohorts.

Heterogeneity of PTSD, especially within diffuse brain networks, may not be captured by evaluating only diagnostic groups,
further work should be done to evaluate brain network dynamics with respect to specific symptom profiles and trauma types.

1 | Introduction

Globally, 70% of individuals are estimated to be exposed to
trauma, and 40% are estimated to experience direct interper-
sonal violence (Kessler et al. 2017). While the majority of in-
dividuals are resilient after trauma exposure, a substantial
minority develop chronic posttraumatic stress disorder (PTSD)
and related disorders (Bonanno 2021; Southwick et al. 2014;
Valiente et al. 2021). Symptoms of PTSD disrupt daily func-
tion and include re-experiencing the event through intrusive
thoughts, nightmares, and flashbacks, avoiding trauma remind-
ers, hyperarousal, and experiencing negative thoughts or emo-
tions that begin or worsen after the event (American Psychiatric
Association 2013).

A growing body of literature has reported large-scale disrup-
tions in resting state canonical networks in people suffering
from PTSD (reviewed in Akiki, Averill, and Abdallah 2017;
Menon 2011). These canonical networks constitute correlated
activity amongst neighboring and/or diffuse regions of the brain
that robustly replicate across samples (Fox and Raichle 2007;
Yeo et al. 2011). Differential alterations in these networks
have been associated with symptoms of PTSD (Akiki, Averill,
and Abdallah 2017; Clausen et al. 2017; Ke et al. 2016; King
et al. 2016; Spadoni, Huang, and Simmons 2018; Yuan et al. 2018;
Zhang et al. 2016, 2017) and many of the network “hubs” are
regions commonly identified in region of interest (ROI) based
approaches (e.g., hippocampus, amygdala, frontal cortex).

Resting state functional magnetic resonance imaging (rs-fMRI)
research has yielded robust results for canonical network anal-
yses even within rather heterogeneous clinical disorders (e.g.,
PTSD; Ke et al. 2016; Dennis et al. 2019; Lei et al. 2015; Spielberg
et al. 2015); however, one potentially limiting factor in this line
of research is the use of static functional connectivity (FC) in
which all brain activity during a resting state scan is condensed
(i.e., averaged) into one metric. Though rs-fMRI scans consist of
several minutes of undirected, task-independent activity, brain
regions show time-invariant fluctuations in activity which can
be captured via dynamic FC. Dynamic FC involves segmenting
a resting state time series into smaller time bins, for example
using a sliding window, so that network connectivity can be
analyzed with greater temporal resolution (Yuan et al. 2018;
Lei et al. 2015; Jin et al. 2017; Li et al. 2014; Suo et al. 2015; Xu
et al. 2018; Zhang et al. 2015; Zhu et al. 2019).

Relatively few studies have examined dynamic FC in those
with PTSD (Lei et al. 2015; Jin et al. 2017; Li et al. 2014; Suo
et al. 2015; Xu et al. 2018; Zhang et al. 2015; Zhu et al. 2019);
however, this method may be a more sensitive way of under-
standing network dysfunction in PTSD. In a sample of earth-
quake survivors using a network from a whole brain atlas,
dynamic FC was a better predictor of PTSD than the more
“traditional” static FC of the same network (Jin et al. 2017);
those with PTSD had lower temporal variability across the dis-
tributed network compared to controls. Similar results have
been reported in other small samples (1 <100) using various
analytic approaches to identify the network evaluated in the
dynamic FC analysis. For example, group differences in dy-
namic FC between individuals with and without PTSD have
been reported for motor vehicle crash survivors using a voxel-
wise approach (Fu et al. 2019a) and in earthquake survivors
using a structural connectome derived from diffusion tensor
imaging (Li et al. 2014). Though the direction of results (i.e.,
greater or lesser dynamic FC) between groups is reportedly
mixed, these temporal dynamics would not have been identi-
fiable by examining the full time series of resting state data
(Zhang et al. 2021; Greene et al. 2023). This emerging work has
underscored that examining changes in FC across time may be
more informative to understanding the properties of brain net-
work function than simply the average strength of functional
connections (Fornito, Zalesky, and Bullmore 2016; Ross and
Cisler 2020; Yu et al. 2015).

The current study builds upon the current literature by using
a large and diverse sample of trauma exposed individuals from
the large ENIGMA-PGC PTSD Neuroimaging workgroup data-
base. The current study aimed to examine dynamic FC in a data
driven manner, independent of a priori seed or canonical net-
work, to (1) compare static and dynamic FC properties between
trauma-exposed individuals who did and did not meet criteria
for PTSD diagnosis, and (2) identify and compare dynamic FC
connectivity states between groups. As demonstrated in the lit-
erature, a data-driven approach has the potential to identify new
or additional regions or networks involved in the neurocircuitry
underlying PTSD. The analysis and characterization of con-
nectivity states, or brain network states that reoccur over time,
may describe, or explain the nuances and heterogeneity of PTSD
symptomology more accurately than traditional analysis tech-
niques. Use of a large database of trauma-exposed individuals
ensures sufficient power for analyses as well as increases the
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potential for generalizability of findings across a diverse sample
with various trauma exposures.

2 | Method
2.1 | Participants

The current study utilized resting state fMRI scans, demographic
and clinical data collected by the ENIGMA-PGC PTSD working
group (https://pgc-ptsd.com/). Thirty international sites with
resting state fMRI data in a sample of participants recruited to
evaluate the effects of trauma on the brain were considered for
analysis (N=3068). All study procedures were approved by re-
spective site local institutional review boards (IRB), and partic-
ipants provided written informed consent. The present analyses
were granted exempt status by the University of Wisconsin-
Milwaukee IRB. Given this consortium was organized and as-
sembled in a post hoc fashion, all contributing sites organized and
conducted their respective studies using different study designs,
clinical, and demographic features. Thus, a uniform set of data
quality assurance checks were conducted on data from each site
before analysis. Notably, a significant proportion of participants
were dropped from final analysis such that the final sample was
N=1035 (336 PTSD; Table 1). The drop in sample size was pri-
marily due to the analysis exclusion criteria of variable TR length
(only retained scans with TR =25), sufficient duration for the dy-
namic rs-fMRI analysis, and poor data quality. See Figure S1 for
consort diagram and Tables S1 and S2 for sample characteristics

TABLE 1 | Final sample characteristics by diagnostic group
(N=1035).

PTSD Control
(N=336) (N=699)
Gender 137 female/199 334
male female/365
male
Age, M (SD) 32.80(10.99) 30.05 (11.67)

Race, N=937; %

Asian <5 <5
American Indian <5 0
Black/African 19 26
American
Latino <5 <5
Multiracial 12 <5
Pacific Islander <5 0
Unknown <5 <5
White 59 45
Depression Dx, N=_892 185+/91— 206+/410—
PTSD Severity?, N=_834; 0.45(0.17) 0.08 (0.12)

M (SD)

Abbreviations: Dx, diagnosis; M, mean; N, sample size; SD, standard deviation.
2PTSD severity scores have been normalized across measures as the percentage
of total points possible in each respective measure (normalized range =0-1).

and inclusion and exclusion criteria by site, respectively. All
participants were trauma-exposed, and PTSD diagnosis was de-
termined by DSM-IV and DSM-5 criteria within the respective
clinical measure used at each site (see Supporting Information
for details). PTSD symptom severity is reported to support sepa-
rability of PTSD diagnostic groups and due to scope, is included
only as an exploratory analysis. Symptom severity was calculated
using a harmonized total current PTSD severity score as the per-
centage of total points possible within each respective measure
(normalized range = 0-1). Symptom severity was missing for 19%
of the final sample and these cases were listwise removed from
the correlational analyses (N=3834).

2.2 | Analytic Strategy Overview

The current analysis involved many detailed steps, so a general
overview of the analysis procedure is described here with full
details in the Supporting Information. Resting-state data were
preprocessed using the standardized pipeline HALFpipe version
1.2.2 (Waller et al. 2022). Briefly, HALFpipe extends the utility
of fMRIPrep with additional preprocessing and postprocessing
steps and interactive quality assessment tools. See Table S3 for
scan acquisition parameters by site. Following preprocessing,
the analysis pipeline followed the approach of previous work
(Yu et al. 2015; Allen et al. 2011; Allen et al. 2014; Damaraju
et al. 2014). First, the data-driven approach to brain network
identification utilized a group independent component analysis
(ICA) using the GIFT v4.0 toolbox (http://mialab.mrn.org/softw
are/gift/) (Calhoun et al. 2001; Erhardt et al. 2011) to identify
spatial regions within the brain that constitute the resting state
brain network to be analyzed (see Supporting Information for de-
tails). Group ICA was chosen over other methods of component
derivation (i.e., spatio-temporal regression) due to its enhanced
sensitivity to detect group differences (Salman et al. 2017) and
was run on the whole sample. Resulting components from this
approach represent components of a heterogenous sample of
trauma-exposed individuals, which can be compared between
those who did and did not meet diagnostic criteria for PTSD.

To understand group differences in static FC across the whole
network, graph metrics (i.e., global efficiency, local efficiency,
clustering coefficient, connectivity strength, and characteris-
tic path length) were calculated using the Brain Connectivity
Toolbox in MATLAB (Rubinov and Sporns 2010). Metrics were
calculated for the whole static-FC matrix (i.e., weighted graph of
the correlations of the full time series for each component pair)
yielding a single metric for each subject. Metrics were then av-
eraged across subjects within diagnostic group and compared
between groups. An FDR correction (o« =0.01) was applied to cor-
rect for multiple comparisons (Benjamini and Hochberg 1995).
As an exploratory analysis, Pearson's correlations were also run
to examine associations between PTSD symptom severity and
static FC graph metrics.

To evaluate dynamic FC of the network over time, a sliding win-
dowwas used to segment the full resting state time series (120TRs)
into 101-time windows (window width=20TRs or 40s and the
window was advanced by 1TR at each iteration). The decision to
use a 20TR window width was made to balance the number of
total windows in analysis (> 100) with recommendations in the
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literature that suggest longer window widths yield more stable
network dynamics (Shirer et al. 2012; Hutchison et al. 2013).
However, additional iterations of window length (5-30TRs in
steps of 5TRs) were considered and results are included in the
Supporting Information. Importantly, patterns of results did not
change with use of different window lengths. Pearson correla-
tions between pairs of components were calculated for each time
window and converted to a signed similarity measure (equa-
tion 1 in Yu et al. 2015). Positive and negative correlations were
included so that weighted graphs could be used to describe the
magnitude and direction of correlations between regions. Graph
theory metrics of interest were calculated for each time window
across the whole network and compared between groups within
each time window using t-tests and corrected for multiple com-
parisons (FDR _=0.01). For additional exploration and to reduce
the number of comparisons, the whole network time series was
sectioned into three nonadjacent 24-window segments (i.e., time
windows 1-25, 39-63, 77-101) to examine beginning, middle,
and of scan FC without contamination effects (i.e., autocorrela-
tion) between adjacent windows or segments, wherein groups
were compared on average graph metrics within each segment.

To identify individual-level connectivity states, defined as reoc-
curring network states through time, modularity was assessed
across all time windows for each subject. Time windows with
high correlations of component strengths/connectivity measures
were considered modular (Rubinov and Sporns 2010; Telesford,
Burdette, and Laurienti 2013) and assigned to the same mod-
ule. Each module was then considered an “individual-level con-
nectivity state.” The number of modules for each subject were
counted so that quantities of connectivity states between groups
could be compared.

To identify group-level connectivity states, the modules iden-
tified in the individual-level connectivity states analysis were
submitted to a k-means clustering algorithm using the Python
library scikit-learn (Forgy 1965; Hartigan and Wong 1979;
Lloyd 1982; Pedregosa et al. 2011). The elbow criterion was
used to select the optimal number of clusters for the k-means
solution (Ketchen and Shook 1996). The cluster centroids, for a
given cluster solution choice, were then used to predict cluster
membership of each time window for each subject, based on
Euclidean distance to the centroid (Allen et al. 2014; Aggarwal,
Hinneburg, and Keim 2001). All time windows were assigned
membership to a group-level connectivity state, which yielded a
time series of connectivity states for each subject. From this time
series, dwell time within each state was calculated by the sum
of time windows assigned to a given state. Transitions between
states were quantified by tallying the instances of state member-
ship change between consecutive time windows (1-back) across
the whole time series. As in the static FC analysis, exploratory
Pearson's correlations were run to examine associations be-
tween PTSD symptom severity and individual and group-level
connectivity state metrics.

2.3 | Covariates of Interest

The covariates of interest when considering group comparisons
were scanner site, PTSD diagnosis (Dx), age, gender, race, and

major depressive disorder (MDD) Dx. Rather than including it
as a categorical covariate in the group statistics, scanner site
was accounted for directly in the analysis pipeline by applying
ComBat to achieve fMRI data harmonization (see Supporting
Information for details; Fortin et al. 2017, 2018). Gender and
age were consistently reported with no missing data. During
ComBat harmonization PTSD diagnosis, age, and gender were
protected covariates during removal of site effects. Including all
covariates of interest (age, gender, race, depression Dx) results in
a final sample of n=796 with 229 PTSD+ (n=99 missing race,
n =143 missing depression Dx). Due to the 23% loss in sample
size with inclusion of all covariates, all group-level analyses are
presented with and without covariates. Covariates were com-
pared across PTSD and Control groups, where available.

3 | Results

There was a significant group difference in age such that those
in the PTSD group were older (M., = 30.05, M1, =32.80;
t(1033)=3.61, p<0.01). There were marginally more men in the
PTSD group (x*(1)=4.21, p=0.04). Compared with the Control
group, there were significantly fewer Black and significantly
more White individuals in the PTSD group (}*(14)=11.68,
p<0.001). Compared to the Control group, there were more
individuals in the PTSD group with depression (y?(1)=85.97,
p<0.001; Table 1). Those in the PTSD group had signifi-
cantly higher PTSD symptom severity than the Control group
(M oniror =045, Mpp.qy =0.08; 1(832)=36.64, p<0.001) suggest-
ing robust separation of groups by diagnostic criteria.

3.1 | GroupICA

The 75 components output from the group ICA were visually
inspected by two authors (C.W.T. and J.M.F.). Mutual agree-
ment for component retention resulted in 41 components that
comprised the final network carried forward in all analyses.
Results of the reliability estimation (stability indices, I o average
intra-cluster similarity over 10 runs of INFOMAX) indicated
all 41 final components chosen were stable and reliable (all I
>0.77; Ma et al. 2011). For ease of interpretation, final network
components were broadly grouped into domains according to
broad anatomical and functional properties, that is, cerebellar
(CB), attention/cognitive control (COG), default-mode network
(DMN), language and audition (L/A), sensorimotor (SM), sub-
cortical (SC), and visual (VIS), with reference to previous re-
search using similar methods (Yu et al. 2015; Allen et al. 2011;
Damaraju et al. 2014; Allen et al. 2012; Yao et al. 2019) in con-
junction with submitting peak coordinates for each component
to NeuroSynth (https://neurosynth.org/) for confirmation with
previous fMRI metanalytic studies. Domain grouping did not
change the specific components derived from the group ICA
step, but rather allowed for interpretation of how derived com-
ponents may functionally relate to one another within domains/
subnetworks. See Figure 1 for a composite image of compo-
nents grouped by domain. See Table S4 for brain regions, peak
coordinates (RAI orientation; right-anterior-inferior), number
of voxels, and stability indices for each of the final components
organized by domain.
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FIGURE1 | Composite images of final 41 components grouped into domains.

3.2 | Static Functional Connectivity

For the whole network, there were no significant differences be-
tween PTSD and Controls in global efficiency, local efficiency,
clustering coefficient, connectivity strength, or path length
(Table 2). Results did not change after adjusting for covari-
ates though males consistently had significantly higher global
efficiency, local efficiency, clustering coefficient, connectiv-
ity strength and significantly lower path length than females
(p's<0.001). There was no significant interaction of sex and
diagnostic group in any models (p’s>0.26). PTSD symptom se-
verity was not correlated with whole network graph metrics (all
p's>0.11; Table S7).

Next, group comparisons were evaluated among components
in the network using the average similarity index for each pair
of static FC components. There was one significant group dif-
ference for a pair of regions in the visual (occipital pole) and
sensorimotor networks (postcentral gyrus) such that those with
PTSD had greater static FC between these regions than Controls
though this effect did not hold with the inclusion of covariates.
There were no other significant group differences in static FC in
any pairwise components in the network (Figure 2).

3.3 | Dynamic Functional Connectivity
Patterns of dynamic fluctuations in graph metrics for the whole

network are shown by group in Figure 3. In both groups, there
is a gradual ramping up of network efficiencies (i.e., increasing

global and local efficiency, clustering coefficient, and connec-
tivity strength and decreasing path length) from the beginning
to the end of the scan. When each time window was examined
individually, there were no significant group differences in
network efficiencies before or after FDR correction. However,
when examined by equal and nonadjacent thirds, the PTSD
group had significantly higher network efficiencies in the first
and last third of the time series compared to Controls, and sig-
nificantly lower efficiencies in the middle third compared to
Controls (all p's <0.01). Of note, differences in efficiencies are on
the order of < 1% (e.g., first third global efficiency: M, =0.675,

Mo =0-669; second third global efficiency: My 4, =0.675,
Moo =0-682; last third global efficiency: M, =0.686,
Mooy =0-682). This same pattern of results held when exam-

ining cognition, DMN, sensorimotor, subcortical, and visual
subnetworks (Figure S5).

3.4 | Connectivity States

In either group, at most six connectivity states were identified
for an individual across the whole scan. Results showed there
were no significant differences in the number of individual-
level connectivity states in any group comparisons, with or
without covariates (Table 2; Figure S7). PTSD symptom sever-
ity was not associated with individual-level connectivity states
(p=0.33; Table S7).

Based on results of the k-means clustering analysis, a 3-cluster
solution was chosen. See Figure S8 for heat maps of similarity
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TABLE 2 | Static functional connectivity and connectivity states graph metric comparisons by group (N=1035).

Mean PTSD  Mean control t p* 95% CI
Static functional connectivity Global efficiency 0.689 0.688 -0.22  0.82 (-0.008,0.007)
Local efficiency 0.683 0.682 -0.30 0.76  (-=0.009, 0.006)
Clustering coefficient 0.683 0.682 -0.30 076  (-=0.009, 0.006)
Connectivity strength 27.54 27.51 -0.23  0.81 (-0.362,0.284)
Path length 1.51 1.52 0.27 0.78 (-=0.01, 0.02)
Connectivity states # Individual CS 3.31 3.27 0.71 0.47 (—0.06, 0.14)
CS #1 Dwell time 39.19 38.25 0.46 0.88 (—4.87,2.99)
CS #2 Dwell time 21.75 21.11 0.37 0.70 (—4.00,2.72)
CS #3 Dwell time 40.05 41.62 —1.08 0.28 (~1.28, 4.44)
Transitions 7.80 7.90 0.38 0.70 (—0.41, 0.60)
Abbreviations: CI, confidence interval; CS, group-level connectivity state; p, p value (uncorrected); t, t-statistic.
*p<0.05.
Static Functional Connectivity
PTSD-Control (no covariates)
VIS
SC
-sign(t)log(p)
10 SM
5
0 L/A
-5
DMN
COG
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FIGURE 2 | Heat map of group differences between PTSD and Control of static functional connectivity correlations for all pairwise components
(N=1035). Values are plotted as sign(t)*-log(p) where t and p values were obtained from the group diagnosis term of the ¢-test model. Results are pre-
sented this way to simultaneously indicate the strength and direction of the group effect for each comparison. Heat map is symmetrical with respect
to the diagonal. Black horizontal and vertical lines indicate organization of components into broad cognitive domains: CB=cerebellar; COG = atten-
tion/cognitive control; DMN = default mode network; L/A =language/audition; SC = subcortical; SM = sensorimotor; VIS =visual.
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Graph Theory Metrics Over Time by Group
Across the Whole Network
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FIGURE3 | Graph metrics averaged across the whole network plotted over 101-time windows (window length =20TRs) for each group. Red lines
represent the PTSD group, and teal lines represent the Control group. The smoothed time series with error bands depict a fitted gamma function with
95% confidence interval (N=1035). There were no significant group differences in graph metrics over time across the whole network.

indices across group state cluster centroids. Connectivity state
#1 depicts a state with low within and between network connec-
tivity, connectivity state #2 depicts high within and high between
network connectivity, and connectivity state #3 depicts moder-
ate within and between network connectivity (Table S5). Across
the whole scan in the whole sample, there were no significant
differences in dwell time in either group connectivity state, or
in number of transitions between states (Table 2; Figure S9).
Results did not change with the inclusion of covariates. PTSD
symptom severity was not correlated with dwell times or transi-
tions between states (all p>0.07; Table S7).

4 | Discussion

The current study utilized a data-driven approach to evaluate
resting state brain network dynamics in a large global sample of
individuals diagnosed with PTSD, and a control group of trauma
exposed individuals without a diagnosis of PTSD. Differences
between groups were tested for both static and dynamic FC
graph-metrics within the resting-state networks identified via
group ICA. Further, recurrent connectivity states identified
through k-means clustering of time windows derived from the
dynamic FC analysis were examined at the individual- and
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group-level. Neither static FC, dynamic FC analyses, nor con-
nectivity states analysis showed robust differential patterns of
graph dynamics between groups.

4.1 | Network Identification (Group ICA)

First, the components extracted from the group ICA, especially
after organization into six cognitive domains, closely resem-
ble networks identified in many other samples using the same
method (Yu et al. 2015; Damaraju et al. 2014; Ma et al. 2011;
Abrol et al. 2017; Salman et al. 2019; Yu et al. 2012). Relative
consistency in the final components used within studies across
researchers in several different fields lends support to the reli-
ability of this data-driven approach to network identification
in resting state fMRI analyses (Ross and Cisler 2020; Salman
et al. 2017; Abrol et al. 2017; Fu et al. 2018; Rashid et al. 2014).

4.2 | Static Functional Connectivity

A significant majority of seed-based and canonical network-
based approaches reported reduced connectivity in those
with PTSD compared to controls (Ross and Cisler 2020).
On the other hand, studies using graph theory metrics to
characterize seed-based or canonical networks reported
lower graph metrics in those with PTSD relative to Controls
(Akiki, Averill, and Abdallah 2017; Breukelaar, Bryant, and
Korgaonkar 2021). However, the current study saw little evi-
dence of significant group differences in global network dys-
function and no correlations with PTSD symptom severity.
There were some trending differences toward PTSD having
lower connectivity within and between some subnetworks,
however, these should not be over examined as the study was
well powered to detect differences. Overall, these results do
not align with the literature that routinely reports aberrations
in specific regions of the default mode and salience networks
in those with PTSD, such as the hippocampus and insula
(Akiki, Averill, and Abdallah 2017; Breukelaar, Bryant, and
Korgaonkar 2021). Indeed, compromised structural integrity
of the hippocampus in those with PTSD has been reported
in a large overlapping portion of the current sample (Dennis
et al. 2019; Logue et al. 2018).

4.3 | Dynamic Functional Connectivity
and Connectivity States

Closer examination of graph metrics in the dynamic FC analy-
sis showed there were no robust group differences nor correla-
tions with PTSD symptom severity in graph metric dynamics
or connectivity states. Though there was a divergence between
groups in efficiencies midway through the scan session, these
differences were marginal (< 1%). However, both groups showed
a negligible ramping up of network efficiencies from the begin-
ning to the end of the scan. There were some slight differences
in these trends when examining each subnetwork, though group
differences were still insignificant. These results do not align
with the literature that has reported lower dynamic FC among
regions such as the precuneus and insula and higher dynamic
FC among frontal regions (Lei et al. 2015; Jin et al. 2017; Li

et al. 2014; Fu et al. 2018). The general trends observed in net-
work dynamics across both groups may reflect trends unique to
trauma exposure; however, the current study did not have a true
“healthy control” group for comparison to support this claim.
Future work should consider more targeted manipulation of
brain states through task paradigms that may yield cognitively
relevant neural signal related to PTSD symptoms and diagnosis.

4.4 | General Discussion

The analysis and overall method of the current study was ad-
opted from methodology applied to other clinical samples, in-
cluding schizophrenia (Yu et al. 2015; Damaraju et al. 2014;
Salman et al. 2019; Yu et al. 2012) and Alzheimer's Disease (Fu
et al. 2019b). The current study is the first to apply this method
on a large, well-powered, diverse trauma sample (N=1035).
This method has been shown to yield highly reproducible and
reliable results of network identification and FC properties
(Abrol et al. 2017). Despite the widespread use of dynamic FC
approaches, there is significant criticism of the approach; for
example, one study showed dynamic FC can be attributed to
differences in how the brain organizes itself and may be tied
to maintenance of functions that are derived from sleep states
(Laumann et al. 2016). These are complex processes, and our
data suggest that DSM classification of PTSD status does not
exhibit clear differences in these processes, again owing to
heterogeneity of these processes within groups. Further, fMRI
effect sizes in psychopathology are quite small and spurious
findings in small samples (e.g., n =100) have been shown to not
replicate at larger sample sizes (e.g., n=1000; Marek et al. 2022;
Ioannidis 2022). Therefore, the results of the current study sug-
gest previous PTSD diagnosis effects in dynamic FC at rest in
smaller samples may fail to replicate in larger heterogenous
samples. Though the greater heterogeneity in trauma exposure
had the potential to increase generalizability of results, the de-
gree of heterogeneity across sites and participant samples in ad-
dition to the numerous methodological differences between the
current study and prior work may have impeded replication of
prior literature.

Previous work by the ENIGMA-PGC PTSD workgroup, using
the same method to standardize diagnosis of PTSD across study
sites, has identified PTSD diagnosis group effects in structural
volumes of the hippocampus, amygdala, and cerebellum sug-
gesting sufficient power to detect group differences (Dennis
et al. 2019; Logue et al. 2018; Huggins et al. 2024). By contrast,
results herein suggest that those who met criteria for PTSD did
not differ from trauma-exposed individuals who do not meet
criteria in resting dynamic FC. Given the sample is trauma ex-
posed there is certainly a question of how subthreshold clinical
symptoms impact results; however, this was beyond the scope of
the current study and future investigation should consider sub-
threshold symptoms.

4.5 | Limitations
Given the retrospective design of the ENIGMA-PGC PTSD

studies, there were many variables that could not be ac-
counted for because they were either not collected at all sites
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or were measured in different ways. Variables that would have
been pertinent to the aims and analysis but could not be in-
cluded due to extreme missingness or were not reported to
the consortium were index trauma timing and type, previous
trauma history, anxiety disorder or other comorbidities, and
substance and/or medication use. In addition, a large loss of
sample size was necessary given the parameters of the anal-
ysis. Second, deriving components via group ICA using the
full resting state time series may compromise the ability to
detect dynamic changes in the network. Future work might
consider applying group ICA to smaller time windows to eval-
uate changes in component identification over the course of
the scan. Similarly, more fine-grained comparisons across
time should be employed in analyzing dynamic FC and con-
nectivity states to provide clarity as to when network connec-
tivity patterns emerge during a resting state scan. However,
given the immense heterogeneity of scan acquisition parame-
ters among participants in the sample, smaller scale time com-
parisons were unreasonable. Finally, findings may generalize
better than prior studies due to the variability in trauma type,
though future work should account for previous trauma his-
tory and symptom presentation when possible.

5 | Conclusion

While trauma exposure is a common global phenomenon,
PTSD presentation is not (Galatzer-Levy and Bryant 2013).
There are myriad combinations of symptoms that make
PTSD a heterogenous disorder. The results of the current
study suggest that in a diverse multi-site cohort of trauma ex-
posed individuals, there were no differences in resting state-
brain network organization that underlie PTSD diagnosis.
Differences within the static dynamic and connectivity states
analyses may be too nuanced to distinguish at the diagnostic
group level; however, effects may emerge with closer exam-
ination of the context of trauma exposure and other unexam-
ined comorbidities. Differences in resting-state networks in
PTSD are often reported in smaller and homogenous trauma
samples, and the current results provide additional support
to studying PTSD as a disorder whose symptom presentation
varies according to many factors. As such, continued investi-
gation of the nuances of dynamic FC with respect to PTSD is
warranted.
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