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ABSTRACT

Intrinsic connectivity networks (ICNs), including the default mode network (DMN), the central executive network (CEN), and the salience network (SN) have been
shown to be aberrant in patients with posttraumatic stress disorder (PTSD). The purpose of the current study was to a) compare ICN functional connectivity between
PTSD, dissociative subtype PTSD (PTSD +DS) and healthy individuals; and b) to examine the use of multivariate machine learning algorithms in classifying PTSD,
PTSD + DS, and healthy individuals based on ICN functional activation. Our neuroimaging dataset consisted of resting-state fMRI scans from 186 participants [PTSD
(n = 81); PTSD + DS (n = 49); and healthy controls (n = 56)]. We performed group-level independent component analyses to evaluate functional connectivity
differences within each ICN. Multiclass Gaussian Process Classification algorithms within PRoNTo software were then used to predict the diagnosis of PTSD, PTSD
+DS, and healthy individuals based on ICN functional activation. When comparing the functional connectivity of ICNs between PTSD, PTSD +DS and healthy
controls, we found differential patterns of connectivity to brain regions involved in emotion regulation, in addition to limbic structures and areas involved in self-
referential processing, interoception, bodily self-consciousness, and depersonalization/derealization. Machine learning algorithms were able to predict with high
accuracy the classification of PTSD, PTSD +DS, and healthy individuals based on ICN functional activation. Our results suggest that alterations within intrinsic
connectivity networks may underlie unique psychopathology and symptom presentation among PTSD subtypes. Furthermore, the current findings substantiate the
use of machine learning algorithms for classifying subtypes of PTSD illness based on ICNs.

1. Introduction
1.1. PTSD heterogeneity

Modern medicine has demonstrated a substantial interest in ex-
ploring heterogenous subtypes of psychiatric illness, corresponding to
the characterization of unique psychopathology and associated aber-
rant neural circuitry (Etkin et al., 2019; Fenster et al., 2018). Critically,
a dissociative subtype of posttraumatic stress disorder (PTSD + DS) has
been formalized recently, which corresponds to a specific group of
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individuals that exhibit additional symptoms of depersonalization/de-
realization and related emotion overmodulation (APA, 2013). In con-
trast to the typical presentation of PTSD, PTSD + DS is often associated
with more severe PTSD symptoms, childhood trauma, increased co-
morbidity, and increased suicidality, pointing towards a patient group
with heightened psychopathology and additional treatment needs
(Lanius et al., 2012; Stein et al., 2013; Mergler et al., 2017). It has been
shown repeatedly that posttraumatic stress disorder (PTSD) is asso-
ciated with decreased regulation and inhibition from the medial pre-
frontal cortex (mPFC), where increased activation of the amygdala/
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limbic system and midbrain is thought to precipitate associated symp-
toms of hyperarousal, vivid re-experiencing, and emotion under-
modulation (Etkin and Wager 2007; Pitman et al., 2012; Yehuda et al.,
2015; Nicholson et al., 2017; Nicholson et al., 2018a; Fenster et al.,
2018; Fitzgerald et al., 2018; Henigsberg et al., 2018). By contrast,
PTSD + DS is uniquely characterized by increased regulatory activation
of the mPFC, resulting in hypoactivation of the amygdala/limbic
system, with associated symptoms of depersonalization, derealization,
and emotion overmodulation (Hopper et al., 2007a; Lanius et al., 2010;
Mickleborough et al., 2011; Nicholson et al., 2017; Nicholson
et al., 2018a; Fenster et al., 2018; Melara et al., 2018). Indeed, PTSD
and PTSD + DS show directed connectivity patterns that are consistent
with their emotion under- and over-modulation symptom profiles, re-
spectively. For example, Nicholson et al. (2017) showed that PTSD
patients demonstrate bottom-up directed connectivity from the amyg-
dala and periaqueductal gray, brain regions involved in emotion gen-
eration and threat processing, to the vmPFC. By contrast, PTSD + DS
patients displayed top-down directed connectivity from the vmPFC, an
area involved in emotion regulation, to the amygdala and periaque-
ductal gray, which may facilitate emotion overmodulation symptoms
observed in these patients. Interestingly, unique neural correlates have
also been documented within central hubs of intrinsic connectivity
networks (ICNs) when comparing PTSD, PTSD +DS, and healthy in-
dividuals during both symptom provocation and the resting state
(Hopper et al., 2007b; Nicholson et al., 2015, 2016b; Nicholson
et al., 2017; Harricharan et al., 2016; Rabellino et al., 2017, 2018;
Terpou et al., 2018).

1.2. Intrinsic connectivity networks

Neuroscientists have increasingly begun to emphasize the char-
acterization of psychiatric disorders as conditions reflecting altered
distributed neural networks (Hulshoff and Bullmore 2013; Lanius et al.,
2015). The default mode network (DMN), which consists of the pos-
terior cingulate cortex (PCC), ventromedial prefrontal cortex (vmPFC),
hippocampus, and cortical midline/parietal structures, is active pre-
dominantly at rest and is critical to autobiographical self-referential
processing, future-oriented thinking, and continuous experience of the
self across time and into the future (Greicius et al., 2003; Buckner et al.,
2008; Spreng et al., 2008; Qin and Northoff 2011; Frewen et al., 2020).
The central executive network (CEN) is a frontoparietal and cerebellar
network centered around the dorsolateral prefrontal cortex (dIPFC) and
is involved in higher order executive functioning, including the cogni-
tive control of thought, emotion regulation, and working memory
(Miller and Cohen 2001; Petrides 2005; Koechlin and Summerfield
2007; Seeley et al., 2007; Habas et al., 2009; Akiki et al., 2017). The
salience network (SN) encompasses the insula, the dorsal anterior cin-
gulate cortex (ACC), and the amygdala, where this network is involved
in interoceptive processing, environmental monitoring and the sub-
sequent apprehension of personally salient stimuli (Dosenbach et al.,
2007; Seeley et al., 2007; Sridharan et al., 2008). Indeed, central hubs
within the DMN, CEN, and SN display aberrant activation and func-
tional connectivity patterns in PTSD and its dissociative subtype during
both symptom provocation and during the resting-state (Hopper et al.,
2007b; Nicholson et al., 2015, 2016b, 2018a, 2017; Rabellino et al.,
2017, 2018; Olivé et al., 2018; Terpou et al., 2018).

1.3. Intrinsic connectivity networks in PTSD

Neuropathological disruptions within ICNs have been shown to be
related to specific symptoms of PTSD and PTSD + DS, which are closely
tied to the unique function of each network (Lanius et al., 2015;
Fenster et al., 2018). DMN functional disruptions in PTSD patients are
hypothesized to be related to negative self-referential thoughts as well
as alterations in social cognition and autobiographical memory, where
PTSD + DS patients additionally experience alterations in somatic self-

NeuroImage: Clinical 27 (2020) 102262

referential processing, including symptoms of depersonalization (i.e.,
out-of-body experiences) (Bluhm et al., 2009; Daniels et al., 2010;
Tursich et al., 2015b; Fenster et al., 2018; Frewen et al., 2020). CEN
functional disruptions are associated with PTSD symptoms of decreased
cognitive functioning across multiple domains, as well as emotion un-
dermodulation associated with impaired regulation of limbic structures
(Aupperle et al., 2012; Polak et al., 2012; St. Jacques et al. 2013;
Cisler et al., 2014; Lanius et al., 2015; Block et al., 2017). Interestingly,
PTSD + DS is uniquely characterized by emotion overmodulation from
executive functioning areas, and dissociative symptoms are transdiag-
nostically related to exacerbated CEN impairments of attention, ex-
ecutive functioning, memory, and social cognition (McKinnon et al.,
2016; Boyd et al., 2018; Fenster et al., 2018; Lanius et al., 2018). Fi-
nally, alterations within the SN have been linked to PTSD symptoms of
hyperarousal and bodily reactivity, as well as PTSD + DS symptoms of
emotion overmodulation associated with emotional detachment and
lack of interoceptive awareness related to symptoms of depersonaliza-
tion (Sripada et al., 2012; Tursich et al., 2015a; Yehuda et al., 2015;
Nicholson et al., 2016b; Akiki et al., 2017; Harricharan et al., 2019).

Neuroimaging studies examining functional connectivity within the
DMN among subtype non-differentiated PTSD patients at rest reveal
decreased coupling between the PCC, vmPFC and other DMN structures
(Daniels et al., 2010; Qin et al., 2012; Sripada et al., 2012a; Chen and
Etkin 2013; Shang et al., 2014; Kennis et al., 2016; Koch et al., 2016;
Miller et al., 2017). Here, recent studies have found decreased DMN
functional connectivity to be associated with increased PTSD symptom
severity, with both decreased functional integration (less efficiency of
overall communication across the network) (Akiki et al., 2018;
Holmes et al., 2018), and increased segregation (the capacity of spe-
cialized processing) in patients with PTSD (Akiki et al., 2018). With
regard to PTSD + DS, depersonalization/derealization symptoms have
been associated with reduced connectivity of regions linked to self-re-
ferential processing within the DMN (Tursich et al., 2015a). Moreover,
during tasks that require executive functioning, previous studies report
decreased functional connectivity within the CEN in PTSD and in-
creased connectivity within the DMN (Daniels et al., 2010). This sug-
gests aberrant ICN functioning in PTSD, as DMN recruitment would
typically be decreased during tasks that require executive functioning
(Daniels et al., 2010). Indeed, this may underlie aforementioned dis-
ruptions in cognition functioning among PTSD patients
(McKinnon et al., 2016). Additionally, during the resting-state, subtype
non-differentiated PTSD patients demonstrate reduced functional in-
tegration of the CEN, which is associated with reduced orbitofrontal-
amygdala connectivity, indicative of reduced regulation of the limbic
system as compared to healthy controls (Barredo et al., 2018). Sup-
porting models of PTSD emotion undermodulation, a recent study has
also shown weaker connectivity within nodes of the CEN (right and left
dIPFC) in patients with PTSD (Holmes et al., 2018). By contrast, it is
hypothesized that PTSD + DS patients exhibit over-recruitment of CEN
areas relating to emotion overmodulation (Yehuda et al., 2015;
Fenster et al., 2018). Finally, it is well documented that subtype non-
differentiated PTSD patients often display elevated SN connectivity
during the resting-state indicative of hyperarousal, hypervigilance and
threat processing symptoms (Rabinak et al., 2011; Sripada et al., 2012;
Koch et al., 2016).

Although disruptions in these aforementioned neural networks have
already been associated with subtype nonspecific PTSD populations
(Akiki et al.,, 2017; Krause et al., 2017; Lanius et al., 2015;
Menon, 2011; Rabellino et al., 2015; Shalev et al., 2017; Shang et al.,
2014; Yehuda et al., 2015), functional connectivity of the DMN, CEN
and SN has not been compared between PTSD, PTSD + DS and healthy
controls, nor has activation within these networks been used to classify
diagnoses via machine learning. Hence, it is unclear how alterations
within the DMN, CEN and SN may contribute to heterogeneous
symptom presentation in PTSD versus PTSD+DS patients, an effort
which may guide/inform treatment interventions aimed at restoring
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these brain networks in trauma-related illness.

1.4. Multivariate pattern analysis: machine learning applications in
neuroimaging

In contrast to univariate neuroimaging analyses, multivariate ma-
chine learning applications for fMRI constitute a more powerful method
by which to evaluate subtle and spatially distributed signal patterns
within the brain (Schrouff et al., 2013). Multivariate machine learning
algorithms for neuroimaging data provide a means by which to classify
patients, identify illness subtypes, and predict response to treatment
based on highly complex sources of neural information, and due to their
multivariate properties, these machine learning methods can achieve
relatively greater sensitivity (Schrouff et al., 2013). Of particular re-
levance to psychiatry, these analyses are sensitive enough to facilitate
inference/classification at the single-subject level (Orru et al., 2012;
Fu and Costafreda 2013; Wolfers et al., 2015), hence offering the ca-
pacity to predict individual diagnoses. Indeed, identifying objective
neural network classifiers that can categorize PTSD heterogeneity may
offer valuable clinical insight into guiding treatments for PTSD versus
PTSD + DS by matching specific individuals to a personalized treatment.
Recently, a growing number of studies have applied multivariate ma-
chine learning methods to neuroimaging datasets to predict and char-
acterize psychiatric disease (Bleich-cohen et al., 2014; Mikolas et al.,
2016; Rive et al.,, 2016; Ranlund et al., 2018), including PTSD
(Gong et al., 2014; Karstoft et al., 2015; Liu et al., 2015; Omurca and
Ekinci 2015; Galatzer-Levy et al., 2017; Gradus et al., 2017; Jin et al.,
2017; Saxe et al., 2017). Indeed, we have shown recently that machine
learning algorithms were able to accurately classify PTSD, PTSD + DS,
and healthy controls based on neural activation (91.63% accuracy),
amygdala complex functional connectivity (85.00% accuracy)
(Nicholson et al., 2018a) and insula subregion functional connectivity
(80.40% accuracy) (Harricharan et al., 2019). To date, however, no
studies have utilized fMRI machine learning to classify PTSD and its
dissociative subtype from healthy individuals based on ICN activation
with the DMN, CEN, and SN.

1.5. Study objective

The purpose of the current study was to a) compare DMN, CEN, and
SN functional connectivity between PTSD, PTSD +DS and healthy in-
dividuals; and b) to examine the predictive validity of machine learning
algorithms in classifying PTSD, PTSD+DS, and healthy individuals
based on DMN, CEN and SN activation. Given the distinct neurobiolo-
gical underpinnings of PTSD and PTSD + DS with respect to both acti-
vation and functional connectivity within central hubs of ICNs, we
hypothesized unique group differences between the two PTSD groups
and healthy controls in terms of functional connectivity within the
DMN (PCC and mPFC), CEN (dIPFC), and the SN (insula and amygdala).
Specifically, with regard to the CEN and SN, we predicted increased
integration of prefrontal cortex emotion regulation regions in PTSD
+DS as compared to PTSD, indicative of emotion overmodulation. In
addition, we predicted increased DMN connectivity in PTSD+DS as
compared to PTSD and healthy controls, a pattern reflective of the al-
tered self-referential processing and bodily self-consciousness asso-
ciated with depersonalization (i.e., out-of-body experiences, emotional
detachment). By contrast, in the PTSD group as compared to PTSD +DS
and healthy controls, we predicted decreased CEN and SN connectivity
to prefrontal cortex emotion regulation regions, consistent with emo-
tion undermodulation. Moreover, in the PTSD group as compared to
PTSD+DS and healthy controls, we predicted increased SN con-
nectivity to the insula, consistent with hyper-monitoring of salient sti-
muli and hyperarousal at rest seen in this group. Finally, we hypothe-
sized that these distinct ICN dynamics may contribute to high
predictive accuracy when classifying individuals using machine
learning computations based on whole-network activation.
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Table 1
Demographic and Clinical Information.

Measure PTSD PTSD +DS Healthy Controls
N 81 49 56
Sex 46 female 38 female 36 female

Value SD Value SD Value SD

Age 39 11.79 40 13.52 34 11.98
CAPS-1V Total* 66.60 % 14.91 81.60*° 12.89 0.60 2.59
CAPS-5 Total 36.58 9.21 41.37 7.76 n/a n/a
CTQ-Total* 56.06 ° 23.00 69.74 " 19.41 32.10 8.80
BDI* 23.21* 8.33 35.13* 11.70 0.96 1.91
MDI-Total* 53.64% 14.83 80.89* 2220 33.96 3.82
MDI-Dep/Dereal* 7.72% 273  1297*° 459 520 0.51
STAI 5.6 2 2.1 6.2° 2.5 3.3 0.6
RSDI-Dissociation* 367 1.4 4.9 &b 2.0 2.7 0.4
RSDI-Reliving 3.07 1.3 337 1.5 2.1 0.3

Experiences

n Past n Past n Past

MDD* 12° 24 23 P 9 - -
Panic Disorder/ 10 6 9 6 - -

Agoraphobia
Social Phobia 2 2 6 0 - -
OCD 3 2 0 2 - -
GAD 1 0 0 0 - -
Medication 29 19 - -

Abbreviations: PTSD = Posttraumatic Stress Disorder, PTSD + DS = Dissociative
Subtype Posttraumatic Stress Disorder Patients, CAPS = Clinician-
Administered PTSD Scale, CTQ = Childhood Trauma Questionnaire (none or
minimal childhood trauma = 25-36, moderate = 56-68, extreme trauma > 72),
BDI = Beck's Depression Inventory, MDI = Multiscale Dissociation Inventory,
Dep/Dereal = Depersonalization and Derealization Average, MDD = Major
Depressive  Disorder, OCD =  Obsessive Compulsive Disorder,
GAD = Generalized Anxiety Disorder. State clinical measures taken during the
scan: STAI = State Trait Anxiety Inventory, RSDI = Responses to Script-Driven
Imagery Scale.* indicates the clinical variables on which all groups differed
significantly from one another (p < .05). a. indicates significantly higher
clinical measures within a group as compared to the control group, b. indicates
significantly higher clinical measures as compared to the PTSD group.

2. Methods
2.1. Participants

Our sample consisted of 186 participants [PTSD (n = 81); PTSD
+DS (n = 49); healthy controls (n = 56); Table 1]. Although there
were no statistically significant associations between group and biolo-
gical sex, the majority of the sample consisted of female participants.
There were also no statistically significant differences in terms of age
between groups (see Supplemental Material for details). Machine
learning analyses on a portion of this sample have been reported in
previous manuscripts (Nicholson et al., 2018a; Harricharan et al.,
2019). Participants were recruited from 2009-2018 through referrals
from family physicians, mental health professionals, psychology/psy-
chiatric clinics, community programs for traumatic stress, and posters/
advertisements within the London, Ontario community. The inclusion
criteria for either PTSD group included a primary diagnosis of PTSD as
determined using the Clinician-Administered PTSD Scale [CAPS; ver-
sions IV (for 85 participants) and 5 (for 45 participants] (Blake et al.,
1995; Weathers et al., 2013) and the DSM-IV Structured Clinical In-
terview (SCID) (First et al., 2002). Additionally, PTSD + DS patients
were identified by scoring = 2 for both frequency and intensity on
either depersonalization or derealization CAPS-IV symptoms, or at least
two in symptom severity on the CAPS-5 scale for depersonalization or
derealization symptoms, as per standard methods (Harricharan
et al., 2017; Nicholson et al., 2018a). Exclusion criteria for patients
included alcohol or substance abuse/dependence not in sustained full
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remission and diagnosis of bipolar disorder or schizophrenia. Exclusion
criteria for the control group included lifetime Axis-I psychiatric dis-
orders, evaluated using the SCID and CAPS. Ideally, all patients would
be evaluated with the same version of the CAPS; however, this large
dataset of almost 200 participants has been collected since 2010, and
participants were evaluated with the best diagnostic criteria at the time.
Exclusion criteria for all participants included non-compliance with 3
Tesla fMRI safety standards, significant untreated medical illness,
pregnancy, a history of neurological or pervasive developmental dis-
orders, and previous head injury with loss of consciousness. The study
was approved by the Research Ethics Board at Western University,
Canada, and written informed consent was obtained from all partici-
pants.

A battery of questionnaires was administered consisting of the
Childhood Trauma Questionnaire (CTQ) (Bernstein et al., 2003), Beck's
Depression Inventory (BDI) (Beck et al., 1997), and the Multiscale
Dissociation Inventory (MDI) (Briere 2002). Additionally, scores on the
Responses to Script-Driven Imagery Scale (RSDI; Hopper et al., 2007),
and the State-Trait Anxiety Inventory (STAI; Spielberger, 2010) were
collected during the fMRI scan to evaluate state clinical PTSD symp-
toms. Ninety percent of PTSD patients had early aversive experiences
(confirmed if the patient scored above the ‘none/minimal’ threshold for
any trauma category according to the CTQ scoring manual). Among
PTSD participants, 48 (PTSD, n = 29; PTSD+DS, n = 19) were re-
ceiving psychotropic treatment at the time of the study. Medications
included antidepressants, atypical antipsychotics, sedatives, and antic-
onvulsants (see Supplemental Material for details). Although the
healthy control group was free of Axis-I disorders, a small portion of
this group reported elevated levels on the CTQ. Critically, medication
use was not found to significantly affect results when used as a cov-
ariate.

2.2. fMRI image acquisition, protocol and preprocessing

We acquired and preprocessed the resting-state neuroimaging data
according to standard procedures in several of our manuscripts
(Nicholson et al., 2015, Nicholson et al., 2017, Nicholson et al., 2018).
We utilized a 3 Tesla MRI Scanner (Trio, Siemens Medical Solutions,
Erlangen, Germany) with a 32-channel phased array head coil for brain
imaging. During the resting-state scan, 120 volumes of whole brain
BOLD (blood oxygen level dependent) images were acquired with the
manufacturer's standard T2* gradient-echo planar imaging (EPI) pulse
sequence (single-shot, blipped-EPI, interleaved slice acquisition order
and tridimensional prospective acquisition correction) with the fol-
lowing parameters: TR = 3000 ms, TE = 20 ms, isotropic resolution
2 mm, FOV = 192 x 192 x 128 mm? (94 X 94 matrix, 64 slices), flip
angle = 90° High-resolution T1-weighted anatomical images were ac-
quired with a Magnetization-Prepared Rapid Acquisition Gradient Echo
sequence (192 slices, 1 mm isotropic resolution). For the resting-state
procedure, participants were instructed to close their eyes and let their
minds wander while trying not to focus on anything in particular for
6 minutes (Bluhm et al., 2009; Fransson, 2005; Harricharan et al.,
2016), after which we assessed state-based clinical symptoms experi-
enced during the scans (see below).

Preprocessing of the functional images was performed with SPM12
(Wellcome Department of Cognitive Neurology, London, UK) within
Matlab 2017a. After discarding the 4 initial volumes, the standard
preprocessing routine included spatial alignment to the mean image
using a rigid body transformation, reslicing, and co-registration of the
functional mean image to the anatomical image. The co-registered
images were segmented using the “New Segment” method implemented
in SPM12. The functional images were normalized to MNI space
(Montréal Neurological Institute) and were subsequently smoothed
with a FWHM (full-width at half-maximum) Gaussian kernel of 6 mm.
Additional correction for motion was implemented using the ART
software package (Gabrieli Lab, McGovern Institute for Brain Research,
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Cambridge, MA), which computes regressors that account for outlier
volumes, in addition to the six movement regressors computed during
standard realignment in general linear modeling. The smoothed func-
tional images were subsequently bandpass filtered (high-pass 0.012 Hz,
low-pass 0.1 Hz) (software by co-author Jean Théberge).

3. Data analyses
3.1. Part A) analysis of intrinsic connectivity networks

This section of the methods describes the analysis pertaining to
objective one of the study, which was to compare DMN, CEN, and SN
functional connectivity between PTSD, PTSD+DS and healthy in-
dividuals.

3.1.1. Independent component analysis

Group spatial independent component analysis (ICA) was performed
on the resting-state fMRI data with all subjects in order to identify
spatially independent networks using the Group ICA of fMRI Toolbox
(GIFT v4.0b) (Calhoun et al., 2001, 2009; Allen et al., 2011). The In-
fomax algorithm was used to identify 20 independent components (ICs)
within the data set, following minimum description length (MDL) cri-
teria (Allen et al., 2011; Rosazza et al., 2012; St. Jacques et al. 2013;
Kluetsch et al., 2014). In order to ensure reliability of the components,
the ICA estimation was repeated 20 times through ICASSO
(Himberg et al., 2004). This procedure resulted in a set of group ag-
gregate spatial maps (which included brain regions that represent a
network/component) and corresponding time courses of the BOLD
signal change across time. For each component, single-subject spatial
maps and time courses were then back-reconstructed to individual
subject space and converted to Z-scores, which denote the strength of
each voxel's correlation (i.e., connectivity) with the aggregate compo-
nent's time course. This data-driven approach was used to identify ICNs
instead of masking the data with standard ICN templates, as previous
studies suggest that ICNs within patients with PTSD networks may be
aberrant (Daniels et al., 2010; Shang et al., 2014; Rabellino et al.,
2015b; Tursich et al. 2015; Nicholson et al., 2018b). Of importance, ICA
also identifies motion-related sources, along with vascular, ventricular,
and susceptibility artifacts, which are incorporated into “noise” com-
ponents.

3.1.2. Component identification: spatial sorting analysis

We first visually inspected the obtained components for the pre-
sence of artifacts (ensuring peak activations in gray matter, low spatial
overlap with known vascular, ventricular, motion, and susceptibility
artifacts, and investigated signal time course frequency fluctuations)
(Allen et al., 2011). Subsequently, the spatial sorting function within
the GIFT toolbox was used to identify components that shared features
with reference network templates in the literature. Here, we utilized
reference ICN masks derived from the GIFT toolbox (GIFT v4.0b), and
from https://findlab.stanford.edu/functional ROIs.html (Shirer et al.,
2012; Rabellino et al., 2015a; Nicholson et al., 2018b). Rationale for
examining the left and right CENs separately was derived in part from
our recent ICA study, which suggests differential hemisphere recruit-
ment within the CEN among PTSD patients during emotion regulation
tasks (Nicholson et al., 2018b). Furthermore, recent findings suggest
greater involvement of the left CEN in explicit cognitive emotion reg-
ulation and language paradigms, while the right CEN is associated with
implicit perceptual, somesthetic, and nociceptive processing
(Smith et al., 2009; Laird et al., 2011; Heine et al., 2012). We also
examined the anterior and posterior SN separately, as we have recently
shown differential connectivity patterns of the anterior salience net-
work (anterior insula) and posterior salience network (posterior insula)
among PTSD, PTSD + DS, and healthy controls (Nicholson et al., 2016b;
Harricharan et al., 2019). Furthermore, it has been shown that the
anterior insula is associated more with arousal/interoceptive
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awareness, cognitive emotional processing (Craig 2010; Menon and
Uddin 2010), heightened alertness, and autobiographical memory
(Kurth et al., 2010), representing a major hub within the anterior SN
along with the dorsal ACC (Shirer et al., 2012). By contrast, the pos-
terior insula has been identified as a multimodal convergence zone for
sensory information, including pain processing (Craig et al., 2011; Deen
et al., 2011), and is the major hub of the posterior SN (Shirer et al.,
2012). Interestingly, the CEN and SN naturally separated into left/right
and anterior/posterior networks, respectively, when conducting our
ICA protocol. In summary, we carried forward 1 DMN component, 2
CEN components (left/right), and 2 SN components (anterior/pos-
terior).

3.1.3. Group spatial comparisons for intrinsic networks

The resulting component spatial maps of networks of interest were
entered into second-level analyses within SPM12, with the central aim
to examine network differences in the strength of regional functional
connectivity between participant groups. For each network, a mask was
created by entering the single-subject spatial maps into a voxel-wise
one-sample t-test. This was thresholded at ¢ < 0.05 with false discovery
rate (FDR) correction and saved as a mask for use in subsequent paired
t-tests on the single-subject spatial maps. This ensured that all findings
would be restricted to brain regions actually contributing to the re-
spective component. We first conducted a 3 (group) x 5 (network) full-
factorial ANOVA that principally focused on the interaction between
participant group (PTSD, PTSD+DS, healthy controls) and network
(DMN, left/right CEN, anterior/posterior SN). Next, we evaluated be-
tween group differences in functional connectivity for each network,
with separate two-sample t-tests. All analyses were evaluated at the
conservative threshold of p-FDR < 0.05 k = 10 observed at the cluster-
corrected level in order to control for multiple comparisons (see
Eklund et al., 2016) where we set the initial uncorrected cluster-
forming threshold in SPM at p < .001, k = 20.

3.2. Part B) multivariate machine learning classification analysis on
network activation

This section of the methods describes the analysis pertaining to the
second objective of the study, which was to observe the predictive
validity of machine learning algorithms with regard to classifying
PTSD, PTSD+DS, and healthy individuals based neural activation
within ICNs.

3.2.1. Extraction of resting-state data for the classification machine
learning analysis

We first extracted individual subject activation maps that would
serve as inputs for the multivariate classification machine learning
analyses after being masked with network maps. Specifically, we
computed the mean amplitude of low-frequency fluctuations (mALFF)
of the BOLD signal, denoting spontaneous resting-state brain activation
across the whole-brain. The mALFF has been used previously as an
input for machine learning analyses to predict accurately PTSD symp-
toms (Gong et al., 2014; Liu et al., 2015; Nicholson et al., 2018a), which
was found to be more accurate than functional connectivity features
(Nicholson et al., 2018). Here, we used the REST toolbox (http:// www.
restfmri.net/forum) within Matlab2012a and SPMS in order to de-trend
and extract individual ALFF maps from the preprocessed fMRI data for
each participant across the frequency band 0.01 Hz to 0.08 Hz. In-
dividual subject mALFF maps were then obtained by normalizing ALFF
spatial maps (where each voxel was divided by the whole-brain ALFF
mean).

3.2.2. Multivariate machine learning classification analysis

To assess the predictive value of neural activation within the DMN,
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CEN, and SN as a means to classify PTSD, PTSD+DS, and healthy
controls, we implemented Multiclass Gaussian Process Classification
algorithms within PRoNTo toolbox (http:// www.mlnl.cs.ucl.ac.uk/
pronto/) (Schrouff et al., 2013) running under Matlab2017a . Using
standard template ICN masks from the GIFT toolbox (GIFT v4.0b),
mALFF maps denoting activation within either the DMN, left CEN, right
CEN, anterior SN or posterior SN were inputted into separate machine
learning analyses. For each network, a resting-state design was mod-
elled with no conditions. A feature set was prepared on mALFF data for
voxels within each network of interest. Features were mean-centered,
and a Multiclass Gaussian Process Classifier (MGPC) (Rasmussen et al.,
2006; Schrouff et al., 2013) was used to test if network activation could
accurately predict the three groups (PTSD, PTSD+DS, and healthy
controls). Critically, PRoNTo software implements kernel methods as a
result of the high dimensionality of pattern vectors in neuroimaging
data relative to the number of subjects (for more information see
Schrouff et al., 2013). We implemented a supervised machine learning
approach such that MGPC could inform multiclass membership with
predictive probabilities (i.e., PTSD, PTSD+DS and healthy control
group classification) (Rasmussen et al., 2006; Schrouff et al., 2013;
Wegrzyn et al., 2015). We then used a leave-one-subject-out (LOSO)
cross-validation procedure to estimate the generalizability of our clas-
sifiers. Consistent with our previous machine learning publication, we
also computed a leave-one-subject-out-per-group (LOSOPG) cross-vali-
dation procedure in order to provide an exhaustive approach to this
analysis (see Supplemental Results) (Nicholson et al., 2018a). The
MGPC analysis provided probabilistic predictions for each diagnostic
category in which balanced accuracy measures were computed to ac-
count for unequal group sizes. Statistical significance of these accuracy
measures was determined by permutation testing (1000 permutations).
For visualization purposes, anatomical atlas weights were computed to
illustrate the regional pattern of weights used by the decision function
of the machine to classify each group (Schrouff et al., 2018). Finally, we
evaluated the predictive accuracy of activation features from all net-
works (DMN, left/right CEN and anterior/posterior SN) within the same
MGPC analysis.

Of importance, utilizing reference template network masks of the
DMN, CEN, and SN in Part B (as opposed to corresponding network
components/masks identified in Part A) ensured that the features in-
putted into the classification machine learning analysis were not biased
by the previous independent component analysis. In Part A, the in-
dependent component analysis has indeed 'learnt' from the BOLD signal
in all of the subjects, where the cross-validation procedure used in the
machine learning analysis for Part B assumes that the hold-out set has
not informed the decision function of the machine. As PRoNTo software
does not allow for a feature extraction in which an ICA can be run on
the inner cross validation loop of the MGPC (i.e., generating the ICA
based on the training data by leaving-one-subject-out, then training the
MGPC on these features, and finally, classifying the hold-out subject),
we elected to utilize non-bias template ICN masks and not components
identified in Part A.

3.3. Clinical data and motion statistical analyses

We computed Kruskal-Wallis H tests and Games-Howell post-hoc
analyses in order to test for potential group differences with regard to
the following clinical measures: CAPS-total, CTQ, BDI, MDI-total, and
MDI depersonalization/derealization average scores. Additionally,
scores on the RSDI scale (used to assess dissociation and reliving ex-
periences subscales at the time of the scan) and the STAI (assessing state
anxiety at the time of the scan) were compared among groups to assess
for differences on state-based clinical symptoms. Finally, we computed
separate chi-squared statistics on the number of motion outlier para-
meters generated by ART across each group, MDD diagnosis between
patient groups, and frequency of medication use between patient
groups.
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Fig. 1. Mean components generated by the group-level independent component analysis (ICA), pertaining to the default mode network, left and right central

executive networks, and the anterior and posterior salience networks.

4. Results
4.1. Part A) analysis of intrinsic connectivity networks

4.1.1. Spatial sorting analysis: component identification

We identified five artifact-free components corresponding to the
DMN, left CEN, right CEN, anterior SN, and posterior SN (see Fig. 1).
The DMN component consisted mainly of a large bilateral cluster in the
posterior cingulate cortex (PCC), precuneus, and superior parietal lobe
(SPL), as well bilateral clusters in medial and lateral PFC regions, the
temporal pole and ACC. The left CEN component primarily covered a
large prefrontal area in the left hemisphere, including the left dIPFC,
the dmPFC, and the orbitofrontal cortex, as well as clusters in the left
SPL. The right CEN component primarily covered a large prefrontal
area in the right hemisphere, including the vmPFC, the dIPFC, the
dmPFC, and the orbitofrontal cortex, as well as clusters in the right SPL.
The anterior SN component comprised mainly a large bilateral anterior
cluster spanning the dorsal ACC, as well as the bilateral anterior insula.
The posterior SN mainly comprised clusters in the bilateral posterior
insula, supramarginal gyrus, precuneus and cerebellum (lobules V, VI).

4.1.2. Group spatial comparison for intrinsic networks: Summary

In summary, when comparing functional connectivity within ICNs
between PTSD, PTSD +DS and healthy controls, we found differential
patterns of connectivity to brain regions involved in emotion regula-
tion, in addition to limbic structures and areas involved in self-refer-
ential processing, interoception, consciousness, attention, orienting
responses, and depersonalization/derealization. Specifically, the

Table 2
Intrinsic Network Spatial Comparison: Full-Factorial ANOVA.

omnibus full-factorial ANOVA revealed a significant interaction effect
between group and network involving the cuneus/precuneus and the
middle dorsal PFC (see Table 2). Below we present in detail follow-up
comparison results for each ICN.

4.1.3. Default mode network

PTSD + DS patients showed more DMN functional connectivity to
the left middle dorsal PFC/middle frontal gyrus as compared to PTSD
patients (see Table 3 and Fig. 2). Additionally, the healthy control
group displayed increased DMN functional connectivity to the left
precuneus/SPL, as compared to PTSD + DS patients.

4.1.4. Left central executive network

As compared to patients with PTSD, the healthy control group
showed increased left CEN functional connectivity to the left superior/
middle temporal gyrus (see Table 3 and Fig. 2).

4.1.5. Right central executive network

PTSD + DS patients displayed increased right CEN functional con-
nectivity to the right lateral orbitofrontal cortex, as compared to PTSD
patients (see Table 3 and Fig. 2).

4.1.6. Anterior salience network

The healthy control group showed more anterior SN functional
connectivity to the right primary visual cortex as compared to PTSD
+ DS patients (see Table 3 and Fig. 2).

Effect of interest Brain Region H BA Clus- MNI Coordinate F Stat. Z score p FDR Cluster
ter
Size
X y z
Network by Group Interaction Cuneus/precuneus 17 94 -2 —-92 20 5.63 4.88 0.036
Middle dorsal PFC R 9 93 28 36 40 4.41 4.01 0.037

Results from the full-factorial 3 (group) by 5 (network) ANOVA (p-FDR cluster-corrected < 0.05, k = 10). Abbreviations: PFC = Prefrontal cortex, H = Hemisphere,
BA = Brodmann area, p FDR = False discovery rate correction for multiple comparisons.
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Table 3
Follow-up Between Group Spatial Comparisons for Intrinsic Networks.

Intrinsic Network Group Comparison Brain Region H BA Clus- MNI Coordinate t Stat. Z score  p FDR Cluster
ter
Size
X y z
DMN PTSD+DS > PTSD Middle dorsal PFC/MFG L 8/9 85 -32 0 64 4.77 4.74 0.016
Healthy > PTSD+DS  Precuneus/ superior parietal lobe L 7 75 -6 —-68 54 4.71 4.68 0.032
Left CEN Healthy > PTSD Superior/middle temporal gyrus L 21 129 -64 —54 10 4.33 4.31 0.008
Right CEN PTSD+DS > PTSD Lateral orbitofrontal cortex R 11 91 48 30 -10 3.92 3.90 0.012
Anterior SN Healthy > PTSD+DS  Primary visual cortex R 17 113 9 -84 1 5.08 5.04 0.005
Posterior SN PTSD+DS > PTSD Middle dorsal PFC R 8/9 201 28 30 46 4.50 4.48 0.003
PTSD > PTSD+DS Anterior insula L 79 -28 18 10 4.58 4.55 0.029
PTSD+DS > Healthy Cuneus/precuneus 17 86 0 —-92 20 4.95 4.92 0.020
Precentral gyrus L 4 55 -3 —-22 70 4.64 4.61 0.039
R 4 54 42 -8 54 4.09 4.07 0.039
PTSD > Healthy Posterior insula L 88 -36 -20 17 5.15 5.11 0.007
Cuneus/precuneus 17 124 -2 -90 20 4.92 4.89 0.002
Healthy > PTSD Supramarginal gyrus R 40 205 64 —46 34 5.11 5.08 0.001
dIPFC R 9 68 60 14 27 5.11 5.07 0.040

Follow-up group comparisons of network functional connectivity evaluated via 2-sample t-tests (p-FDR cluster-corrected < 0.05, k = 10). Data represents between
group differences in terms of network functional connectivity for the DMN, CEN and SN. Comparisons were computed between PTSD patients, PTSD + DS patients,
and healthy controls, as indicated by contrast notation (< or >). Abbreviations: DMN = Default mode network, CEN = Central executive network, SN = Salience
network, dIPFC = Dorsolateral prefrontal cortex, PFC = Prefrontal cortex, MFG = Middle frontal gyrus, PTSD = Posttraumatic stress disorder patient group, PTSD

+DS = Dissociative subtype posttraumatic stress disorder group, Healthy= age-matched healthy control group, BA = Brodmann Area, MNI = Montreal
Neurological Institute, FDR = False discovery rate cluster corrected, H = Hemisphere.

4.1.7. Posterior salience network

PTSD +DS patients displayed more posterior SN functional con-
nectivity to the right middle dorsal PFC as compared to PTSD patients
(see Table 3 and Fig. 2). By contrast, we found that the PTSD group
displayed increased posterior SN connectivity to the left anterior insula,
as compared to the PTSD + DS group. The PTSD + DS group also showed
more posterior SN functional connectivity to the cuneus/precuneus,
and the bilateral precentral gyrus, as compared to the healthy control
group. Additionally, PTSD patients displayed increased posterior SN
functional connectivity to the left posterior insula and the cuneus/
precuneus, as compared to the healthy control group. Finally, healthy
controls showed more posterior SN functional connectivity to the right
dIPFC and the right supramarginal gyrus as compared to PTSD patients.

4.2. Part B) multivariate machine learning classification analysis on
network activation

4.2.1. Default mode network

Activation within the DMN resulted in the highest accuracy mea-
sures across all ICNs with regard to classifying PTSD diagnoses with
machine learning computations. Indeed, we found that activation
within the DMN was able to predict group classification of PTSD, PTSD
+DS, and healthy individuals with 80% balanced accuracy (p < .005
during permutation testing) (Fig. 3). Here, the class accuracy was 86%
for controls, 78% for PTSD, and for 74% for PTSD + DS. Moreover, the
class predictive value was 79% for controls, 84% for PTSD, and 72% for
PTSD + DS. Network regions with the highest decision function weights
included multiple clusters in the mPFC, as well as midline parietal areas
in the SPL and the PCC.

4.2.2. Left central executive network

Activation within the left CEN was able to predict group classifi-
cation of PTSD, PTSD + DS, and healthy individuals with 75% balanced
accuracy (p < .005 during permutation testing) (Fig. 3). The class ac-
curacy was 84% for controls, 74% for PTSD, and 68% for PTSD + DS.
Moreover, the class predictive value was 76% for controls, 78% for
PTSD, and 70% for PTSD+DS. Network regions with the highest
weights included areas in the left hemisphere pertaining to the dIPFC,
the SPL, and the cerebellum crus 1.

4.2.3. Right central executive network

We found that activation within the right CEN was able to predict
group classification of PTSD, PTSD + DS, and healthy individuals with
76% balanced accuracy (p < .005 during permutation testing) (Fig. 3).
The class accuracy was 81% for controls, 75% for PTSD, and 72% for
PTSD + DS. Moreover, the class predictive value was 72% for controls,
80% for PTSD, and 76% for PTSD+DS. Network regions with the
highest weights included areas in the right hemisphere pertaining to the
inferior orbitofrontal cortex, the dIPFC, the SPL, the supramarginal
gyrus, and the cerebellum crus 1.

4.2.4. Anterior salience network

Activation within the anterior SN was able to predict group classi-
fication of PTSD, PTSD+DS, and healthy individuals with 74% ba-
lanced accuracy (p < .005 during permutation testing) (Fig. 3). The
class accuracy was 79% for controls, 68% for PTSD, and 74% for PTSD
+DS. Moreover, the class predictive value was 70% for controls, 74%
for PTSD, and 72% for PTSD + DS. Network regions with the highest
decision function weights included the anterior dorsal ACC, the bi-
lateral middle dorsal PFC, and the right anterior insula.

4.2.5. Posterior salience network

Activation within the posterior SN was able to predict group clas-
sification of PTSD, PTSD + DS, and healthy individuals with 70% ba-
lanced accuracy (p < .005 during permutation testing) (Fig. 3). The
class accuracy was 82% for controls, 72% for PTSD, and 56% for PTSD
+DS. Moreover, the class predictive value was 71% for healthy in-
dividuals, 75% for PTSD, and 63% for PTSD + DS. Network regions with
the highest weights included the right posterior insula, the left superior
temporal gyrus, the right postcentral gyrus, and the bilateral supra-
marginal gyrus.

A noteworthy concept is that all voxels within each of the specified
ICN activation maps will contribute to the decision function of the
machine. Indeed, the weight maps produced by the machine learning
analysis are a spatial representation of the predictive function and show
the relative contribution of all voxels for the model. Hence, we present
regional contributions above and in Fig. 3 for illustrative purposes only.
This is in contrast to many common neuroimaging analyses which
utilize a univariate approach. In this multivariate analysis, as all voxels
inputted into the algorithm will contribute to the machine's prediction,
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Fig. 2. Between group comparisons of
default mode, central executive, and
salience network connectivity (FDR-
cluster level p < .05, k = 10) com-
paring PTSD patients, PTSD+DS pa-
tients, and healthy controls, as in-
dicated by contrast notation (< or >).
Abbreviations: PTSD = Posttraumatic

stress disorder group, PTSD
+DS = Dissociative subtype posttrau-
matic stress disorder group,
FDR = False discovery rate cluster

corrected, dIPFC = Dorsolateral pre-
frontal cortex, SPL = Superior parietal

lobe, MFG = Middle frontal gyrus,
STG = Superior temporal gyrus,
MTG = Middle temporal gyrus.

Coordinates are given in MNI space and
images were produced using MRIcron.
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it is not possible to arbitrarily threshold or to single out whether any
one region is predictive in isolation. Finally, similar results were ob-
tained for all machine learning analyses when using a LOSOPG cross-
validation procedure. Here, accuracy measures were within + /- 1% of
original balanced accuracy percent values reported via the LOSO cross-
validation (see Supplemental Results). Moreover, all anatomical
weights retained expected ranking positions, indicating stable ranking
of the regions across folds. Of importance, confusion matrices in Fig. 3
show an optimal and diagonal pattern of classification, where no classes
are sacrificed in order to gain accuracy in other classes. Finally, in-
cluding activation features from all networks in the same MGPC ana-
lysis yielded a balanced accuracy measure of 88.99% (p < .005 during
permutation testing) (class accuracy 98.21% for healthy individuals,
81.63% for PTSD+DS, and 90.12% for PTSD; class predictive value

Precentral Gyrus

£

Primary Visual Cortex
X=10

Precentral Gyrus

X=43 X=-5

Supramarginal Gyrus

88.71% for healthy individuals, 90.91% for PTSD + DS, and 91.25% for
PTSD). Collectively, these results highlight the importance of ex-
amining ICNs in PTSD; below we discuss each network in turn, an ap-
proach consistent with these findings demonstrating the unique con-
tributions of each network to the accuracy of classification.

4.3. Clinical data and motion artefacts

We found that all three groups (PTSD, PTSD+DS and controls)
differed significantly in terms of CAPS-IV, CTQ, BDI, MDI-total, and
MDI depersonalization/derealization average scores. The PTSD+DS
group exhibited the highest scores among these clinical variables as
compared to the PTSD and control groups (see Supplemental Material
Table s1 and Table 1), where the PTSD group had higher scores on these
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clinical variables as compared to the control group only.

With regard to state-based clinical measures assessed at the time of
the fMRI scan, the PTSD + DS group scored significantly higher on state
dissociation scores as measured by the RSDI-dissociation subscale as
compared to the PTSD group (see Supplemental Material Table s1 and
Table 1). By contrast, scores for state anxiety (STAI) and reliving
symptoms (RSDI scale) did not differ significantly between the PTSD
and PTSD + DS groups. However, all state-based clinical measures were
significantly higher in the PTSD and PTSD + DS groups as compared to
the healthy control group, which is a common finding in the PTSD
literature and suggests active psychopathology even at rest among
PTSD patients (also see Harricharan et al., 2016b; Nicholson
et al., 2017a; Lanius et al., 2018). Dissociative symptoms collected prior
to the scan (MDI depersonalization/derealization averages) and during
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Fig. 3. Results for the Multiclass
Gaussian Process Classification ma-
chine learning analysis, examining the
predictive validity of activation within
intrinsic connectivity networks: a) de-
fault mode network, b) left central ex-
ecutive network, c) right central ex-
ecutive network, d) anterior salience
: network, e) posterior salience network.
On the left side of each section is the
balanced accuracy of group classifica-
tion for each network, with regional
decision function weight vectors dis-
played below (visual representation of
. the weights that the machine learning
70% a 33/29 algorithm uses to classify each group,
based on features inputted from each
network). Displayed in the middle are
y : the individual class predictive values
it SN for each group. Finally, the graphs on
the right side of each section displays
the respective confusion matrix, where
an ideal confusion matrix is diagonal
and all predicted class labels corre-
spond to the truth. Here, no classes are
) 35/49 sacrificed in order to gain accuracy in
other classes. For the confusion matrix,
Group 1 = healthy control group,
Group 2 = PTSD+DS patients, Group
3 = PTSD patients. Numbers on top of
the bars in each graph correspond to
the number of correctly classified in-
dividuals in each group. Abbreviations:
PTSD = posttraumatic stress disorder
group, PTSD+DS = dissociative sub-
36/49 type posttraumatic stress disorder
72% group.
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the scan (RSDI depersonalization/derealization averages) were highly
correlated (r = 0.70, p <0.001).

The relation between medication use frequency and group was non-
significant. MDD diagnosis was significantly more frequent in the PTSD
+DS group as compared to the PTSD group (p < .001), where it has
been suggested that higher scores of depression and PTSD symptom
severity are associated with the dissociative subtype of PTSD
(Stein et al., 2013; Hansen et al., 2017). Finally, when MDD diagnosis
was used as a covariate in Part A, regional clusters did not change,
albeit the magnitude of statistical significance decreased marginally.
Similarly, medication use was not found to significantly affect results
when used as a covariate. Our analysis regarding motion outliers
yielded non-significant results when comparing observed outlier fre-
quencies across groups X2 (2, N = 186) = 0.90, ns.
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5. Discussion

In comparison to patients with PTSD, PTSD + DS is characterized by
additional psychopathology, more severe PTSD symptoms, increased
comorbidity, and suicidality, which together translates into unique
treatment needs (Lanius et al., 2012; Stein et al., 2013; Mergler et al.,
2017). Critically, the functional connectivity of intrinsic networks has
not been compared among heterogeneous PTSD subtypes (PTSD versus
PTSD +DS) and healthy controls, nor has activation within these net-
works been used to predict PTSD subtype diagnosis using machine
learning. Indeed, it was previously unclear how alterations within the
DMN, CEN and SN may contribute to heterogeneous symptom pre-
sentation in PTSD versus PTSD + DS patients, which may inform treat-
ment interventions aimed at restoring large scale brain networks. Given
the distinct neurobiological correlates of PTSD and PTSD+DS at the
activation and functional connectivity level within central hubs of ICNs,
we hypothesized unique group differences in terms of functional con-
nectivity within the DMN (PCC and mPFC), CEN (dIPFC), and the SN
(insula and amygdala). In Part A, we observed differential group con-
nectivity of the DMN, CEN, and SN among PTSD, PTSD+DS and
healthy individuals to brain regions involved in emotion regulation, in
addition to limbic structures and areas involved in self-referential
processing, interoception, bodily self-consciousness, attention, or-
ienting responses, and depersonalization/derealization. In support of
our hypotheses, our results generally support increased connectivity
with PFC emotion regulation areas among all intrinsic networks in
patients with PTSD+DS as compared to decreased PFC emotion reg-
ulation connectivity among patients with PTSD. Importantly, unique
ICN functional connectivity within each PTSD group may underlie
differential symptom presentations among PTSD subtypes. In Part B,
using machine learning classification algorithms, we were also able to
show that activation within each of the aforementioned networks ac-
curately predicts the classification of PTSD, PTSD +DS, and healthy
individuals. Here, the DMN was the most accurate in classifying PTSD
patient diagnoses — an expected finding given that feature selection
was performed on resting-state data and that the DMN has been shown
to be highly implicated in PTSD psychopathology (Lanius et al., 2015;
Yehuda et al., 2015; Akiki et al., 2017). The second-best predictor of
PTSD patient diagnoses using machine learning classification algo-
rithms was activation within the CEN (the ICN most implicated in
emotion regulation and executive functioning), which is a finding
consistent with emotion-modulation models of PTSD (see below;
Lanius et al., 2010; Fenster et al., 2018).

5.1. Default mode network

The DMN is thought to mediate altered self-referential processing,
autobiographical memory, and social cognition (Lanius et al., 2015),
where trauma has been shown to have lasting effects on the sense of self
manifested at both the cognitive and somatic level (Frewen et al.,
2020). When comparing PTSD patient groups, we hypothesized unique
connectivity differences as PTSD+DS patients experience additional
alterations in self-referential processing and bodily self-consciousness
associated with depersonalization (i.e., out-of-body experiences, emo-
tional numbing) (Lanius et al., 2018; Frewen et al., 2020). Studies in-
vestigating DMN intrinsic functional connectivity among subtype non-
differentiated PTSD at rest generally report decreased coupling be-
tween the PCC, vimPFC, and other DMN structures where aberrant DMN
functioning has been associated with PTSD symptoms (St. Jacques et al.
2013; Lanius et al., 2015; Yehuda et al., 2015; Akiki et al., 2017;
Fenster et al., 2018). Importantly, during tasks that require executive
functioning, previous studies report increased connectivity within the
DMN and decreased connectivity within the CEN among patients with
PTSD as compared to healthy individuals (Daniels et al., 2010).

While previous studies typically examine undifferentiated PTSD
patient samples as compared to healthy controls, results from the
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current study demonstrate unique DMN connectivity between patients
with PTSD and its dissociative subtype. Here, increased DMN con-
nectivity to the middle dorsal PFC in the PTSD + DS as compared to the
PTSD group likely represents emotion overmodulation (over regulation
of the hyperactive limbic system in PTSD) related to increased symp-
toms of  depersonalization/derealization in  this group
(Lanius et al., 2010, 2012; Rabellino et al., 2015a; Nicholson
et al., 2017; Nicholson et al., 2018a; Fenster et al., 2018). Interestingly,
and in direct support of our results, the frequency of dissociative ex-
periences has been positively correlated to DMN connectivity with the
dorsal PFC, a region involved in the CEN and emotion overmodulation
(Bluhm et al., 2009). It is noteworthy that dissociative responses have
also been shown to involve key areas of the DMN, including the medial
PFC, medial parietal lobe, and the temporoparietal junction (Frewen
and Lanius (2015)), further suggesting that alterations within the DMN
may be a potential mechanism underlying depersonalization-related
disturbances in self-referential processing (Rabellino et al., 2015a;
Frewen et al., 2020). Critically, hyperconnectivity of the DMN with
prefrontal CEN areas in PTSD +DS may also reduce the availability of
the CEN for use in other cognitively demanding tasks, hence underlying
symptoms of poor cognitive performance in this group
(McKinnon et al., 2016). Moreover, PTSD+DS patients may be un-
iquely characterized by alterations in connectivity between the DMN
and CEN regions, which may also relate to aforementioned difficulties
in switching between DMN and CEN modalities (Lanius et al., 2015;
Lanius et al., 2018; McKinnon et al., 2016). Mirroring our results and
further supporting models of emotion undermodulation in PTSD pa-
tients without the dissociative subtype, a recent study found that PFC
dysconnectivity in the DMN was linked to PTSD symptom severity
(Akiki et al., 2018).

The precuneus is an additional node within the DMN and is critical
for relating the self to socially relevant emotional stimuli, bodily self-
consciousness, first-person perspective taking, visuo-spatial imagery
and episodic memory retrieval (Greicius et al., 2003; Cavanna and
Trimble 2006; Cabanis et al., 2013). Here, decreased precuneus con-
nectivity in PTSD +DS as compared to healthy controls may point to
alterations in these functions related to depersonalization (i.e., out-of-
body experiences) and dissociation driven changes in social-cognition
(disruption in the ability to use, encode, and store information about
others that we gain from social interactions) (McKinnon et al., 2016).
The PTSD + DS group also displayed decreased connectivity to the SPL
involved in attention (Behrmann et al., 2004; Wang et al., 2015), as
compared to healthy controls. This may be a mechanism underlying
dissociation driven changes in attention and cognitive dysfunction that
occur in PTSD patients and in other psychiatric disorders transdiag-
nostically (De Bellis et al., 2013; McKinnon et al., 2016; Lanius
et al., 2018).

Additionally, results from the multivariate machine learning ana-
lysis in Part B suggest that aberrant DMN activation may be a useful
predictor of PTSD group classification, where the DMN yielded the most
accurate classification results when predicting individual diagnoses
among PTSD, PTSD+DS and healthy controls. Taken together, this
provides further evidence that the DMN may support unique clinical
presentations of self-referential processing, including depersonalization
and related identity disturbance.

5.2. Central executive network

Alterations within the CEN are thought to underlie both emotion
regulatory and cognitive dysfunctions observed in PTSD (Daniels et al.,
2010; Frewen et al., 2015; Lanius et al., 2015; McKinnon et al., 2016;
Akiki et al., 2017; Shalev et al., 2017). A recent study found that during
the resting-state, subtype non-differentiated PTSD patients demon-
strated reduced CEN convergence which was associated with decreased
orbitofrontal-amygdala connectivity in PTSD, indicative of reduced
prefrontal regulation on the resting limbic system (Barredo et al.,
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2018). This is consistent with previous literature that suggests de-
creased recruitment and functional connectivity within the CEN among
subtype non-differentiated PTSD patients (Cisler et al., 2013;
St. Jacques et al. 2013; Lanius et al., 2015; Holmes et al., 2018). Cri-
tically, these studies suggest that altered CEN functional connectivity
may have cascading negative effects on emotion regulation, and thus
may be critical to the neural underpinnings of emotion under-
modulation symptoms observed in PTSD. By contrast, PTSD + DS pa-
tients are known to exhibit emotion overmodulation patterns of neural
connectivity, paralleling extreme top-down regulation from CEN areas,
including the prefrontal cortex, which may promote emotional de-
tachment symptoms including depersonalization and derealization
(Lanius et al., 2010; Nicholson et al., 2017; Fenster et al., 2018). Fur-
thermore, PTSD is associated with disrupted cognitive functioning
across multiple domains (declarative memory, short-term memory, at-
tention, and executive functioning) (Aupperle et al., 2012; Polak et al.,
2012; McKinnon et al., 2016).

In support of our hypotheses, we found increased right CEN con-
nectivity with the right lateral orbitofrontal cortex in PTSD+DS as
compared to PTSD. Increased CEN connectivity with the orbitofrontal
cortex may contribute to the neurobiological basis of emotion over-
modulation among PTSD+ DS patients. Indeed, exacerbated recruit-
ment of emotion regulation areas, including the orbitofrontal cortex
among PTSD + DS patients has repeatedly been shown to be related to
over-regulation of the limbic system with associated depersonalization,
derealization and emotional detachment (Hopper et al., 2007b;
Felmingham et al., 2008; Lanius et al., 2010; Weston 2014; Nicholson
et al., 2017; Nicholson et al., 2018a; Fenster et al., 2018; Melara et al.,
2018; Rabellino et al., 2018). Furthermore, dissociative symptoms have
been shown to impair CEN functions related to attention, executive
functioning, memory, and social cognition (Aupperle et al., 2012;
Polak et al.,, 2012; Cisler et al., 2013; St. Jacques et al. 2013;
McKinnon et al., 2016; Block et al., 2017).

Additionally, the PTSD group displayed decreased left CEN con-
nectivity to the left superior/middle temporal gyri as compared to the
healthy control group. Interestingly, alterations in superior/middle
temporal gyri processing have been associated with trauma-related
symptoms, such as reexperiencing and avoidance, where decreased CEN
connectivity to this area my correspond to decreased control over these
symptoms (Lanius et al., 2002; Hopper et al., 2007b; Sierra et al., 2014;
Schiavone et al., 2018). Interestingly, the temporoparietal junction,
which includes the posterior superior temporal gyrus and the supra-
marginal gyrus, is critical for multisensory integration, bodily self-
consciousness and embodiment (which is the sense of being localized
within one's physical body and therefore constitutes a fundamental
aspect of the self) (Arzy et al., 2006; Blanke 2012; Igelstrom et al.,
2015). Furthermore, the left superior/middle temporal gyrus is also
part of the dorsal attention network critical for multisensory integration
and executive functioning (Dixon et al., 2018). Critically, these func-
tions related to bodily self-consciousness, multisensory integration,
embodiment, and executive functioning are hypothesised to be dis-
rupted in patients with PTSD (Lanius et al., 2015; Harricharan
et al., 2017).

Finally, results from the multivariate machine learning analysis in
Part B suggest that activation within the left and right CEN may be
useful biomarkers for predicting PTSD subtype classification. Indeed,
our CEN results from Part A & B strongly support the hypothesis that
unique symptom presentation among PTSD subtypes may emanate from
emotion under- and over- modulation within the CEN in PTSD and PTSD
+ DS patients, respectively.

5.3. Salience network
Alterations in SN functioning in patients with PTSD may contribute

to the hypervigilance and hyperarousal symptoms commonly observed
in patients with PTSD (Lanius et al., 2015; Yehuda et al., 2015;
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Fenster et al., 2018), where subtype non-differentiated PTSD patients
have been shown to display elevated SN connectivity during the resting
state (Rabinak et al., 2011; Sripada et al., 2012; Koch et al., 2016).
Additionally, the SN and anterior insula are thought to mediate “dy-
namic switching” between DMN and the CEN, in order to bring online
higher-order cognitive processing (Seeley et al., 2007; Sridharan et al.,
2008; Menon and Uddin 2010).

The anterior insula is associated with arousal/interoceptive aware-
ness, cognitive emotional processing (Craig 2010; Menon and Uddin
2010), heightened alertness, and auto- biographical memory
(Kurth et al., 2010) and represents a major hub within the anterior SN
along with the dorsal ACC (Shirer et al., 2012). In the current study, our
results showed decreased anterior SN connectivity to the primary visual
cortex in PTSD+DS as compared to healthy controls. Critically, the
anterior SN facilitates orienting responses to salient stimuli via con-
nections with dorsal visual stream regions, which includes the primary
visual cortex (Menon and Uddin 2010; Uddin 2015). Here, we hy-
pothesize that PTSD + DS patients may exhibit disrupted SN processing
with regard to orienting to salient visual stimuli in the environment,
which may be mediated by depersonalization and derealization symp-
toms (Lanius et al., 2015; Harricharan et al., 2019).

By contrast, the posterior insula region has been identified as a
multimodal convergence zone for sensory information, including pain
and body condition (Craig et al., 2011; Deen et al., 2011) and is the
major hub of the posterior SN (Shirer et al., 2012). In the current
study, PTSD patients displayed increased posterior SN connectivity to
the anterior insula as compared to PTSD+DS, and additionally dis-
played increased posterior SN connectivity with the posterior insula as
compared to healthy controls. In the PTSD group, increased posterior
SN connectivity with the anterior insula may represent exacerbated
sensory processing related to arousal/interoceptive awareness, emo-
tional state processing and heightened alertness (Craig 2010;
Menon and Uddin 2010; Lanius et al., 2015; Nicholson et al., 2016b), as
compared to PTSD+DS. Indeed, PTSD+DS and accompanying emo-
tional detachment, depersonalization and derealization, has been as-
sociated with anterior insula under-engagement (Hopper et al., 2007b;
Frewen et al., 2008; Lanius et al., 2010; Fenster et al., 2018). These
findings support exacerbated interoceptive/arousal processing in the
anterior insula among PTSD patients as compared to PTSD+DS
(Nicholson et al., 2016a), which may precipitate hypervigilance and
avoidance symptoms in PTSD patients (Paulus and Stein 2006;
Yehuda et al., 2015). Notably, hyperactivation in the anterior insula has
been correlated positively with state re-experiencing scores and nega-
tively with state dissociation scores (Hopper et al., 2007b). By contrast,
increased posterior SN connectivity to the posterior insula in PTSD as
compared to healthy controls may reflect exacerbated multisensory
processing related to salient threat detection, pain and body condition,
hypervigilance and hyperarousal PTSD symptoms (Hopper et al.,
2007b; Lanius et al., 2010; Pitman et al, 2012; Weston 2014;
Meier et al., 2015; Fenster et al., 2018).

Finally, both the PTSD and PTSD+DS groups showed increased
posterior SN connectivity to areas within attention/memory networks
and areas related to episodic memory processing (precuneus, cuneus,
precentral gyrus), as well as areas within the posterior insula network
related to consciousness (precuneus) and motor processing (precentral
gyrus) (Cavanna and Trimble 2006; Cauda et al., 2011; Burianové et al.,
2012) as compared to healthy controls. Additionally, when compared to
healthy individuals, the PTSD group evidenced decreased posterior SN
connectivity with the supramarginal gyrus, a temporoparietal junction
area heavily implicated in self-referential processing, bodily self-con-
sciousness and embodiment, where these results collectively support
disruptions among these neural processes within patients with PTSD
(Blanke 2012; Serino et al., 2013; Igelstrom et al., 2015; Harricharan
et al., 2017; Terpou et al., 2018).

The emotion modulation model also appears to be a relevant fra-
mework for characterizing PTSD subtypes with regard to SN
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connectivity. In support of our hypotheses, we found increased pos-
terior SN connectivity among PTSD + DS patients to the middle dorsal
PFC as compared to PTSD patients. This finding suggests that the
middle dorsal PFC may be attenuating/ overmodulating salient threat
processing and multisensory integration of the posterior SN within
PTSD + DS patients (Etkin et al., 2015; Nicholson et al., 2017). Simi-
larly, PTSD patients also displayed decreased posterior SN connectivity
to the dIPFC as compared to healthy controls. This further supports
models of emotion undermodulation in PTSD patients, consistent with
attenuated connectivity between emotion regulation areas and limbic
structures (Lanius et al., 2010; Yehuda et al., 2015; Nicholson
et al., 2017; Fenster et al., 2018). Finally, we were able to predict the
diagnosis PTSD, PTSD + DS and healthy controls based on SN activation
using machine learning computations. The anterior salience network
had greater classification accuracy as compared to the posterior SN
during our resting-state scans. Notably, SN functioning related to threat
detection may predict classification with higher accuracy during
symptom provocation/emotion induction as opposed to resting-state
paradigms. Indeed, functional connectivity patterns of ICNs may further
polarize during emotion induction paradigms when comparing PTSD
versus PTSD +DS patients, where these patient groups are known to
exhibit unique symptoms in response to such paradigms (Hopper et al.,
2007b; Lanius et al., 2010).

5.4. Future directions and limitations

It will be critical for future studies to investigate additional subtypes
of PTSD illness, as well as investigate accuracy of prediction during
emotion induction paradigms. Future studies may benefit from a
longitudinal experimental design that would allow for prospective ex-
amination of the effects of treatment response and medication type/
dosage on neural network integrity in PTSD. Additional studies are also
required to elucidate further the effects of different classes of medica-
tion on patterns of neural response, and to determine how specific
biomarkers of psychiatric illness may predict response to specific
treatments. Future studies should also examine the predictive accuracy
of data driven networks from PTSD populations and explore influences
of sex on network classification in PTSD. It will also be important to
examine changes in network connectivity in relation to patterns of
patient comorbidity. Additionally, PTSD and PTSD+DS differed sig-
nificantly on CAPS-IV total severity scores; no such finding emerged for
the CAPS-5. The absence of an effect in participants assessed by the
CAPS-5 may stem, in part, from the smaller sample size of these par-
ticipants, thus limiting power to detect a difference. Future studies that
include a larger sample size will be needed to confirm this hypothesis
and to additionally compare the sensitivity of such diagnostic measures.
Finally, we implemented a very conservative data driven approach,
where additional group differences were found at a more liberal
threshold for the DMN, SN, and CEN; hence, replication and increased
power are critical to fully elucidating these dynamics.

6. Conclusion

Alterations within intrinsic connectivity networks have long been
shown to be associated with psychiatric illnesses, including PTSD. Of
importance, we present the first study to compare directly intrinsic
connectivity network (DMN, CEN, and SN) functional connectivity
among PTSD, dissociative subtype PTSD and healthy individuals.
Specifically, we show unique group differences in terms of ICN func-
tional connectivity with emotion regulation areas, limbic structures,
somatosensory and interoception brain areas, as well as regions in-
volved in self-referential processing, consciousness, and depersonali-
zation/derealization. Using multivariate machine learning classifica-
tion algorithms, we were also able to show that activation within these
networks predicts accurately the diagnosis of PTSD, its dissociative
subtype, and healthy individuals with high accuracy. Critically,

12

NeuroImage: Clinical 27 (2020) 102262

identifying objective neural network classifiers that can categorize
PTSD heterogeneity may prove valuable by pointing towards targeted
treatments for PTSD and its dissociative subtype that address specific
alterations in the neural networks associated with each and thus match
specific individuals to personalized treatment approaches.
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