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Abstract

Commonly identified patterns of psychological distress in response to adverse

events are characterized by resilience (i.e., little to no distress), delayed

(i.e., distress that increases over time), recovery (i.e., distress followed by a grad-

ual decrease over time), and sustained (i.e., distress remaining stable over time).

This study aimed to examine these response patterns during the COVID-19 pan-

demic. Anxiety and depressive symptom data collected across four European

countries over the first year of the pandemic were analyzed (N = 3,594). Partic-

ipants were first categorized into groups based on the four described patterns.

Network connectivity and symptom clustering were then estimated for each

group and compared. Two thirds (63.6%) of the sample displayed a resilience pat-

tern. The sustained distress network (16.3%) showed higher connectivity than the

recovery network (10.0%) group, p= .031; however, the resilient network showed

higher connectivity than the delayed network (10.1%) group, p = .016. Regard-
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ing symptom clustering, more clusters emerged in the recovery network (i.e.,

three) than the sustained network (i.e., two). These results replicate findings that

resilience was the most common mental health pattern over the first pandemic

year. Moreover, they suggest that high network connectivity may be indicative

of a stable mental health response over time, whereas fewer clusters may be

indicative of a sustained distress pattern. Although exploratory, the network

perspective provides a useful tool for examining the complexity of psychologi-

cal responses to adverse events and, if replicated, could be useful in identifying

indicators of protection against or vulnerability to future psychological distress.

Psychological reactions to potentially traumatic events
(PTEs) are highly heterogeneous; commonly identified
trajectories include (a) low-to-moderate distress which
increases over time (i.e., delayed distress); (b) elevated dis-
tress and functional impairment, followed by a gradual
decrease or return to normal baseline over time (i.e., recov-
ery); (c) moderate or severe distress that remains stable
over time (i.e., sustained distress); and (d) a stable state of
little to no distress (i.e., resilience; Bonanno et al., 2011).
Despite reports that there has been an overall increase in
psychological distress in the general population during the
COVID-19 pandemic (Santomauro et al., 2021), these estab-
lished mental health responses have also been identified
in the general population during this time (e.g., Ahrens
et al., 2021; Chen & Bonanno, 2020; Gambin et al., 2021;
Kimhi et al., 2021; Pierce et al., 2021; Shevlin et al., 2021;
Valiente et al., 2021). Thus, based on the conceptualiza-
tion of the COVID-19 pandemic as a PTE (Shevlin et al.,
2020), research has shown that the most common pat-
tern in the general population during COVID-19 is marked
by resilience, characterized by low levels of psychologi-
cal distress and dysfunction over time, consistent with the
broader research on PTE exposure (Galatzer-Levy et al.,
2018).
Although there is no single accepted definition of

resilience, most proposals agree on the presence of a
process of adaptation and recovery from adversity (see
Bonanno et al., 2011, and Southwick et al., 2014, 2015, for
a detailed review). Thus, resilience can be understood as
a stable trajectory of healthy functioning after a highly
adverse event (Southwick et al., 2015; Valiente et al., 2021).
Consequently, the study of dynamic indicators of resilience
could be useful for monitoring risk or anticipating possi-
ble systemic disturbances in individuals (see Scheffer et al.,
2018, for further discussion).
Network analysis is an analytic approach that has grown

in popularity in the field of psychology over the last decade
(Contreras et al., 2019; Robinaugh et al., 2019). From this
perspective, mental health conditions can be conceptual-

ized as a dynamic system of interacting elements—that is,
a network structure of variables (e.g., symptoms), repre-
sented by circles also known as nodes, and their mutual
associations, represented by edges, or lines linking the
nodes (Borsboom, 2017). The network theory of mental
disorders postulates that both symptom activation and
network structure play key roles in the onset and main-
tenance of psychological distress such that symptoms in
strongly interconnected networks (i.e., higher connectiv-
ity) are more likely to be activated by their neighbors
than those belonging to a network with low connectivity
(Robinaugh et al., 2019). Thus, from this perspective,
resilience could be seen as a stable state in which relatively
few symptoms are activated or in which low connectivity
prevents active symptoms from triggering others (Bors-
boom & Cramer, 2013; Boschloo et al., 2015; Robinaugh
et al., 2019). Additionally, clusters of densely connected
nodes (i.e., communities or subgroups of symptoms) can
also be examined using network analysis (Borsboom,
2017). However, few studies have examined resilience
from a network perspective generally (Kalisch et al., 2019;
Lunansky et al., 2021) or investigated how symptoms may
cluster as a function of resilience (Groen et al., 2019). It
seems plausible that as the severity of psychopathology
increases, the association between symptoms may become
more specific, and more clusters will appear (Van Os,
2013).
Recent studies have applied network analysis to

study psychopathology during the COVID-19 pandemic
(Gibson-Miller et al., 2022; Taylor, 2020; Williamson et al.,
2021; Zavlis et al., 2021); however, these studies have
focussed on symptoms in the general population broadly
rather than within the distinct response groups known to
emerge following PTE exposure (i.e., resilience, delayed
distress, recovered, and sustained distress).
Therefore, the aim of the current study was to (a)

identify these four patterns of responses to the COVID-
19 pandemic using two different time points and (b)
model and visualize the complex symptom-to-symptom
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NETWORK STRUCTURE OF COVID-19 RESILIENT RESPONSES 3

associations at their starting point to examine whether
they reflect distinct psychological response patterns
during the COVID-19 pandemic. Specifically, networks of
psychological distress (i.e., symptoms of depression and
anxiety) were modeled for each of the four symptom-
based response patterns, and differences in terms of
connectivity and psychopathological symptoms clustering
(i.e., communities) were examined. For these network
comparisons, the resilient and delayed distress groups (i.e.,
the two groups characterized by the absence of distress at
Time 1) and the recovered and sustained distress groups
(i.e., the two groups characterized by the presence of
distress at Time 1) were compared to one another.
Based on network theory, densely connected networks

with high symptom activation are considered to give rise
to psychopathology. Therefore, we hypothesized that men-
tal health networks would be less densely connected with
increasing levels of resilience (i.e., connectivity hypothe-
sis). In other words, the connectivity of the resilient group
network would be lower compared to the delayed distress
group, and, similarly, the connectivity of the recovered
group network would be lower compared to the sustained
distress group. In addition, consistent with the literature,
we anticipated as resilience levels increased, fewer symp-
tom clusters would be identified in the networks and,
instead, anxiety and depressive symptoms would be rep-
resented as more unified and homogeneous constructs
(i.e., clustering hypothesis). Specifically, we expected that
fewer symptom clusters would be observed in the recov-
ered and resilient networks compared to the sustained
distress and delayed distress networks, respectively.

METHOD

Participants

Data used in the current study belong to a larger project
(COVID-19 Psychological Research Consortium ─C19PRC
Panel Study; osf.io/v2zur/) . For the present study, we used
a combined sample of 3,594 participants from four differ-
ent countries (UnitedKingdom: n= 1,162; Ireland: n= 390;
Spain: n= 1,498; Italy: n= 544). Sample characteristics are
depicted in Table 1.

Procedure

Established in March 2020, the COVID-19 Psycholog-
ical Research Consortium (C19PRC) is a longitudinal
multicountry study that aims to monitor and evaluate
the psychological, socioeconomic, and political impacts of
the COVID-19 pandemic on the lives of adults living in the
United Kingdom, Ireland, Spain, and Italy (McBride et al.,

2021). Participants were recruited via online research pan-
els and completed an online survey. All participants gave
their informed electronic consent to participate in the sur-
vey, and ethical approval was sought in each country (see
Supplementary Materials for detailed information). The
current studyused data collected over the course of the first
year of the COVID-19 pandemic. To categorize patterns of
psychological responses during this time, only individuals
who participated in the first survey wave in each coun-
try (Time 1 [T1]; United Kingdom, Ireland: March 2020;
Spain: April 2020; Italy: July 2020) and the most recent
follow-up survey at the time of analysis (Time 2 [T2];
United Kingdom, Ireland: March 2021; Spain, Italy: April
2021) were included. See the Supplementary Materials for
a detailed description of the sample, fieldwork procedures,
and survey timelines.

Measures

The depression, anxiety, and COVID-19 anxiety items used
to estimate the networks were measured at T1 in each
country.

Depressive symptoms

The Patient Health Questionnaire–9 (PHQ-9; Kroenke
et al., 2001) is a nine-item scale that is used to assess the
severity of depressive symptoms over the last 2 weeks.
Responses are scored on a 4-point Likert scale ranging
from 0 (not at all) to 3 (nearly every day) and summed,
with higher scores indicating more severe symptoms.
The PHQ-9 has shown acceptable diagnostic properties
(Kroenke et al., 2001; Manea et al., 2012), and its Spanish
version has demonstrated good psychometric properties
(see Diez-Quevedo et al., 2001). Of note, PHQ-9 scores
have shown measurement invariance in the United King-
dom, Ireland, Spain, and Italy (Shevlin et al., 2022). In
the present sample, the PHQ-9 demonstrated excellent
internal consistency, Cronbach’s α = .90.

Anxiety symptoms

The seven-item Generalized Anxiety Disorder scale
(GAD-7; Spitzer et al., 2006) was used to assess anxiety
symptoms over the past 2 weeks. Participants were asked
to report how often they were bothered by each symptom,
scoring responses on a 4-point Likert scale ranging from
0 (not at all) to 3 (nearly every day). Scores are summed,
with higher scores indicating higher levels of anxiety
symptoms. The GAD-7, including the Spanish version
(see García-Campayo et al., 2010), has demonstrated
good psychometric properties, and the measure has been
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4 CONTRERAS et al.

TABLE 1 Sample characteristics

M SD

Worry about the degree to which household finances have been affected by the COVID-19 pandemica 6.06 2.79

Ageb 49.02 14.12

n %

Age (years)

18–24 196 5.5

25–34 465 12.9

35–44 673 18.7

45–54 855 23.8

55–64 845 23.5

≥ 65 560 15.6

Gender

Male 1,873 52.1

Female 1,717 47.8

Other 4 0.1

United Kingdom 1,162 32.3

Ireland 390 10.9

Spain 1,498 41.7

Italy 544 15.1

Educational attainment

Did not attend postsecondary education 1,079 30.0

Postsecondary education 2,515 70.0

Religion

Agnostic or atheist 1,249 34.8

Any religion 2,345 65.2

Urbanicity of residential location

Suburb/town/rural 1,730 48.1

City 1,864 51.9

Household composition

Not living alone 3,060 85.1

No children in household 2,424 67.4

Estimated gross annual household income

Lowest income category measured in each country 957 26.6

All other income categories 2,637 73.4

Health conditions (diabetes, lung disease, heart disease)

Self 521 14.5

Family member 1,149 32.0

Pregnant

Self 403 11.2

Family member 220 6.1

aRange: 1–10.
bRange: 18–87 years.

recommended for use in clinical research and primary
care (Hinz et al., 2017). Of note, GAD-7 scores have shown
measurement invariance in the United Kingdom, Ireland,
Spain, and Italy (Shevlin et al., 2022). In the present
sample, the GAD-7 demonstrated excellent internal
consistency, Cronbach’s α = .94.

COVID-19 anxiety

Participants were asked to report their degree of specific
anxiety about the COVID-19 pandemic with a single item:
“How anxious are you about the coronavirus/COVID-19
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NETWORK STRUCTURE OF COVID-19 RESILIENT RESPONSES 5

pandemic?”. Responseswere rated on a slider scale ranging
from 0 (not at all anxious) to 100 (extremely anxious).

Data analysis

Psychological responses during the pandemic
categorization

Psychological responses during the pandemic were cate-
gorized following the previous symptom-based definition
of resilience (Valiente et al., 2021) according to two criteria
(i.e., distress and time). Firstly, we categorized participants
according to whether they showed the absence or pres-
ence of distress (i.e., whether they met the standard cutoff
scores of 10 or higher on the PHQ-9 orGAD-7) and, second,
based on the time of the assessment (i.e., T1 or T2). The
combination of these two variables provided four different
categories describing the pattern of responses following
traumatic events (Bonanno, 2004; Galatzer-Levy et al.,
2018): resilience, categorized by the absence of distress at
both T1 and T2 (n = 2,284, 63.6%; delayed distress, cate-
gorized by the absence of distress at T1 and the presence
of distress at T2 (n = 364, 10.1%; recovered, categorized by
the presence of distress at T1 and the absence of distress
at T2 (n = 359, 10.0%); and sustained distress, catego-
rized by the presence of distress at both T1 and T2 (n =

587, 16.3%; see the Supplementary Materials for further
details).
Given that the network comparison technique used

can be influenced by sample size (Boschloo et al., 2015;
Terluin et al., 2016), before groups could be compared,
random subsamples were drawn from the sustained and
resilient groups to match the sample sizes, controlling for
age and gender, of the recovered (n = 359) and delayed
(n = 364) groups, respectively. All network analyses in
the main manuscript were conducted using these age- and
gender-matched samples (for a detailed description, see
the Supplementary Materials).

Validation of patterns of response categories
with levels of impairment

Following previous work (Valiente et al., 2021), an objec-
tive, evidence-based validation of the groups’ classifica-
tions was conducted by analysing the levels of impair-
ment each subgroup experienced, measured using the
International Trauma Questionnaire (Cloitre et al., 2018).
We conducted a 4 (Group: resilient, delayed distress,
recovered, and sustained distress) × 2 (Time: T1, T2)
repeated-measures analysis of variance in SPSS (Version
22) with Group being a between-subject factor and Time

a within-subject factor. A detailed description and results
are provided in the Supplementary Materials.

Network estimation and visualization

A network structure consists of nodes (i.e., circles in
the network graph representing observed variables or
symptoms in this case) and edges (i.e., lines linking the
nodes to indicate the degree of the association between
them). Networks were estimated for each of the four age-
and gender-matched groups. Networks included all PHQ-
9, GAD-7, and COVID-19 anxiety items as nodes and
were estimated using a Gaussian graphical model (GGM)
in which edges represent partial correlation coefficients
(Epskamp, Borsboom, & Fried, 2018).
Analyses were conducted in R Studio (R Version 4.1.0).

There were no missing data (see R code in the Supple-
mentaryMaterials). The Fruchterman-Reingold algorithm
(Fruchterman & Reingold, 1991) was used to visualize the
networks using the qgraph package (Version 1.6.9), which
places nodes that are strongly connected closer together.
Thicker edges indicate a stronger connection. Blue edges
indicate positive correlations, and red indicates negative
correlations. To avoid spurious edges and produce a more
parsimonious network, regularization techniques were
used (Epskamp, Borsboom, & Fried, 2018; Epskamp, van
Borkulo, et al., 2018). Specifically, the graphical least abso-
lute shrinkage and selection operator (LASSO; Friedman
et al., 2008) was employed to shrink small edges to exactly
0, meaning only themost relevant edges were present. The
“tuning” hyperparameter gamma (γ) was selected using
the extended Bayesian information criteria (EBIC). The
default (γ= 0.5) was selected to ensure amore conservative
network estimation. Networks were estimated using the R
package bootnet (Version 1.4.3). For ease of visual compari-
son, all four networks have been constricted to an “average
layout.”
A number of additional network tests were conducted

to specifically address our study aims. First, to examine
whether network connectivity would vary as a function
of resilience, we relied on the NetworkComparisonTest

package (Version 2.2.1) to compare the overall network
connectivity and structure between (a) the resilient and
delayed distress subgroups and (b) the recovered and
sustained distress subgroups.Differences in network struc-
ture were assessed using the network invariance test,
whereas global strength (GS) was estimated by com-
paring the summed edge weights within a network
(i.e., invariant GS; van Borkulo, 2018). Second, to investi-
gate whether psychopathology symptom clustering varied
as a function of resilience, we applied the walktrap algo-
rithm (Pons & Latapy, 2005), implemented in the igraph
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6 CONTRERAS et al.

package (Version 1.2.6), to detect the presence of clusters
within each network. Briefly, this algorithm finds similar
nodes based on random walks over the network’s edges,
searching for densely connected sections of that network
(Newman & Girvan, 2004). We selected this algorithm for
use in this study because it has been reported to have
high accuracy (Demetriou et al., 2017; Golino & Epskamp,
2017; Smith et al., 2020) compared to other existing algo-
rithms, such as spinglass, which may produce different
results (Briganti et al., 2018). We also calculated the modu-
larity ratio (Q index) to evaluate the goodness of fit of these
communities;Q index values typically fall between 0.3 and
0.7, with higher values reflecting strong community struc-
tures (Newman & Girvan, 2004), and values below 0.3 are
considered most likely random. We compared the number
and content of clusters between the resilient and delayed
groups as well as between the recovered and sustained
groups.

Supplementary analyses

Supplementary analyses related to network expected influ-
ence centrality and network robustness were also carried
out. A detailed description of the procedure and results is
provided in the Supplementary Materials.

RESULTS

Mean symptom scores for each psychological response
group are provided in Table 2. Network models for each
of the psychological response groups are presented in
Figures 1 and 2. Results from supplementary analyses sug-
gest that network estimated parameters were robust—that
is, edge-weight analyses revealed accurate estimations,
whereas centrality indexes showed relative stability (see
Supplementary Materials). Overall, in all four network
structures, symptoms were mostly positively connected.
The networks also showed the presence of a negative
association between COVID-19 anxiety and appetite prob-
lems (PHQ-9, Item 5) and COVID-19 anxiety and suicidal
ideation (PHQ-9, Item 9) in the resilient network, with the
latter negative association also replicated in the recovered
group network structure.

Does network connectivity vary as a
function of resilience?

We first compared the resilient (57% of potential edges
above 0; edge weight range: 0.13–.42) and delayed distress

subgroups (49% of potential edges above 0; edge weight
range: 0.01–0.23; see Figure 1). The network invariance
test showed no differences in the network structure, max-
imum difference (M) = 0.189, p = .485. Conversely, for
connectivity, results of the GS invariance test showed sig-
nificant differences between both groups, S = 1.26, p =

.016. GS values, per group, revealed that the connectivity
in the resilient network was higher, GS = 6.48, than in the
delayed network, GS = 5.23.
Next, we compared the recovered (34% of potential

edges above 0; edge weight range: -0.03–0.33) and sus-
tained distress subgroups (48% of potential edges above 0;
edge weight range: 0.002–0.39; see Figure 2). The network
invariance test showed no differences in the network struc-
ture between these groups, M = 0.147, p = .667. However,
regarding connectivity, results from the GS invariance test
showed significant differences between both groups, S =
1.061, p = .031, revealing that connectivity in the sustained
network, GS = 6.59, was higher than in the recovered net-
work, GS = 5.52. Therefore, the connectivity hypothesis
was partially supported, as the recovered group network
showed lower connectivity than the network representing
the sustained distress group. However, the resilient group
network did not show lower connectivity than the delayed
distress group network, as expected; instead, the opposite
was observed.

Does psychopathology symptom clustering
vary as a function of resilience?

In the resilient group, four symptom clusters emerged
(see Figure 3). The first cluster was composed of the
PHQ-9 items measuring reductions in mood, interest, and
energy (both physical and cognitive; red nodes); the second
comprised the PHQ-9 items related to restlessness and self-
image thoughts (purple nodes); the third was composed
of the PHQ-9 items reflecting a loss of appetite, suicidal
ideation, and the COVID-19 anxiety item (brown nodes);
and the fourth community comprised all the GAD-7 items
(green nodes). An analysis of modularity suggested a most
likely random clustering, Q = 0.24. In the delayed group,
we observed two communities (see Figure 3): one com-
posed of the COVID-19 anxiety item and the majority of
GAD-7 items (green nodes), except for restlessness and irri-
tability, which, together with all the PHQ-9 items formed a
second community (red nodes). TheQ index also suggested
a most likely random clustering, Q = 0.28.
For the recovered network, three communities emerged

(Figure 4). In this case, PHQ-9 items were divided into
two separate communities. One community contained
the first five items of the scale, which are related to
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TABLE 2 Mean item scores, by response group, and group comparison testsa

(a) Sustained (b) Recovered (c) Delayed (d) Resilient

(n = 359) (n = 359) (n = 364) (n = 364)

T1 item Description M SD M SD M SD M SD Kruskal–Wallis testb p Post hoc testc

PHQ1 Low interest or pleasure 1.70 0.88 1.56 0.86 0.80 0.73 0.57 0.74 394.791 < .001 a = b>c>d

PHQ2 Feeling down, hopeless 1.87 0.78 1.55 0.75 0.71 0.61 0.44 0.60 635.330 < .001 a>b>c>d

PHQ3 Sleep problems 1.90 0.95 1.70 0.96 0.79 0.78 0.59 0.79 436.194 < .001 a = b>c>d

PHQ4 Tired or little energy 1.91 0.86 1.56 0.88 0.79 0.71 0.53 0.64 501.208 < .001 a>b>c>d

PHQ5 Appetite problems 1.56 1.03 1.29 0.98 0.58 0.73 0.39 0.67 343.312 < .001 a>b>c>d

PHQ6 Worthlessness/guilt 1.47 1.04 1.08 0.96 0.37 0.58 0.15 0.38 459.318 < .001 a>b>c>d

PHQ7 Trouble concentrating 1.52 0.94 1.31 0.93 0.49 0.62 0.23 0.45 500.203 < .001 a>b>c>d

PHQ8 Moving or speaking slowly/restless 0.92 0.99 0.73 0.90 0.18 0.42 0.05 0.24 312.946 < .001 a>b>c>d

PHQ9 Suicidal ideation 0.72 0.99 0.48 0.78 0.12 0.32 0.03 0.21 215.433 < .001 a>b>c>d

GAD1 Nervous, anxious, on edge 1.88 0.87 1.65 0.86 0.76 0.62 0.46 0.56 579.607 < .001 a>b>c>d

GAD2 Uncontrollable worry 1.98 0.89 1.85 0.85 0.73 0.68 0.45 0.65 636.691 < .001 a = b>c>d

GAD3 Worry about different things 1.97 0.85 1.83 0.82 0.68 0.62 0.40 0.59 701.504 < .001 a = b>c>d

GAD4 Trouble relaxing 1.98 0.85 1.76 0.84 0.67 0.63 0.37 0.53 705.528 < .001 a = b>c>d

GAD5 Restless 1.43 0.98 1.19 0.88 0.37 0.54 0.14 0.35 529.192 < .001 a = b>c>d

GAD6 Irritable 1.64 0.98 1.49 0.87 0.65 0.65 0.42 0.61 449.183 < .001 a = b>c>d

GAD7 Afraid something awful might happen 1.60 0.98 1.55 0.92 0.54 0.64 0.29 0.51 538.848 < .001 a = b>c>d

Total PHQ-GAD score 26.06 7.99 22.59 6.46 9.24 4.86 5.51 4.75 1067.316 < .001 a>b>c>d

COVID-19 anxiety 73.50 23.46 75.74 20.9 63.25 22.92 57.27 26.51 147.628 < .001 a = b>c = d

Notes: T1 = Time 1; PHQ = nine-item Patient Health Questionnaire; GAD = Generalized Anxiety Disorder–7 scale.
aAge- and gender-matched a–b and c–d samples: (a) is age- and gender-matched to (b), and (d) is age- and gender-matched to (c).
bAll Kruskal–Wallis tests were significant at the p < .001 level
cBonferroni correction applied the p =.50.

 15736598, 0, Downloaded from https://onlinelibrary.wiley.com/doi/10.1002/jts.22988 by University Of Sheffield, Wiley Online Library on [23/11/2023]. See the Terms and Conditions (https://onlinelibrary.wiley.com/terms-and-conditions) on Wiley Online Library for rules of use; OA articles are governed by the applicable Creative Commons License
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F IGURE 1 Combined plot comparing network connectivity between Resilient and Delayed distress groups

Note: PHQ-9 = nine-item Patient Health Questionnaire; GAD-7 = Generalized Anxiety Disorder–7 scale.

F IGURE 2 Combined plot comparing network connectivity between Recovered and Sustained distress groups

Note: PHQ-9 = nine-item Patient Health Questionnaire; GAD-7 = Generalized Anxiety Disorder–7 scale.

anhedonia; low mood; and problems with sleep, tired-
ness, and appetite, respectively, whereas the second
community comprised the remaining four PHQ-9 items
(i.e., items related to negative self-view, concentration

problems, restlessness, and thoughts of suicide). A third
community was made up of the COVID-19 anxiety item
and GAD-7 symptoms. For the sustained network, two
communities emerged: one composed of all PHQ-9 items
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NETWORK STRUCTURE OF COVID-19 RESILIENT RESPONSES 9

F IGURE 3 Plot comparing communities between the resilient and delayed distress groups

Note: PHQ = nine-item Patient Health Questionnaire; GAD = Generalized Anxiety Disorder–7 scale.

F IGURE 4 Plot comparing communities between the recovered and sustained distress groups

Note: PHQ = nine-item Patient Health Questionnaire; GAD = Generalized Anxiety Disorder–7 scale.

and one thatmirrored the recovered network and included
all the GAD-7 items and the COVID-19 anxiety item. Q
index analyses revealed that clustering in both the recov-
ered, Q = 0.45, and sustained distress networks, Q = 0.37,
was nonrandom. Overall, therefore, the findings did not
support the clustering hypothesis, which predicted that
fewer symptomclusterswould be observedwith increasing
levels of resilience.

DISCUSSION

The present study aimed to analyze the distinct patterns
of psychological responses to the COVID-19 pandemic in
several European countries. To this end, we followed pre-
vious research that empirically identified four patterns
of psychological responses (i.e., resilient, delayed distress,
recovered, and sustained distress) and utilized network
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10 CONTRERAS et al.

analytical techniques to study symptom-level expression at
baseline within each of these groups and compare them
in terms of connectivity and clustering. We expected to
observe that with increasing levels of resilience, mental
health networks would be (a) less densely connected and
(b) comprise fewer symptom clusters.
The COVID-19 pandemic has posed amajor threat to the

well-being of individuals, although it is best conceptual-
ized as a distressing event or PTE (Samuelson et al., 2022).
Mounting evidence has indicated that being exposed to a
PTE can lead to a wide variety of psychological responses
ranging from showing no distress to experiencing a sub-
stantial number of symptoms (Bonanno, 2021). Results
from the current study showed that, out of 3,594 individ-
uals, almost two thirds of the sample exhibited a resilient
response pattern (n = 2,284, 63.6%), understood as the
absence of anxiety and depression over a 1-year period,
whereas 16.3% of the sample showed a sustained distress
pattern (n = 587). These results echo existing empirical
evidence indicating that in the aftermath of trauma expo-
sure, a large proportion of individuals show no symptoms
(Bonanno, 2021), which other COVID-19 studies have also
confirmed (Ahrens et al., 2021; Chen & Bonanno, 2020),
reflecting the dynamic aspect of individual psychological
functioning.
The findings partially supported our hypothesis about

network connectivity. First, the network comparison test
(NCT) for structural invariance (i.e., network structure)
indicated the resilient group did not significantly dif-
fer from the delayed group, nor did the recovered and
sustained groups differ, suggesting that there were no
significant differences in the symptom structure of psy-
chological responses. In line with our hypotheses, the
NCT for GS (i.e., the sum of edge weights or connectiv-
ity) revealed that the sustained distress group had a more
strongly connected network than the recovered group.
However, this result was not replicated with the resilient
and delayed networks, with the former being more highly
connected than the latter. Thus, increased symptom con-
nectivity was observed among the resilient and sustained
groups compared to the delayed and recovered groups,
respectively. Both groups, resilient and sustained showed
consistent or stable patterns of mental health through-
out the study period (i.e., although the resilient group
showed an absence of distress and the sustained group
showed the presence of distress, both groups maintained
their responses over a year).
Network theory postulates that if an event activates

a network of elements that are strongly connected
(e.g., symptoms), this activation might remain even after
the event that has generated this network is no longer
present, known as the “hysteresis phenomenon” (Bors-
boom, 2017). According to this theory, if a network is

active despite the absence of the triggering event, it means
that the network has high connectivity and might reflect
a psychological problem. Following this rationale, a net-
work could be considered to reflect pathology when its
nodes appear highly connected, which would, therefore,
maintain that mental health problem. In sum, research
has suggested that connectivity may be a benchmark of
pathological networks. Contrary to this proposal, our lon-
gitudinal data suggest that connectivity may function as
an indicator of response stability (i.e., a stable pattern over
time regardless of whether a given trajectory includes the
presence or absence of distress) rather than a direct indi-
cator of psychopathology (i.e., the presence or absence of
distress). Although this finding does not align with the
network theory–informed connectivity hypothesis, it may
be interpretable from a latent variable perspective, which
would suggest that correlations among variables may stay
similar irrespective of severity level.
Our findings show some similaritieswith those obtained

by previous studies that have applied NCT (McGlinchey
et al., 2021). For example, van Borkulo et al. (2015) com-
pared the connectivity of networks of depressive symptoms
among individuals with persistent and remitted major
depressive disorder (MDD) over 2 years. The authors found
that the network of participants with persistent MDD
showed more connectivity than the network represent-
ing participants whose MDD had remitted after 2 years.
Although van Borkulo et al.’s (2018) findings alignwith the
network theory proposal that pathological networks may
be strongly connected, they may also indicate that indi-
viduals who maintain the same pattern of response over
time (i.e., the stability of depressive symptoms over 2 years)
have the highest connectivity. Hence, the findings related
to connectivity in the current study may suggest that the
concept of hysteresis could apply to network models of
individuals who show a stable pattern of psychological
response, including resilient individuals.
Contrary to our hypothesis, the results revealed that

mental health networks did not comprise fewer symp-
tom clusters with increasing levels of resilience. In this
study, the resilient and recovered group networks showed
more symptom clusters than the networks for the delayed
and sustained distress groups, respectively. The findings
revealed that only the clusters that emerged in the recov-
ered and sustained networks were considered to have
satisfactory goodness of fit (i.e., nonrandom clustering).
It is important to note, however, that values were only
slightly above the randomness threshold and, thus, should
be interpreted with caution. Although previous literature
suggests that more severe levels of psychopathology may
be associated with specificity (i.e., more clusters; McGorry
& Van Os, 2013), a recent study by Groen et al. (2019)
that used network analysis to explore this phenomenon

 1
5

7
3

6
5

9
8

, 0
, D

o
w

n
lo

ad
ed

 fro
m

 h
ttp

s://o
n

lin
elib

rary
.w

iley
.co

m
/d

o
i/1

0
.1

0
0

2
/jts.2

2
9

8
8

 b
y

 U
n

iv
ersity

 O
f S

h
effield

, W
iley

 O
n
lin

e L
ib

rary
 o

n
 [2

3
/1

1
/2

0
2
3
]. S

ee th
e T

erm
s an

d
 C

o
n
d
itio

n
s (h

ttp
s://o

n
lin

elib
rary

.w
iley

.co
m

/term
s-an

d
-co

n
d
itio

n
s) o

n
 W

iley
 O

n
lin

e L
ib

rary
 fo

r ru
les o

f u
se; O

A
 articles are g

o
v

ern
ed

 b
y

 th
e ap

p
licab

le C
reativ

e C
o

m
m

o
n

s L
icen

se



NETWORK STRUCTURE OF COVID-19 RESILIENT RESPONSES 11

did not support this; instead, the authors observed sim-
ilarities in the number and structure of communities in
four groups along the severity continuum of psychopathol-
ogy. Our results did not support this pattern either, as we
found that the groups showing high levels of distress at
1-year follow-up presented a smaller number of clus-
ters than those that showed no distress. Despite a lack
of support for this hypothesis, our findings revealed a
few interesting patterns when comparing recovered and
sustained distress network structures.
First, we observed that all GAD-7 items clustered

together with the COVID-19 anxiety item, reflecting that
the pandemic outbreak triggered a wave of general anx-
iety symptoms. Secondly, differences in the community
structure of PHQ-9 (i.e., depressive symptom) items were
observed between the recovered and sustained distress
group networks. In the recovered group, depressive symp-
tom items formed two distinct clusters, one comprising
items related to affect, sleep, fatigue, and appetite, and
another comprising cognitive items aswell as psychomotor
and concentration items. However, although strong evi-
dence for both one- and two-factor models of the PHQ-9
exists (Lamela et al., 2020), the two depression clusters
in the recovered group did not match previously reported
factor structures (Lamela et al., 2020), whereas in the
sustained network, items perfectly clustered into depres-
sion (i.e., all PHQ-9 items) and anxiety (i.e., all GAD-7
and COVID-19 anxiety items). Interestingly, these two
clearly defined communities found in the sustained net-
work were almost replicated in the delayed network. This
similar pattern of clustering between the two groups of
individuals who displayed high levels of distress 1 year
into the pandemic could indicate alignment with current
diagnostic classifications, such as those in the Diagnos-
tic and Statistical Manual of Mental Disorders (5th ed;
American Psychiatric Association, 2013), where symp-
toms are clustered within different psychological domains
(e.g., depressive disorders, anxiety disorders). However,
it is worth mentioning that only the modularity of the
recovered and sustained groups suggested nonrandom
clustering, which indicates that firm conclusions cannot
be drawn from this finding, and, thus, further research is
needed to examine how symptoms cluster as a function of
resilience.
On balance, a large body of literature suggests that

indices proposed by network analysis, such as node cen-
trality (i.e., those nodes of greatest importance in the
network; McNally, 2016), could function as predictors of
psychopathology. However, the present study suggests that
indicators of specificity, such as connectivity and clus-
tering, may also function as predictors of the stability
of psychological responses (i.e., higher connectivity) and

long-term high levels of distress (i.e., fewer clusters) to
PTEs, such as the COVID-19 pandemic.
This study had several limitations. Although the strat-

egy of matching subsamples between groups made them
more homogenous, the networks presented were based on
a between-subjects design; thus, caution should be taken
when generalizing the results to individuals or groups
that might not be homogeneous. Additionally, despite
being theory-driven, the strategy of using cutoff scores to
create subgroups may imply some loss of information..
Moreover, we adopted a dynamic perspective by consider-
ing two time points to create the psychological response
groups; however, the data modeled in the network are
cross-sectional (i.e., T1), thus precluding us from draw-
ing inferences about causal relationships. Future research
would benefit from adding more assessment points or uti-
lizing intensive longitudinal data, which would allow the
application of, for instance, panel data analysis (Mertens
et al., 2017) or temporal network approach (Blanchard
et al., 2022), respectively, that could reveal temporal predic-
tions closer to causality. Likewise, future research would
benefit from applying different data-driven models, such
as latent growth mixture modeling or latent class growth
analysis (Shevlin et al., 2023). Also, addressing the lack of
information on COVID-19–related stressors in the current
study (e.g., the degree of exposure, having been infected,
having lost a loved one) may help future researchers
to contextualize these findings within a traumatic stress
perspective (see Shevlin et al., 2020, for further discussion).
Finally, this study should be considered exploratory, and

the networks of the response patterns were estimated only
from symptoms of anxiety and depression. Future research
replicating these findings, as well as examining other rele-
vant aspects thatmight be implicated in resilient responses
(e.g., personality, socioeconomic and demographic fac-
tors, community characteristics, lifetime trauma history,
or past and current stressors; Bonanno, 2021; Chen &
Bonanno, 2020; van der Wal et al., 2021), is needed. Apply-
ing novel metrics proposed to study risk and protective
factors thatmight affect the resilience of the network, such
as expected symptoms activity and symptoms activity sta-
bility (Lunansky et al., 2021), would be extremely useful to
gain knowledge to predict resilient responses over time.
Several strengths stand out. We adopted an Open Sci-

ence Practice (OSF) perspective and preregistered the
study on the OSF. Also, to encourage replicability, all the
materials, such as data and scripts, have been included
as part of the Supplementary Materials. Furthermore, we
followed the current theoretical perspective, which incor-
porates the combination of two core aspects (i.e., the
presence or absence of distress and symptom stability over
time) when defining resilience, which might overcome
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12 CONTRERAS et al.

the limitations of previous conceptualizations (Denckla
et al., 2020). Moreover, the data analyzed in this study
are diverse and nationally representative of the four coun-
tries involved. In addition, the application of the network
approach allowed us to adopt a symptom-level perspec-
tive, providing a fine-grained picture of the component-
to-component association within and between the four
mental health response patterns which, ultimately, may
be useful in identifying potential indicators associated
with resiliency and other psychological responses to PTEs.
Finally, following recommendations in the field (Espkamp
et al., 2018), we applied several approaches to test the
robustness of our analysis (see Supplementary Materials).
To conclude, this is the first study to examine four

types of psychological response patterns during the pan-
demic at the symptom level using a network approach.
Although these findings are preliminary, the present study
suggests that higher levels of network connectivity may be
a predictor of stable responses, regardless of the level of
distress, whereas fewer clusters might be a feature charac-
terizing long-term distress. This analytic strategy afforded
the opportunity to identify differences in these distinct
response patterns of anxiety and depression, which, if
replicated, may help researchers and clinicians to better
understand the onset, maintenance, and course of psycho-
logical distress during a time of great uncertainty and, in
the long-term, how best to intervene and treat such dis-
tress. If replicated, these results could assist with the early
identification of different psychological response patterns
through the examination of symptom configurations and,
therefore, may contribute to public mental health policies.
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Gambin, M., Oleksy, T., Sȩkowski, M., Wnuk, A., Woźniak-Prus,

M., Kmita, G., Holas, P., Pisula, E., Łojek, E., Hansen, K.,

Gorgol, J., Kubicka, K., Huflejt-ŁUkasik, M., Cudo, A., Łyś,

A. E., Szczepaniak, A., & Bonanno, G. A. (2021). Pandemic

trajectories of depressive and anxiety symptoms and their predic-

tors: Five-wave study during the COVID-19 pandemic in Poland.

Psychological Medicine, 53(9), 429–4293. https://doi.org/10.1017/

S0033291721005420

García-Campayo, J., Zamorano, E., Ruiz, M. A., Pardo, A., Pérez-

Páramo, M., López-Gómez, V., Freire, O., & Rejas, J. (2010).

Cultural adaptation into Spanish of the Generalized Anxiety

Disorder–7 (GAD-7) scale as a screening tool. Health and Quality

of Life Outcomes, 8(1), 8. https://doi.org/10.1186/1477-7525-8-8

Gibson-Miller, J., Zavlis, O., Hartman, T. K., Bennett, K. M., Butter,

S., Levita, L., Martinez, A. P., Mason, L., McBride, O., McKay, R.,

Murphy, J., Shevlin, M., Stocks, T. V. A., & Bentall, R. P. (2022). A

network approach to understanding social distancing behaviour

during the first UK lockdown of the COVID-19 pandemic. Psy-

chology and Health, Advance online publication. https://doi.org/

10.1080/08870446.2022.2057497

Golino, H. F., & Epskamp, S. (2017). Exploratory graph analysis: A

new approach for estimating the number of dimensions in psy-

chological research. PloS one, 12(6), Article e0174035. https://doi.

org/10.1371/journal.pone.0174035

Groen, R. N.,Wichers,M.,Wigman, J. T.W., &Hartman, C. A. (2019).

Specificity of psychopathology across levels of severity: A transdi-

agnostic network analysis. Scientific Reports, 9(1), 1–10. https://doi.

org/10.1038/s41598-019-54801-y

Hinz, A., Klein, A. M., Brähler, E., Glaesmer, H., Luck, T., Riedel-

Heller, S. G., Wirkner, K., & Hilbert, A. (2017). Psychometric

evaluation of the Generalized Anxiety Disorder Screener GAD–

7, based on a large German general population sample. Journal of

AffectiveDisorders, 210, 338–344. https://doi.org/10.1016/j.jad.2016.

12.012

Kalisch, R., Cramer, A. O. J., Binder, H., Fritz, J., Leertouwer, Ij.,

Lunansky, G., Meyer, B., Timmer, J., Veer, I. M., & van Harmelen,

A. L. (2019). Deconstructing and reconstructing resilience: A

dynamic network approach. Perspectives on Psychological Science,

14(5), 765–777. https://doi.org/10.1177/1745691619855637

Kimhi, S., Eshel, Y., Marciano, H., Adini, B., & Bonanno, G. A.

(2021). Trajectories of depression and anxiety during COVID-

19 associations with religion, income, and economic difficulties.

Journal of Psychiatric Research, 144, 389–396. https://doi.org/10.

1016/j.jpsychires.2021.10.043

Kroenke, K., Spitzer, R. L., & Williams, J. B. (2001). The PHQ-9:

Validity of a brief depression severity measure. Journal of General

Internal Medicine, 16(9), 606–613. https://doi.org/10.1046/j.1525-

1497.2001.016009606.x

Lamela, D., Soreira, C., Matos, P., & Morais, A. (2020). Systematic

review of the factor structure and measurement invariance of

the Patient Health Questionnaire-9 (PHQ-9) and validation of the

Portuguese version in community settings. Journal of Affective

Disorders, 276, 220–233. https://doi.org/10.1016/j.jad.2020.06.066

Lunansky, G., van Borkulo, C. D., Haslbeck, J. M. B., van der Linden,

M. A., Garay, C. J., Etchevers, M. J., & Borsboom, D. (2021). The

 1
5

7
3

6
5

9
8

, 0
, D

o
w

n
lo

ad
ed

 fro
m

 h
ttp

s://o
n

lin
elib

rary
.w

iley
.co

m
/d

o
i/1

0
.1

0
0

2
/jts.2

2
9

8
8

 b
y

 U
n

iv
ersity

 O
f S

h
effield

, W
iley

 O
n
lin

e L
ib

rary
 o

n
 [2

3
/1

1
/2

0
2
3
]. S

ee th
e T

erm
s an

d
 C

o
n
d
itio

n
s (h

ttp
s://o

n
lin

elib
rary

.w
iley

.co
m

/term
s-an

d
-co

n
d
itio

n
s) o

n
 W

iley
 O

n
lin

e L
ib

rary
 fo

r ru
les o

f u
se; O

A
 articles are g

o
v

ern
ed

 b
y

 th
e ap

p
licab

le C
reativ

e C
o

m
m

o
n

s L
icen

se



14 CONTRERAS et al.

mental health ecosystem: Extending symptom networks with risk

and protective factors. Frontiers in Psychiatry, 12, Article 640658.

https://doi.org/10.3389/fpsyt.2021.640658

Manea, L., Gilbody, S., & McMillan, D. (2012). Optimal cut-off score

for diagnosing depression with the Patient Health Questionnaire

(PHQ-9): Ameta-analysis. CanadianMedical Association Journal,

184(3), E191–E196. https://doi.org/10.1503/cmaj.110829

McBride, O., Butter, S., Murphy, J., Shevlin, M., Hartman, T. K.,

Hyland, P., . . . & Bentall, R. P. (2021). Context, design and conduct

of the longitudinal COVID-19 psychological research consor-

tium study-wave 3. International journal of methods in psychiatric

research, 30(3), e1880.

McBride, O., Butter, S., Hartman, T. K., Murphy, J., Hyland, P.,

Shevlin, M., . . . & Bentall, R. P. (2021). Sharing data to better

understand one of theworld’smost significant shared experiences:

Data resource profile of the longitudinal COVID-19 Psychologi-

cal Research Consortium (C19PRC) Study. International Journal

of Population Data Science, 5(4), Article 1704. https://doi.org/10.

23889/ijpds.v5i4.1704

McGlinchey, E., Kirby, K., McElroy, E., & Murphy, J. (2021). The

role of emotional regulation in anxiety and depression symp-

tom interplay and expression among adolescent females. Journal

of Psychopathology and Behavioral Assessment, 43(4), 854–868.

https://doi.org/10.1007/s10862-021-09883-2

McGorry, P., & Van Os, J. (2013). Redeeming diagnosis in psychiatry:

Timing versus specificity. The Lancet, 381(9863), 343–345. https://

doi.org/10.1016/S0140-6736(12)61268-9

McNally, R. J. (2016). Can network analysis transform psychopathol-

ogy? Behaviour Research and Therapy, 86, 95–104. https://doi.org/

10.1016/j.brat.2016.06.006

Mertens, W., Pugliese, A., & Recker, J. (2017). Analyzing longitudinal

and panel data. In Quantitative data analysis (pp. 73–98). Cham:

Springer. https://doi.org/10.1007/978-3-319-42700-3_6

Newman, M. E. J., & Girvan, M. (2004). Finding and evaluating com-

munity structure in networks. Physical Review E, 69(2), Article

026113. https://doi.org/10.1103/PhysRevE.69.026113

Pierce, M., McManus, S., Hope, H., Hotopf, M., Ford, T., Hatch,

S. L., John, A., Kontopantelis, E., Webb, R. T., Wessely, S., &

Abel, K. M. (2021). Mental health responses to the COVID-19 pan-

demic: A latent class trajectory analysis using longitudinal UK

data. The Lancet Psychiatry, 8(7), 610–619. https://doi.org/10.1016/

S2215-0366(21)00151-6

Pons, P., & Latapy, M. (2005). Computing communities in large

networks using random walks. In Computer and information

sciences–ISCIS 2005: 20th International Symposium, Istanbul,

Turkey,October 26–28, 2005. Proceedings 20 (pp. 284–293). Springer

Berlin Heidelberg. https://doi.org/10.1007/11569596_31

Robinaugh, D. J., Hoekstra, R. H. A., Toner, E. R., & Borsboom,

D. (2019). The network approach to psychopathology: A review

of the literature 2008–2018 and an agenda for future research.

Psychological Medicine, 50(3), 353–366. https://doi.org/10.1017/

S0033291719003404

Samuelson, K. W., Dixon, K., Jordan, J. T., Powers, T., Sonderman,

S., & Brickman, S. (2022). Mental health and resilience during

the coronavirus pandemic: Amachine learning approach. Journal

of Clinical Psychology, 78(5), 821–846. https://doi.org/10.1002/jclp.

23254

Santomauro, D. F., Herrera, A. M. M., Shadid, J., Zheng, P.,

Ashbaugh, C., Pigott, D. M., & Abbafati, C. (2021). Global preva-

lence and burden of depressive and anxiety disorders in 204

countries and territories in 2020 due to the COVID-19 pandemic.

The Lancet, 398(10312), 1700–1712. https://doi.org/10.1016/S0140-

6736(21)02143-7

Scheffer, M., Bolhuis, J. E., Borsboom, D., Buchman, T. G., Gijzel,

S. M., Goulson, D., Kammenga, J. E., Kemp, B., van de Leemput,

I., Levin, S., Martin, C. M., Melis, R. J. F., van Nes, E. H.,

Romero, L. M., & Olde Rikkert, M. G. (2018). Quantifying

resilience of humans and other animals. Proceedings of the

National Academy of Sciences, 115(47), 11883–11890. https://doi.

org/10.1073/pnas.1810630115

Shevlin, M., Butter, S., McBride, O., Murphy, J., Gibson-Miller,

J., Hartman, T. K., Levita, L., Mason, L., Martinez, A. P.,

McKay, R., Stocks, T. V. A., Bennett, K., Hyland, P., & Bentall,

R. P. (2023). Refuting the myth of a “tsunami” of mental

ill-health in populations affected by COVID-19: Evidence that

response to the pandemic is heterogeneous, not homogeneous.

Psychological Medicine, 53(2), 429–437. https://doi.org/10.1017/

S0033291721001665

Shevlin, M., Butter, S., McBride, O., Murphy, J., Gibson-Miller, J.,

Hartman, T. K., Levita, L., Mason, L., Martinez, A. P., McKay,

R., Stocks, T. V. A., Bennett, K. M., Hyland, P., Vallieres, F.,

& Bentall, R. P. (2021). Psychological responses to the COVID-

19 pandemic are heterogeneous but have stabilised over time:

One year longitudinal follow-up of the COVID-19 Psychologi-

cal Research Consortium (C19PRC) study. Psychological Medicine,

53(7), 3245–3247. https://doi.org/10.1017/S0033291721004025

Shevlin, M., Butter, S., McBride, O., Murphy, J., Gibson-Miller, J.,

Hartman, T. K., Levita, L., Mason, L., Martinez, A. P., McKay,

R., Stocks, T. V. A., Bennett, K. M., Hyland, P., Vallieres, F.,

Valiente, C., Vazquez, C., Contredas, A., Peinado, V., Tucharte, A.,

. . . Bentall, R. P. (2022). Measurement invariance of the Patient

Health Questionnaire (PHQ-9) and Generalized Anxiety Disorder

Scale (GAD-7) across four European countries during the COVID-

19 pandemic. BMC Psychiatry, 22(1), 154. https://doi.org/10.1186/

S12888-022-03787-5

Shevlin, M., Hyland, P., & Karatzias, T. (2020). Is posttraumatic stress

disorder meaningful in the context of the COVID-19 pandemic?

A response to Van Overmeire’s commentary on Karatzias et al

(2020). Journal of Traumatic Stress, 33(5), 866–868. https://doi.org/

10.1002/jts.22592

Smith, N. R., Zivich, P. N., Frerichs, L. M., Moody, J., & Aiello, A. E.

(2020). A guide for choosing community detection algorithms in

social network studies: The question alignment approach. Ameri-

can Journal of Preventive Medicine, 59(4), 597–605. https://doi.org/

10.1016/j.amepre.2020.04.015

Southwick, S. M., Bonanno, G. A., Masten, A. S., Panter-Brick, C., &

Yehuda, R. (2014). Resilience definitions, theory, and challenges:

Interdisciplinary perspectives.European Journal of Psychotrauma-

tology, 5(1), Article 25338. https://doi.org/10.3402/ejpt.v5.25338

Southwick, S. M., Pietrzak, R. H., Tsai, J., Krystal, J. H., & Charney,

D. (2015). Resilience: an update. PTSD Research Quarterly, 25(4),

1–10. https://www.ptsd.va.gov/publications/rq_docs/V25N4.pdf

Spitzer, R. L., Kroenke, K., Williams, J. B. W., & Löwe, B. (2006).

A brief measure for assessing generalized anxiety disorder: The

GAD-7. Archives of Internal Medicine, 166(10), 1092–1097. https://

doi.org/10.1001/archinte.166.10.1092

Taylor, S. (2020). Anxiety disorders, climate change, and the chal-

lenges ahead: Introduction to the special issue. Journal of Anxi-

 1
5

7
3

6
5

9
8

, 0
, D

o
w

n
lo

ad
ed

 fro
m

 h
ttp

s://o
n

lin
elib

rary
.w

iley
.co

m
/d

o
i/1

0
.1

0
0

2
/jts.2

2
9

8
8

 b
y

 U
n

iv
ersity

 O
f S

h
effield

, W
iley

 O
n
lin

e L
ib

rary
 o

n
 [2

3
/1

1
/2

0
2
3
]. S

ee th
e T

erm
s an

d
 C

o
n
d
itio

n
s (h

ttp
s://o

n
lin

elib
rary

.w
iley

.co
m

/term
s-an

d
-co

n
d
itio

n
s) o

n
 W

iley
 O

n
lin

e L
ib

rary
 fo

r ru
les o

f u
se; O

A
 articles are g

o
v

ern
ed

 b
y

 th
e ap

p
licab

le C
reativ

e C
o

m
m

o
n

s L
icen

se



NETWORK STRUCTURE OF COVID-19 RESILIENT RESPONSES 15

ety Disorders, 76, Article 102313. https://doi.org/10.1016/j.janxdis.

2020.102313

Terluin, B., De Boer, M. R., & De Vet, H. C. W. (2016). Differ-

ences in connection strength between mental symptoms might

be explained by differences in variance: Reanalysis of network

data did not confirm staging. PLoS ONE, 11(11), Article e0155205.

https://doi.org/10.1371/journal.pone.0155205

Valiente, C., Vázquez, C., Contreras, A., Peinado, V., & Trucharte, A.

(2021). A symptom-based definition of resilience in times of pan-

demics: Patterns of psychological responses over time and their

predictors. European Journal of Psychotraumatology, 12(1), Article

1871555. https://doi.org/10.1080/20008198.2020.1871555

van Borkulo, C. D. (2018). Appendix E: A tutorial on R pack-

age NetworkComparisonTest (NCT). In Symptom network models

in depression research: From methodological exploration to clin-

ical application [Unpublished thesis, University of Groningen].

https://cvborkulo.files.wordpress.com/2017/06/ncttutorial.pdf

van Borkulo, C., Boschloo, L., Borsboom, D., Penninx, B. W.,

Waldorp, L. J., & Schoevers, R. A. (2015). Association of symptom

network structure with the course of depression. JAMA psychiatry

, 72(12), 1219–1226. https://doi.org/10.1001/jamapsychiatry.2015.

2079

van der Wal, J. M., van Borkulo, C. D., Deserno, M. K., Breedvelt,

J. J. F., Lees, M., Lokman, J. C., Borsboom, D., Denys, D., van

Holst, R. J., Smidt, M. P., Stronks, K., Lucassen, P. J., van Weert,

J. C. M., Sloot, P. M. A., Bockting, C. L., & Wiers, R. W. (2021).

Advancing urbanmental health research: from complexity science

to actionable targets for intervention. The Lancet Psychiatry, 8(11),

991–1000. https://doi.org/10.1016/S2215-0366(21)00047-X

Van Os, J. (2013). The dynamics of subthreshold psychopathology:

Implications for diagnosis and treatment.TheAmerican Journal of

Psychiatry, 170(7), 695–698. https://doi.org/10.1176/appi.ajp.2013.

13040474

Williamson, R. E., Hoeboer, C. M., Primasari, I., Qing, Y., Coimbra,

B. M., Hovnanyan, A., Grace, E., & Olff, M. (2021). Symptom

networks of COVID-19-related versus other potentially traumatic

events in a global sample. Journal of Anxiety Disorders, 84, Article

102476. https://doi.org/10.1016/j.janxdis.2021.102476

Zavlis, O., Butter, S., Bennett, K., Hartman, T. K., Hyland, P., Mason,

L., McBride, O., Murphy, J., Gibson-Miller, J., Levita, L., Martinez,

A. P., Shevlin, M., Stocks, T. V. A., Vallières, F., & Bentall, R.

P. (2021). How does the COVID-19 pandemic impact on popula-

tion mental health? A network analysis of COVID influences on

depression, anxiety and traumatic stress in the UK population.

Psychological Medicine, Advance online publication. https://doi.

org/10.1017/S0033291721000635

SUPPORT ING INFORMATION

Additional supporting information can be found online
in the Supporting Information section at the end of this
article.

How to cite this article: Contreras, A., Butter, S.,
Granziol, U., Panzeri, A., Peinado, V., Trucharte, A.,
Zavlis, O., Valiente, C., Vázquez, C., Murphy, J.,
Bertamini, M., Shevlin, M., Hartman, T. K., Bruno,
G., Mignemi, G., Spoto, A., Vidotto, G., & Bentall,
R. P. (2023). The network structure of
psychopathological and resilient responses to the
pandemic: A multicountry general population
study of depression and anxiety. Journal of
Traumatic Stress, 1–15.
https://doi.org/10.1002/jts.22988

 1
5

7
3

6
5

9
8

, 0
, D

o
w

n
lo

ad
ed

 fro
m

 h
ttp

s://o
n

lin
elib

rary
.w

iley
.co

m
/d

o
i/1

0
.1

0
0

2
/jts.2

2
9

8
8

 b
y

 U
n

iv
ersity

 O
f S

h
effield

, W
iley

 O
n
lin

e L
ib

rary
 o

n
 [2

3
/1

1
/2

0
2
3
]. S

ee th
e T

erm
s an

d
 C

o
n
d
itio

n
s (h

ttp
s://o

n
lin

elib
rary

.w
iley

.co
m

/term
s-an

d
-co

n
d
itio

n
s) o

n
 W

iley
 O

n
lin

e L
ib

rary
 fo

r ru
les o

f u
se; O

A
 articles are g

o
v

ern
ed

 b
y

 th
e ap

p
licab

le C
reativ

e C
o

m
m

o
n

s L
icen

se


	The network structure of psychopathological and resilient responses to the pandemic: A multicountry general population study of depression and anxiety
	Abstract
	METHOD
	Participants
	Procedure
	Measures
	Depressive symptoms
	Anxiety symptoms
	COVID-19 anxiety

	Data analysis
	Psychological responses during the pandemic categorization
	Validation of patterns of response categories with levels of impairment
	Network estimation and visualization
	Supplementary analyses


	RESULTS
	Does network connectivity vary as a function of resilience?
	Does psychopathology symptom clustering vary as a function of resilience?

	DISCUSSION
	OPEN PRACTICES STATEMENT
	AUTHOR NOTE
	OPEN RESEARCH BADGES

	ORCID
	REFERENCES
	SUPPORTING INFORMATION


