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Abstract

Emotion regulation deficits are commonly observed in social anxiety disorder (SAD). We used
manifold-learning to learn the phase-space connectome manifold of EEG brain dynamics in
twenty SAD participants and twenty healthy controls. The purpose of the present study was to
utilize manifold-learning to understand EEG brain dynamics associated with emotion regulation
processes. Our emotion regulation task (ERT) contains three conditions: Neutral, Maintain and
Reappraise. For all conditions and subjects, EEG connectivity data was converted into series of
temporally-consecutive connectomes and aggregated to yield this phase-space manifold. As
manifold geodesic distances encode intrinsic geometry, we visualized this space using its
geodesic-informed minimum spanning tree and compared neurophysiological dynamics across
conditions and groups using the corresponding trajectory length. Results showed that SAD
participants had significantly longer trajectory lengths during Neutral and Maintain. Further,
trajectory lengths during Reappraise were significantly associated with the habitual use of
reappraisal strategies, while Maintain trajectory lengths were significantly associated with the
negative affective state during Maintain. In sum, an unsupervised connectome manifold-learning
approach can reveal emotion regulation associated phase-space features of brain dynamics.
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1. Introduction

According to the National Institute of Mental Health, the lifetime prevalence of Social
Anxiety Disorder (SAD) among adults in the United States is 12.1% (Kessler et al., 2005).
Disruption in regulating emotions has been observed among patients with SAD (Amstadter,
2008) and individual differences in emotion regulation may relate to vulnerability to anxiety
and mood disorders (Campbell-Sills and Barlow, 2007). While a few published studies have
reported localized connectivity abnormalities in SAD (Etkin et al., 2010; Sladky et al., 2013)
during emotion regulation, a systems-level investigation into overall brain network dynamics
as measured using electroencephalography (EEG) has not been well explored. Here we
utilize a novel manifold learning approach that reconstructs the phase-space of brain
network dynamics while patients with SAD and healthy controls perform an emotion
regulation task (ERT).

To ensure we have a sufficient connectomes sample for our phase-space construction
procedure, we employed EEG for its high temporal resolution and selected a well-validated
emotion regulation task (Fitzgerald et al., 2016; Parvaz et al., 2012). Further, informed by
our own finding that in healthy individuals, ERT is sensitive to theta activity (4-7Hz) (Xing
et al., 2016) as well as findings from other groups suggesting that theta connectivity is
related to positive emotional states (Aftanas and Golocheikine, 2001) and cognitive
processes (Cavanagh and Frank, 2014; Gruzelier, 2009), we tested our phase-space manifold
learning approach on dynamic theta EEG connectomics. The theta connectome data was
obtained using the same recording system in an overlapping sample previously reported in
(Xing et al., 2017), where we demonstrated that SAD patients had higher overall theta
connectivity, averaged over time as well as across all EEG channels, at rest.

The concept of a phase-space, as originally introduced in mathematics and physics, is a
multi-dimensional space in which all states of a dynamic system were represented using a
combination of a position vector and the corresponding momentum. In the field of
quantitative EEG, the closely related term “state-space” has been used variably dependent on
the specific applications. For example, it has been used to refer to an auto-regression based
s-estimator applied to EEG time series to identify the disconnection topography in source
localized schizophrenia brain networks (Jalili et al., 2007), as well as to evaluate EEG signal
synchronization (Carmeli et al., 2005) and to estimate the cortical connectivity of healthy
brains during movie watching (Cheung et al., 2010). Another related approach is the Taken’s
embedding that seeks to find a proper embedding dimension of a dynamical system using a
time-delayed construction. This approach has been used to reconstruct a strange attractor of
a system in an optimal embedding dimension by examining the behavior of nearest
neighbors (Jeong et al., 1998b). Note that the input of the Taken’s embedding is the time
series of a scalar quantity and the output is the embedding dimension or another downstream
scalar quantity (e.g., the Lyapunov exponent). While a few EEG resting state applications
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have shown that such embeddings may be sensitive in capturing the temporal dynamic
changes in certain disorders (Jeong et al., 1998b) (Jeong et al., 1998a; Stam, 2005), the
Taken’s embedding nevertheless is likely only applicable during the resting-state and is
computed at each sensor location, yielding a scalar quantity for each sensor instead of a
systems-level connectome-type analysis. (Stam et al., 1996). Furthermore, the concept of
state space analysis has been used to construct a log likelihood-based EEG time series
mapping to yield a “sleep manifold” (Hight et al., 2014).

However, in these studies, recordings from electrodes were mapped onto a multi-
dimensional space that was indexed by anatomical regions-of-interest, which are placed with
respect to anatomy and thus not with respect to the intrinsic features of brain dynamics as
captured by the dynamic EEG connectome graphs. To explore the complex dynamics of
human brain in the connectome-level space as opposed to the sensor-based space, our novel
phase-space approach constructs a manifold where each position pis instead a dynamic EEG
connectome (i.e., any position pin this manifold corresponds to a connectome graph which
by itself is a frame or “snapshot” of a dynamic connectome time series that is constantly
evolving as a trajectory or orbit in this space). Mathematically a connectome graph is coded
as an N by N matrix where N is the number of sensors and each element in the matrix
encodes the dynamic EEG relationship between the tracings of the two corresponding
Sensors.

In order to construct connectome-level phase-space manifold, we leveraged dissimilarity-
based graph embedding (Bunke and Riesen, 2011) that allows us to embed each connectome
graph “snapshot” in a high-dimensional space. While in our case there is no clear equivalent
to the concept of “momentum” (defined as the product of mass and velocity), we
nevertheless could estimate the “velocity” of a dynamic EEG connectome time series at any
given time point, if this time series has been preprocessed in such a way that consecutive
connectome frames are separated by a fixed known time interval and that a very large
amount of connectome “snapshots” are available, thus allowing us to estimate the manifold
“geodesic” (i.e., the shortest distance on the manifold) between any two connectome graphs.

For the rest of the paper we used this unsupervised connectome-level manifold learning to
construct the global geometry of EEG dynamics related to emotion processing, and to
explore phase-space features during task performance between healthy controls and a group
of participants with social anxiety disorder. As a person’s temporal EEG connectome while
performing a task now corresponds to a phase-space “trajectory”, its dynamics can be
precisely characterized using intrinsic geometric features of this phase-space. In previous
applications, trajectory of the phase space, constructed with temporal power oscillations,
showed promising results in predicting emotional state during movie-watching (Nie et al.,
2011; Wang et al., 2014). We hypothesized that SAD networks would exhibit abnormal
features in a phase space comprising connectomes of all study participants and all task
conditions. Furthermore, we hypothesized that phase-space features such as trajectory length
per second (i.e., speed) would be associated with anxiety level, self-reported reappraisal
tendencies, and ERT-related affective state.
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2. Materials and Methods

2.1. Participants

All participants provided written informed consent as approved by the local Institutional
Review Board at the University of Illinois at Chicago. Diagnosis was based on the
Structured Clinical Interview for DSM-IV (*SCID-1V’ (First et al., 1995) and the clinician-
administered Liebowitz Social Anxiety Scale (“LSAS” (Liebowitz, 1987) and Hamilton
Anxiety Rating Scale (Hamilton, 1959) determined symptom severity and general anxiety
level, respectively. The Emotion Regulation Questionnaire (‘ERQ’; (Gross and John, 2003))
assessed subjective habitual use of reappraisal. Participants were between 18 and 55 years of
age and free of major medical or neurologic illness as confirmed by a board-certified
physician. SAD was required to be the primary diagnosis; however, comorbidity was
permitted. All participants were free of psychotropic medications and none were engaged in
psychotherapy. Healthy control (HC) participants were required to not have an Axis |
disorder. Exclusion criteria for all participants were current substance abuse or dependence
(within 6 months of study) or history of major psychiatric illness (e.g., bipolar disorder,
psychatic disorder, pervasive developmental disorder). Participants were compensated for
their time.

2.2. EEG data acquisition

EEG data were collected from 20 participants with SAD and 20 HC using the Biosemi
system (Biosemi, Amsterdam, Netherlands) with an elastic cap with 34 recording channels.
Each participant underwent ERT (Gross, 1998). Participants viewed pictures from a
standardized set (Lang et al., 1997) during continuous EEG recording. Participants were
asked to maintain their emotional state when viewing negative images (‘Maintain’), use a
cognitive strategy to reduce negative affect when viewing negative images (‘Reappraise’), or
view neutral pictures (i.e., ‘Neutral”). Negative and neutral images were displayed on the
screen for seven seconds in a random order. EEG data were processed according to the
method described in detail in (Xing et al., 2017). Additionally, participants also performed
the same ERT during fMRI scans, during which subjective negative affect ratings were
collected. At the end of each trial, participants were asked to rate how negative they feel on a
five-point rating scale (1= not negative at all, 5 = extremely negative). Greater Maintain and
Reappraise affective ratings in generalized anxiety disorder patients have been reported
using the same ERT task (Fitzgerald et al., 2017)

2.3. EEG connectome

All EEG data were preprocessed using Brain Vision Analyzer (Brain Products, Gilching
Germany) by first segmenting task trials into seven-second segments. A sliding window with
a width of 0.5 seconds and a step size of 0.05 seconds was applied to create the dynamic
data. The first and last five time points were discarded, resulting in 130-time points per
session. (The same framework was performed on a down sampled data with less overlapping
(20% overlaps). Main findings of two temporal sampling are consistent. Results of the down
sampled data are included in Appendix C.) As functional communications between two
brain regions result in synchronized or phase-coupled EEG readouts, in this study we used
the weighted phase lag index (WPLI)(Cohen, 2014; Vinck et al., 2011), computed between
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the time series of two channels to form EEG connectomes (each of which is a symmetric 34-
by-34 matrix). This connectivity estimation approach has shown higher sensitivity and
reduced the volume conduction contaminations in detecting complex and variable activity
patterns (Lau et al., 2012). Mathematically, WPLI is defined as:

n”! Z?: 1 |imag (S th)|Sg ”(imag (Sxyt))

L ilmas(S.y,)

WPLI, = (Eq. 1)

Where imag(Syy,) indicate the cross-spectral density at time #in the complex plane xy (zis
discretized and ranges from 1 to 7)), and sgn is the sign function (-1; +1 or 0).

The connectivity matrices were generated with the MATLAB toolbox Fieldtrip (Donders
Centre for Cognitive Neuroimaging, Nijmegen, Netherlands). The final output time-
dependent 34-by-34 EEG connectome for an individual task of each subject is arranged as
[34*34]*50*130 ([channel*channel]*frequency*time). Guided by our recently published
paper, we primarily focused on the phase-space informed by the theta frequency band (4-7
Hz) EEG connectomes; thus, for each time point, an averaged connectome from 4-7 Hz was
taken to represent the theta connectome.

2.4. Learning the phase-space manifold of EEG dynamics via non-linear dimensionality

reduction

Our approach to EEG-based connectomics was to reframe it as a phase-space reconstruction
problem. Due to its high temporal resolution, each connectivity matrix graph samples a
distinct state of this dynamical system, with the time-dependent dynamic EEG connectivity
for a particular participant during a particular ERT condition evolving as a trajectory in this
abstract space. In order to yield sufficient data to learn the space comprising states of ‘on-
line” emotion regulation ability, we combined connectomes from all 40 participants (i.e.,
collapsing across SAD and HC groups) at all time points, as collectively they sample this
phase-space “connectome manifold of interest”. As each participant contributed 3 dynamic
connectomes (3 ERT task conditions) each of which having 130 time point, thus the total
number of samples we have for this connectome manifold is thus 130 * 40 * 3 =15600. To
learn any non-linearity, we employed manifold learning via nonlinear dimensionality
reduction.

In what follows, we will describe in detail the three computational steps (and one optional
step) involved in our novel approach: Step I: graph dissimilarity embedding, Step II:
recovery of phase-space nonlinearity via geodesic computation, Step Il1: phase-space
visualization via geodesic-informed minimum spanning tree, and the (optional) prototype
graph selection. (Fig. 1)

2.4.1. Step |: Graph dissimilarity embedding—Connectomes can be represented as
agraph g = (V, E, W). In EEG connectomes, the node set V/ corresponds to the recording
channels, and the weights W of the edge set £in our case are informed by WPLI
connectivity. Once the connectome graphs are computed, we used the graph dissimilarity
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space embedding (DSE) to first embed each connectome in a high-dimensional Euclidean
space where each point corresponds to a connectome. As will be seen below, with DSE the
dimensionality of this Euclidean space is in the same order as the number of total dynamic
EEG connectomes across all subjects (20 HC, 20 SAD), ERT conditions (3 task senarios,
neutral, maintain, reappraise), and time points (130 time points), which was
(20+20)*3*130=15600.

The graph dissimilarity embedding procedure, first proposed by Bunk and Riesen in
2008(Bunke and Riesen, 2008) (Bunke and Riesen, 2011; Duin et al., 2010), is summarized
as follows. Given a graph set G (the set of all possible graphs under consideration) and 7
“prototype” graph observations g; € G (/=1, 2, 3, ... ) using which we will embed every
element in this graph set (see prototype graph selections in the optional step below) and da
distance metric that can be computed between two graphs ¢ g x ¢ — [0, o) then any

graph X € G can be represented using q;f:G — R" defined as the n-dimensional vector:

pS(X) = (d(X,¢,),..d(X.g,)) (Eq.2)

This way any graph set can be vectorized by a set of /7real numbers corresponding to a point
in an n-dimensional Euclidean space.

Given two connectome matrices, X'and Y'in G various choices of dissimilarity metric have
been proposed (for a comprehensive review, see (Kessler et al., 2005; PW and Elzbieta,
2005)). A natural choice of dwhich we adopted here, is the Frobenius norm

d(X,Y) = ,/Zij(xl.j - Yl.].)2 where the subscript indicates the (7, j)-th element of a matrix.

Thus, we can compute a straight line Euclidean distance between X and Y in the embedding
space as follows:

|05 C0) = gy (1)| = \/ Do dX, g)-d(Y.g)?. (Eq.3)

By iterating through all combinations of X'and Y'in G, thus forming a matrix that encodes
pairwise Euclidean distance between any two EEG connectomes, we proceed to the next
step where we reconstruct phase-space manifold properties via geodesic computation, as
non-linearity information is encoded using the geodesic distance between any two
connectome graphs (each of which is a 34 by 34 matrix).

2.4.2. Step ll: Recovery of phase-space nonlinearity via geodesic
computation—As elegantly illustrated by the Swiss roll example in the original /somap
paper (Tenenbaum et al., 2000), straight line distances in the Euclidean space where a
manifold is embedded is not the geodesic distance intrinsic to the manifold. (The non-linear
relationship between direct Euclidean distance and geodesic distance of ERT phase space is
presented in Fig. A2 of Appendix A) Thus, to preserve the non-linearity of the underlying
phase-space, it is crucial to first reconstruct the local neighborhood around each point in this
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space to construct the manifold geodesic distance. This is because that the Euclidean
distance matrix from Step | is computed based on d (which is used to define coordinates in
the embedding space, and not intrinsic to the manifold) and thus will not properly inform
geodesics (the shortest paths on the “manifold” which is an intrinsic property) except in
local neighborhoods. Here the local neighborhood was constructed using the A-nearest
neighbors (KNN) procedure (k=60, ~0.4% of total points, see supplementary material in
Appendix A that compared our embedding results across a range of &), followed by
computing the geodesic distances using the Dijkstra algorithm (Dijkstra, 1959). After Step
I1, phase-space manifold properties are now encoded using the corresponding geodesic
distance matrix (GDM, size 15600 by 15600).

Minimum Spanning Tree

To visualize this high dimensional phase-space (Fig. 1), we exploited the geodesic-informed
minimum spanning tree (MST) by adapting the 7reeVisby Qiu and Plevritis (Lee et al.,
2011; Qiu and Plevritis, 2013). Note that the phase-space is how represented by a symmetric
geodesic distance matrix GDM, where each entry encodes the geodesic distance between
any two connectomes; therefore we are able to visualize the phase-space as a network graph
(essentially, a network of networks, in which each node is an EEG connectome).

Minimum spanning tree is an optimized graph representation of a network. It simplifies a
complex graph by reducing the cycles and minimizing the total edge weight (Graham and
Hell, 1985). MST is theoretically advantageous in that it is a sub-network that preserves
most fundamental network properties (Tewarie et al., 2015), while simulations and brain
network analyses have shown that MST is able to reflect the underlying topology of
functional networks, regardless of the scale of edge weights (Stam et al., 2014; Tewarie et
al., 2015) (Boersma et al., 2011). 7reeVisorders the minimum spanning tree nodes and
visualizes them sequentially as follows. 7reeVis breaks the tree into chains of nodes. The
longest chain is defined as the main chain. Chains that are directly connected to the main
chain are defined as the side chains of the main chain. For complex tree structures, each side
chain may also have its own lower level side chains. Tree nodes are arranged in an order
such that nodes in the main chain come first, followed by nodes in the side chains of the
main chain, and then the lower level side chains. The complete workflow of our manifold
learning procedure is illustrated in Table 1 (Algorithm 1).

2.6. Optional Step: selection of the prototype graphs

In this section, let us briefly discuss how to determine prototype graphs. In our initial
analyses, all the connectomes were used as prototypes (thus, the number of dimensions of
the Euclidean space used for DGE is the same as the number of connectome graph matrices
in the dataset, i.e., 15600) (Borzeshi et al., 2013; Briihl et al., 2014; Bunke and Riesen,
2011; Zhang et al., 2015). However, one can select a subset of graphs as more representative
prototypes during the graph-embedding step (i.e., 77, the number of the prototype graphs in
Step | is now < 15600). Originally proposed in the context of graph embedding for
classification (Nie et al., 2011), an appropriate choice of a class-discriminatory prototype set
should provide adequate coverage of the whole graph domain while avoiding redundancies
secondary to the inclusion of similar graphs (Borzeshi et al., 2013). In this way, one can
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obtain an efficient classifier with minimal degradation in classification accuracy and
performance.

2.6.1. The spanning prototype selector and the center prototype selector—As
two concrete examples, the spanning prototype selector(Bunke and Riesen, 2011) (SPS) was
proposed such that each additional prototype selected is the graph that is the furthest away
from already selected prototype graphs (with the first graph selected being the median graph,
defined as the graph whose sum of geodesic distances to all other graphs is minimum); The
center prototype sefector (Bunke and Riesen, 2011) (CPS), on the other hand, selected the
most central graphs as prototypes, which are recursively defined by the median graph from
the remaining graph set.

Mathematically, the median graph median (G) € G of a graph set G is the graph with the
minimum sum of distances to all other graphs. In our case, after reconstructing the geodesic
distance of the phase-space manifold, the median graph is informed by the GDM, where

median (G) = argmmgi c ngj c GGDM(gl., gj).

2.6.2. The modified center prototype selector—In this study, as our overarching
goal is precise manifold learning informed by as many available connectome graphs as
possible, we further explored the removal of connectomes that may be considered outliers
(thus unlikely to be representative prototypes of the underlying manifold), which we call the
modified CPS. Similar to CPS, a median graph was first defined as the center; then for all
remaining graphs whose geodesic distance to this center are considered outliers by the
Hampel identifier (Davies and Gather, 1993) as implemented in Matlab are removed as
prototypes. In a data set of scalars .X; where X = (xi, ..., xp). Hampel identifier recognizes x
as an outlier, if |x — median(X)| = threshold * MAD(X). The median absolute deviation
(MAD) of Xis defined as MAD(X)= mediarn(|x; — median(X)|, ..., |xny— median( X)|), Here
we used the default threshold in Mat/ab, which is set to 3. (For a detailed description of
examples of threshold functions, see Davies & Gather, 1993.) With our data set, 640 graphs
were removed from the graph set (14690 graphs remaining). To more fairly compare our
modified CPS procedure to the standard SPS and CPS, using the latter two we selected two
sets of prototypes with the same size as our modified CPS (14690). This framework is
validated with the simulated multi-channel data. The correct manifold structure was
recovered in noise free and noisy conditions. (See details of simulation study in Appendix
B.)

2.6.3. The MST prototype selector—Last, informed by the MST construction we
propose one additional approach to prototype selection which we termed the MST prototype
selector. Here, connectome graphs making up the main chain of the MST are defined as the
primary prototypes; then the prototype set can be expanded by including connectome graphs
from the subsequent lower-level chains. Fig. 7 demonstrated levels of prototypes selected by
MST selectors (up to second-level chains).
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2.7. Trajectory length

The trajectory length of a participant’s brain dynamics in a task condition was estimated by
adding up the geodesic distances between consecutive time-dependent EEG connectomes in
this phase-space. Let Cr1, Ca, ..., C130 € R3¥"34 denote the dynamic 130-time point
EEG connectome time series of a specific task condition for an individual, then the
corresponding trajectory length (L gjectory) is defined as:

130
Ltrajectory = Z[ = 1GDM(CI + 1 Ct) (Eq 4)

We used a repeated measures ANOVA to detect significant task effects, group effects, and
task x group interactions for trajectory length in all 3 condition segments of the ERT. Two-
tailed Pearson’s correlations were calculated to evaluate relationships between these lengths
and symptom measures, affective state, and self-reported reappraisal tendencies.

3. Results

Clinical and demographic data in Table 2 demonstrate that there were no significant
differences in age and gender distribution between groups. As expected, SAD participants
had higher anxiety scores on the LSAS and HAM-A and they were less likely to use
reappraisal as assessed with the ERQ. Fig. 2 A and Fig. 3 A visualize the phase-space
manifold using its geodesic-based MST, which reveals highly complex nonlinear dynamics
during emotion regulation (note, for example, the cluster comprising mostly neutral
connectomes in section 4 in Fig. 2 A). In addition, we provided a two-dimensional isomap
representation of the phase space (Fig. 2 B, enlarged 2D isomap in Fig. A1, Appendix A).
Overall, no task or groups formed a distinct cluster (Fig. 3 B and Fig. 3 C). In general, the
trajectory of a series of connectomes during any ERT condition (130 time-points) traverses
along most of the main MST branch. Interestingly, careful inspection revealed that the “left
end” of the main branch primarily comprises SAD connectomes during Neutral and
Maintain (enlarged view in Fig. 2 C and bar graph in Fig. 3).

To investigate this further, since each point in the MST represents one connectome, we can
define a “mean connectome” for different segments of the MST, by averaging element-wise
over connectomes within any selected segment. As shown in Fig. 2 D, these mean
connectomes along the MST exhibit distinctive patterns, informing the underlying patterns
of EEG connectivity typical in this part of the phase-space. Overall, there is a decrease in
global EEG connectivity from section 1 to 4, which then increases again from section 4 to 5,
in particular over occipital and parietal channels (See Fig A3 in Appendix A for a further
demonstration of sensor level connectivity patterns along the MST).

Relating MST findings to anxiety, we further note that participants with SAD had
trajectories that more frequently traversed the “left end” of the main branch (Fig. 4 A, B).
Repeated ANCOVA analyses were performed to explore the group and task effect of the area
under the distribution curve. Indeed, the area under curve analyses for Fig. 4 B revealed a
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significant condition effect (p = 1.8 x 10-7), a significant group effect (p =.019), and trend
level task x group effect (p = .051).

Follow-up pairwise analysis for the main effect of condition showed Neutral was
significantly different from Maintain (p = 7.7 x 10~7) and Reappraise (p = 3 x 1075), but
Maintain and Reappraise did not significant differ from each other (p = .14). Pairwise group
differences were reported in Neutral (p = 0.019) and Maintain (p=0.012), such group
difference was absent in Reappraise (p=0.112). Similarly, repeated measures ANOVA for
trajectory length demonstrated a significant condition effect (p = 7.7 x 1078), a significant
group effect (p = .024), and a trend level task x group interaction (p = .058). (Fig. 5 A).
Follow-up pairwise analysis for the main effect of condition showed Neutral differed from
Maintain (p = 7 x 1078 and Reappraise (p = 2 x 107%) and Maintain was marginally different
than Reappraise (p = .049). The main effect of the group showed Neutral and Maintain
trajectory are significantly longer in SAD (Neutral: p = 0.018, Maintain: p = 0.043), while
Reappraise trajectory length was similar between two groups (p=0.21). Similar analyses
using theta power alone failed to yield any significant main effects of task or group, while a
permutation analysis using trajectory length confirmed our significant main effect of task
condition (Appendix D). Furthermore, ‘on-line’ Reappraise trajectory length was inversely
correlated with the tendency to reappraise, as indexed with the ERQ (r=-0.64, p=0.002)
(Fig. 5 B). Regarding emotional reactivity, higher negative affective state during the
Maintain condition tended to have longer Maintain trajectories (r=0.381, p=0.022) (Fig 5 C).
Trajectory lengths for Reappraise or Maintain did not correlate with measures of anxiety.

Additionally, similar group and task differences were reported using three of our alternative
prototype sets. (Fig. 6). Trajectory results from CPS, modified CPS and SPS prototype
selectors demonstrated consistent task differences (CPS: 5.3 x 1078; modified CPS: 1.0 x
1076; SPS: 2.2 x 107%:) and group differences (CPS: p=0.022; modified CPS: p=0.015; SPS:
p=0.020) in the phase-space, with no significant task*group interactions (CPS: p=0.076;
modified CPS: p=0.052, SPS p=0.055). For the MST prototype selector, we first included
the backbone and the first-level side chain as the initial prototype set (connectomes included
=1956), later the second-level of side chains were further included to expand the size of
prototypes (connectomes included =4712). Both MST prototype sets exhibit consistent
trends in group and task differences, there were significant task effects (backbone with first
level side chain: p= 0.001, backbone with first two levels: p=2.1 x 107°) and a significant
group effect (backbone with first level: p=0.020, backbone with first two levels: p=0.013)
(Fig. 7). No statistical analyses were performed at the backbone level due to the number of
nodes (only 5% of the total connectomes were represented on the backbone).

4. Discussion

In this paper, we proposed a phase-space connectome manifold reconstruction approach to
computational EEG connectomics via unsupervised manifold learning to quantify
abnormalities in EEG dynamics during emotion regulation in SAD participants. In this
phase-space, intrinsic geometric properties can be encoded using the geodesic distance, thus
further permitting a MST-based visualization. Sampling the connectome along the main
branch of the MST revealed a pattern of overall increased theta connectivity in the “left-
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most” part of the branch, which was comprised primarily of SAD participants. This finding
replicates our previous study demonstrating increased theta connectivity at rest associated
with SAD (Xing et al., 2017). Connectomes sampled from the “right” part of the branch
(where the Neutral condition predominated) demonstrated increased theta coupling in
parietal and occipital leads, consistent with the visual component of the task. Moreover, the
dynamic EEG connectome as a function of time obtained from one participant while
performing a specific ERT task corresponded to a phase-space “trajectory”*, also as a
function of time. SAD participants had longer trajectories during Neutral and Maintain,
while the trajectory length of the latter correlated with negative with negative affective state.
Additionally, Reappraise trajectory lengths were inversely correlated with the habitual use of
reappraisal as an emotion regulation strategy meaning subjects who were more likely to use
reappraisal outside the laboratory setting had reduced trajectory lengths. Thus, our results
showed that manifold trajectory length overall separated conditions and diagnoses, and thus
can be thought of as a proxy measure for the cognitive load of emotion processing and
regulation.

Here we discuss the important potential implications of our novel phase-space manifold
approach. In this space, intrinsic manifold properties such as trajectory length per second
reflect the underlying cognitive processing. Indeed, given that the complex nonlinearity in
EEG dynamics is decomposed in this novel phase-space, where 1) each possible state
corresponds to a distinct connectivity pattern, and 2) an isometric mapping (i.e., geodesic
distance preserving) is constructed pair-wise across all possible states, we conjecture that the
trajectory length normalized over a fixed time interval (i.e., the “normalized” trajectory
length or “speed”) reflects the perceived amount of thought transition. Or put more bluntly,
we posit that a longer normalized trajectory length is subjectively perceived as a more
rapidly-transitioning or “faster” dynamical process (which when occurs at rest may simply
relate to the feeling of “racing thoughts™). In this context, given that the trajectory lengths
we reported were already “normalized” as all task conditions were seven seconds, our
findings can be interpreted very intuitively as follows: People who experience anxiety in
general tend to experience higher degrees of thought overactivation (i.e. “racing thoughts” or
thought accumulation (Emily and Elana, 2008)), while more cognitively complex tasks
require more rapid thought transitions (Fig. 4; order of cognitive complexity: Reappraise >
Maintain > Neutral). Further, the habitual use of reappraisal corresponds to less rapid
transitioning during Reappraise, suggesting an efficiency resulting from life-long learning
and practicing of these strategies. Future studies can explicitly test this hypothesis by
examining whether phase-space trajectories are associated with indices of thought over-
activation (i.e. the Subjective Thought Overactivation Questionnaire (Keizer et al., 2014)).
With graph dissimilarity embedding, we constructed a manifold which captures the
underlying phase-space structure of dynamic EEG connectomes insensitive to how the
prototype graph sets were selected. Indeed, the average trajectory length of all five prototype
sets (selected via CPS, SPS, modified CPS, and two levels of MST) exhibits a consistent
trend as in the whole 15600-connectome prototype graph set. Moreover, we proposed two
additional approaches to prototype selection that may be more appropriate in our case: the
Modified CPS, which removes the outlier graphs with Hampel identifier; and MST informed
selector, which selects levels of MST branches in a hierarchical manner.
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Several study limitations are briefly discussed. First, our analyses are not based on source-
localization, although manifold learning as we proposed here is capable of, at least in theory,
uncovering the underlying intrinsic geometric properties of brain dynamics regardless of
whether the connectivity was channel-based or source-localized. Second, it can be
challenging to objectively measure emaotion regulation, due to the known complexity and
diversity of emotion regulation strategies (Gross and John, 2003) (to our knowledge
currently available instruments to clinically evaluate ERT performance are all based on
subjective ratings). Results with the negative affect ratings should be interpreted with
caution due to the fact that ratings were collected during an fMRI ERT and not during the
EEG ERT. Furthermore, in the graph dissimilarity embedding framework (Bunk and Riesen
2008), a matrix norm is used to quantify the difference between two connectome graphs.
However, concerns in applying standard matrix norms to connectomes have been raised as
matrix norm may be sensitive to extreme outliers and incapable of capturing higher order
similarity (Chung et al., 2017). Additionally, although results from different prototype
selectors were consistent, thus likely collectively recovering the true properties of the phase
space, different selectors nevertheless resulted in various numbers of prototype
connectomes. Last, the local neighborhood construction step is dependent on the choice of &
when determining the & nearest neighbors of each connectome (Wang et al., 2005), although
the overall trend of our findings is consistent across a range of k values (Fig. A4).

In conclusion, our connectome manifold learning approach provides a novel analytic and
visualization framework for understanding EEG dynamics. When applied to EEG data
obtained in participants with and without SAD during emotion processing and regulation,
this novel framework revealed complex differences in brain dynamics between SAD and
healthy control groups as well as across tasks. In the future, these novel phase-space features
may be used to determine brain-based biomarkers for treatment selection and monitoring
treatment response.
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SAD Social Anxiety Disorder
SPS Spanning Prototype Selector
WPLI Weighted Phase Lag Index

References:

Aftanas LI, Golocheikine SA, 2001 Human anterior and frontal midline theta and lower alpha reflect
emotionally positive state and internalized attention: high-resolution EEG investigation of
meditation. Neuroscience Letters 310, 57-60. [PubMed: 11524157]

Amstadter A, 2008 Emotion regulation and anxiety disorders. Journal of Anxiety Disorders 22, 211-
221. [PubMed: 17349775]

Boersma M, Smit DJ, de Bie HM, Van Baal GCM, Boomsma DI, de Geus EJ, Delemarre van de Waal
HA, Stam CJ, 2011 Network analysis of resting state EEG in the developing young brain: structure
comes with maturation. Human Brain Mapping 32, 413-425. [PubMed: 20589941]

Borzeshi EZ, Piccardi M, Riesen K, Bunke H, 2013 Discriminative prototype selection methods for
graph embedding. Pattern Recognition 46, 1648-1657.

Briihl AB, Delsignore A, Komossa K, Weidt S, 2014 Neuroimaging in social anxiety disorder—a
meta-analytic review resulting in a new neurofunctional model. Neuroscience & Biobehavioral
Reviews 47, 260-280. [PubMed: 25124509]

Bunke H, Riesen K, 2008 Graph classification based on dissimilarity space embedding. Joint IAPR
International Workshops on Statistical Techniques in Pattern Recognition (SPR) and Structural and
Syntactic Pattern Recognition (SSPR). Springer, pp. 996-1007.

Bunke H, Riesen K, 2011 Improving vector space embedding of graphs through feature selection
algorithms. Pattern Recognition 44, 1928-1940.

Campbell-Sills L, Barlow DH, 2007 Incorporating emotion regulation into conceptualizations and
treatments of anxiety and mood disorders

Carmeli C, Knyazeva MG, Innocenti GM, De Feo O, 2005 Assessment of EEG synchronization based
on state-space analysis. Neuroimage 25, 339-354. [PubMed: 15784413]

Cavanagh JF, Frank MJ, 2014 Frontal theta as a mechanism for cognitive control. Trends in Cognitive

Sciences 18, 414-421. [PubMed: 24835663]

Cheung BLP, Riedner BA, Tononi G, Van Veen BD, 2010 Estimation of cortical connectivity from
EEG using state-space models. IEEE Transactions on Biomedical engineering 57, 2122-2134.
[PubMed: 20501341]

Chung MK, Lee H, Solo V, Davidson RJ, Pollak SD, 2017 Topological Distances Between Brain
Networks. International Workshop on Connectomics in Neuroimaging. Springer, pp. 161-170.

Cohen MX, 2014 Analyzing neural time series data: theory and practice MIT Press.

Davies L, Gather U, 1993 The identification of multiple outliers. Journal of the American Statistical
Association 88, 782-792.

Dijkstra EW, 1959 A note on two problems in connexion with graphs. Numerische mathematik 1, 269—
271.

Duin R, Loog M, Pekalska E, Tax D, 2010 Feature-based dissimilarity space classification.
Recognizing Patterns in Signals, Speech, Images and Videos, 46-55.

Emily P, Elana J, 2008 Thought Speed, Mood, and the Experience of Mental Motion. Perspectives on
Psychological Science 3, 461-485. [PubMed: 26158973]

Neuroimage. Author manuscript; available in PMC 2020 February 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Xing et al.

Page 14

Etkin A, Prater KE, Hoeft F, Menon V, Schatzberg AF, 2010 Failure of Anterior Cingulate Activation
and Connectivity with the Amygdala During Implicit Regulation of Emotional Processing in
Generalized Anxiety Disorder. The American journal of psychiatry 167, 545-554. [PubMed:
20123913]

First MB, Spitzer RL, Gibbon M, Williams JB, Davies M, Borus J, Howes MJ, Kane J, Pope HG Jr,
Rounsaville B, 1995 The structured clinical interview for DSM-111-R personality disorders (SCID-
I1). Part I1: Multi-site test-retest reliability study. Journal of personality disorders 9, 92-104.

Fitzgerald JM, MacNamara A, DiGangi JA, Kennedy AE, Rabinak CA, Patwell R, Greenstein JE,
Proescher E, Rauch SAM, Hajcak G, Phan KL, 2016 An electrocortical investigation of voluntary
emotion regulation in combat-related posttraumatic stress disorder. Psychiatry Research:
Neuroimaging 249, 113-121. [PubMed: 26922156]

Fitzgerald JM, Phan KL, Kennedy AE, Shankman SA, Langenecker SA, Klumpp H, 2017 Prefrontal
and amygdala engagement during emotional reactivity and regulation in generalized anxiety
disorder. Journal of affective disorders 218, 398-406. [PubMed: 28501740]

Graham RL, Hell P, 1985 On the history of the minimum spanning tree problem. Annals of the History
of Computing 7, 43-57.

Gross JJ, 1998 The emerging field of emotion regulation: An integrative review. Review of general
psychology 2, 271.

Gross JJ, John OP, 2003 Individual differences in two emotion regulation processes: implications for
affect, relationships, and well-being. Journal of personality and social psychology 85, 348.
[PubMed: 12916575]

Gruzelier J, 2009 A theory of alpha/theta neurofeedback, creative performance enhancement, long
distance functional connectivity and psychological integration. Cognitive Processing 10, 101-109.
[PubMed: 18923857]

Hamilton M, 1959 The assessment of anxiety states by rating. British journal of medical psychology
32, 50-55. [PubMed: 13638508]

Hight DF, Dadok VM, Szeri AJ, Garcia PS, Voss L, Sleigh JW, 2014 Emergence from general
anesthesia and the sleep-manifold. Frontiers in systems neuroscience 8, 146. [PubMed: 25165436]

Jalili M, Lavoie S, Deppen P, Meuli R, Do KQ, Cuénod M, Hasler M, De Feo O, Knyazeva MG, 2007
Dysconnection topography in schizophrenia revealed with state-space analysis of EEG. PloS one
2, e1059. [PubMed: 17957243]

Jeong J, Kim D-J, Chae J-H, Kim SY, Ko H-J, Paik I-H, 1998a Nonlinear analysis of the EEG of
schizophrenics with optimal embedding dimension. Medical engineering & physics 20, 669-676.
[PubMed: 10098611]

Jeong J, Kim SY, Han S-H, 1998b Non-linear dynamical analysis of the EEG in Alzheimer’s disease
with optimal embedding dimension. Electroencephalography and clinical neurophysiology 106,
220-228. [PubMed: 9743280]

Keizer I, Piguet C, Favre S, Aubry JM, Dayer A, Gervasoni N, Gex-Fabry M, Bertschy G, 2014
Subjective Experience of Thought Overactivation in Mood Disorders: Beyond Racing and
Crowded Thoughts. Psychopathology 47, 174-184. [PubMed: 24107841]

Kessler RC, Berglund P, Demler O, Jin R, Merikangas KR, Walters EE, 2005 Lifetime prevalence and
age-of-onset distributions of dsm-iv disorders in the national comorbidity survey replication.
Archives of General Psychiatry 62, 593-602. [PubMed: 15939837]

Lang PJ, Bradley MM, Cuthbert BN, 1997 International affective picture system (IAPS): Technical
manual and affective ratings NIMH Center for the Study of Emotion and Attention, 39-58.

Lau TM, Gwin JT, McDowell KG, Ferris DP, 2012 Weighted phase lag index stability as an artifact
resistant measure to detect cognitive EEG activity during locomotion. Journal of neuroengineering
and rehabilitation 9, 47. [PubMed: 22828128]

Lee H, Chung MK, Kang H, Kim B-N, Lee DS, 2011 Computing the Shape of Brain Networks Using
Graph Filtration and Gromov-Hausdorff Metric Springer Berlin Heidelberg, Berlin, Heidelberg,
pp. 302-309.

Liebowitz MR, 1987 Social phobia. Anxiety Karger Publishers, pp. 141-173.

Neuroimage. Author manuscript; available in PMC 2020 February 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Xing et al.

Page 15

Nie D, Wang X-W, Shi L-C, Lu B-L, 2011 EEG-based emotion recognition during watching movies.
Neural Engineering (NER), 2011 5th International IEEE/EMBS Conference on. IEEE, pp. 667-
670.

Parvaz MA, MacNamara A, Goldstein RZ, Hajcak G, 2012 Event-related induced frontal alpha as a
marker of lateral prefrontal cortex activation during cognitive reappraisal. Cognitive, Affective, &
Behavioral Neuroscience 12, 730-740.

PW DR, Elzbieta P, 2005 Dissimilarity Representation For Pattern Recognition, The: Foundations And
Applications World scientific.

Qiu P, Plevritis SK, 2013 TreeVis: A MATLAB-based tool for tree visualization. Computer methods
and programs in biomedicine 109, 74-76. [PubMed: 23036855]

Sladky R, Hoflich A, Kublbdck M, Kraus C, Baldinger P, Moser E, Lanzenberger R, Windischberger
C, 2013 Disrupted effective connectivity between the amygdala and orbitofrontal cortex in social
anxiety disorder during emotion discrimination revealed by dynamic causal modeling for fMRI.
Cerebral Cortex 25, 895-903. [PubMed: 24108802]

Stam C, Tewarie P, Van Dellen E, Van Straaten E, Hillebrand A, Van Mieghem P, 2014 The trees and
the forest: characterization of complex brain networks with minimum spanning trees. International
Journal of Psychophysiology 92, 129-138. [PubMed: 24726900]

Stam CJ, 2005 Nonlinear dynamical analysis of EEG and MEG: Review of an emerging field. Clinical
Neurophysiology 116, 2266—2301. [PubMed: 16115797]

Stam CJ, van Woerkom TCAM, Pritchard WS, 1996 Use of non-linear EEG measures to characterize
EEG changes during mental activity. Electroencephalography and clinical neurophysiology 99,
214-224. [PubMed: 8862111]

Tenenbaum JB, De Silva V, Langford JC, 2000 A global geometric framework for nonlinear
dimensionality reduction. Science 290, 2319-2323. [PubMed: 11125149]

Tewarie P, van Dellen E, Hillebrand A, Stam CJ, 2015 The minimum spanning tree: An unbiased
method for brain network analysis. Neuroimage 104, 177-188. [PubMed: 25451472]

Vinck M, Oostenveld R, Van Wingerden M, Battaglia F, Pennartz CM, 2011 An improved index of
phase-synchronization for electrophysiological data in the presence of volume-conduction, noise
and sample-size bias. Neuroimage 55, 1548-1565. [PubMed: 21276857]

Wang J, Zhang Z, Zha H, 2005 Adaptive manifold learning. Advances in neural information
processing systems, pp. 1473-1480.

Wang X-W, Nie D, Lu B-L, 2014 Emotional state classification from EEG data using machine learning
approach. Neurocomputing 129, 94-106.

Xing M, Ajilore O, Wolfson OE, Abbott C, MacNamara A, Tadayonnejad R, Forbes A, Phan KL,
Klumpp H, Leow A, 2016 Thought Chart: Tracking Dynamic EEG Brain Connectivity with
Unsupervised Manifold Learning. In: Ascoli GA, Hawrylycz M, Ali H, Khazanchi D, Shi Y
(Eds.), Brain Informatics and Health: International Conference, BIH 2016, Omaha, NE, USA,
October 13-16, 2016 Proceedings Springer International Publishing, Cham, pp. 149-157.

Xing M, Tadayonnejad R, MacNamara A, Ajilore O, DiGangi J, Phan KL, Leow A, Klumpp H, 2017
Resting-state theta band connectivity and graph analysis in generalized social anxiety disorder.
Neurolmage : Clinical 13, 24-32. [PubMed: 27920976]

Zhang K, Lan L, Kwok JT, Vucetic S, Parvin B, 2015 Scaling up graph-based semisupervised learning
via prototype vector machines. IEEE transactions on neural networks and learning systems 26,
444-457. [PubMed: 25720002]

Neuroimage. Author manuscript; available in PMC 2020 February 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Xing et al. Page 16

Time 1 Time 2

RTEEFTR KeT e

I ET
Sy

__ Subject S

Visualize as MST

Fig. 1: Constructing the dynamic phase-space and visualizing the minimum spanning tree
This figure illustrates the basic idea of our phase-space manifold reconstruction framework.

Dynamic connectomes are generated from EEG data using a sliding window approach. Each
connectome (from all subjects and all time points), mathematically defined as a 34 by 34
matrix, is mapped onto a point on a manifold that is embedded in a high dimensional space
(here the manifold is depicted as a Swiss roll, a 2-dimensional structure that is rolled up and
embedded in 3D). +-Thus, the distance in the high dimensional space (straight arrow) is not
the manifold geodesic distance (curved arrow), which encodes the intrinsic geometric
features of the manifold. This distance is used to create the neighborhood graph visualized
as minimum
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Fig. 2: The reconstructed MST (A) and the corresponding 2D isomap representation (B) of the
reconstructed phase-space manifold.

Visually, the “left” MST branch primarily comprises connectomes from SAD subjects while
Neutral connectomes appear to form a distinct cluster (sections 1 and 4). Enlarged “left
branch” view is in (C). Since each point corresponds to a connectome, we averaged within
key sections along the main MST branch and visualized the respective average connectomes
in (D). These representative average connectomes exhibit an ordered transition, with
emerging connections among parietal and occipital channels (indicated with arrows in
section 5 and red channels on the head map) as we move towards the “right branch”.) Two-
dimensional isomap representation of the same manifold exhibits similar task and group
distribution compared with MST (B).

Neuroimage. Author manuscript; available in PMC 2020 February 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Xing et al. Page 18

B wf 1 RN ® Reappraise

50 40 30 20 10 o 10 o

100%
- |”H””' “ H“I“N”““N
0%

C B Neu M Main M Reapp
100%
) H”””” " ”|||”““||””
0%
B HC mSAD

Fig. 3: Composition of tasks (B) and groups (C) from “left” side to the “right” side of the MST.
Most of the segment along the tree is occupied by multiple task conditions and groups,

indicating that taskand subject-spaces are not completely separate from each other.

Neuroimage. Author manuscript; available in PMC 2020 February 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuely Joyiny

Xing et al.

B 50

Percentage of time below the threshold

Percentage of time below the threshold

00%

80%

60% -

40%

20%

40%

20%

0%
40

Fig. 4: Neutral connectomes marked by HAM-A scale on MST (A) and Frequency of
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connectomes to the left of the x-axis threshold (B).
Phase-space trajectories from SAD participants are more likely to visit the “left side” of the
MST. With a sliding threshold (x-axis), the frequencies of trajectories (y-axis) crossing to
the left of the threshold are computed and compared between SAD participants and healthy
controls (HC). Area under the curve analysis revealed a significant task effect (0= 1.8 x 10—

7), a significant group effect (p=.019), and trend level task x group effect (p=.051).
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Fig. 5: Phase-space trajectory metrics of ERT.
Across all three task scenarios, there was a significant effect of task (p= 7.7 x 10-8), group

(p=.024), and trend level interaction effect (p = .058) on phase-space trajectory lengths(A).
Reappraise trajectory lengths negatively correlated with Reappraise scores on the ERQ in
SAD participants (/=—0.64, p=0.002) (B). Maintain trajectory lengths positively correlated
with negative affect ratings during the Maintain task scenario in the total sample (/=0.381,
£=0.022) (C).
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Fig. 6: Selecting representative prototype graph set.
Histogram of graph-to-center geodesic distance (A) and the trajectory length as computed

using prototype sets given by modified CPS (B). Results obtained using SPS (C) and CPS
(D) showed similar findings as Modified CPS, as well as the original 15600-connectome
prototype set (i.e., each connectome is used as a prototype). There were significant group
effects of task and group, no interaction effect on phase-space trajectory
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Fig. 7. MST-based prototype selection.
Levels of selected prototypes on the MST (A) and the prototype trajectory Length (B). The

first prototype set includes 1956 connectomes from all backbone and all first level branches
(middle figure in A); second prototype set includes 4712 connectomes from backbone, first
level branches and second level branches (bottom panel in A).
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Manifold Learning and visualization of EEG dynamics using graph dissimilarity embedding and geodesic-

informed minimum spanning tree

Input: Graph set G, where G = {gl, 99 ...gn} and each 4; is a 34 by 34 EEG connectome

Output: Geodesic distance matrix GDM, where GoM € R <"

Minimum Spanning Tree MST of G

1 m };mﬁn

. _ 2
1. [Optional] Select Prototype graph set Gpm cG,G, = {gpm, gpm. ..,gpm

pro

N

Construct dissimilarity embedding using Eq. 2

I

for each 8 gj inG

71 n . .
XM E\clidean distance between

N

. Construct Euclidean distance matrix (EDM), EDM € R

60,?(81) and (ﬂg(g j) is given in Eq. 3

5. end for

6. GDM<— Apply Dijkstra algorithm and k nearest neighbors (k = 60) to EDM

7. return GDM

8. MIST < apply Tree V' is to GDM toyield geodesic informed minimum spanning tree
9. plot MST
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Demographic and Task Performance

Table 2.

Social Anxiety Disorder | Healthy Controls
= (N=20)
Mean (SD) Mean (SD)
Demographic
Age 26.80 (8.38) 26.95 (9_64)3
Education in years 15.85 (2.11) 15.70 2 39),3
Gender (% male) 45% 20%2
Clinical
LSAS 77.30 (14.13) 1715 (12_25)[7
HAM-A 7.50 (4.69) 0.75 (1 21)17
ERQ reappraise 25.15 (5.52) 33.60 (7 05)17
Affective State
(N=20) (N=18)
Neutral Condition 1.24 (0.37) 1.13(0.25)
Maintain Condition 3.10 (0.53) 2.75(0.77)
Reappraise Condition 2.60 (0.88) 2.25(0.76)

1duosnuey Joyiny

1duosnuen Joyiny

LSAS, Liebowitz Social Anxiety Scale; HAM-A: Hamilton Anxiety Rating Scale; Two healthy controls participants didn’t select the mood rating
before the next session began, thus their performance ratings are not available.

aThere is no gender (X2(2, N=40), p>0.05), age (two sample t-test, £>0.05) or years of education difference (two sample t-test, 7>0.05) between
healthy controls and social anxious patients.

b . . . -
Healthy controls were less socially anxious (LSAS) and less generally anxious (HAM-A) than SAD participants (two-sample #test, p < 0.05).
Healthy controls more commonly use reappraisal (ERQ reappraise) as a daily emotion regulation strategy (two-sample #test, p<0.05).
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