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Abstract

The dynamic interaction between depressive symptoms, mechanisms proposed in the metacognitive-therapy model,
and loneliness across a 9-month period was investigated. Four data waves 2 months apart were delivered by a
representative population sample of 4,361 participants during the COVID-19 pandemic in Norway. Networks were
estimated using the newly developed panel graphical vector-autoregression method. In the temporal network, use
of substance to cope with negative feelings or thoughts positively predicted threat monitoring and depressed mood.
In turn, threat monitoring positively predicted suicidal ideation. Metacognitive beliefs that thoughts and feelings are
dangerous positively predicted anhedonia. Suicidal ideation positively predicted sleep problems and worthlessness.
Loneliness was positively predicted by depressed mood. In turn, more loneliness predicted more control of emotions.
The findings point at the theory-derived variables, threat monitoring, beliefs that thoughts and feelings are dangerous,
and use of substance to cope, as potential targets for intervention to alleviate long-term depressive symptoms.
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differ across timescales. On an hour-to-hour timescale,
anhedonia has been shown to be the most influential

Depressive disorders are distressing and impairing and
represent some of the most prevalent mental-health

problems. They represent the second leading cause of
global health burden (GBD 2017 Disease and Injury
Incidence and Prevalence Collaborators, 2018). Depres-
sion can be defined as an emotional state that spans
minutes to days, given that mood episodes can persist
over weeks and months, and as part of people’s per-
sonalities (Jeronimus, 2019). The moment-to-moment
dynamics of thoughts, feelings, actions, and bodily
reactions in the fluctuating depressed emotions and the
more enduring depressed mood may develop and sta-
bilize into a disorder condition (Hayes & Andrews,
2020). The relationship between these components may

on other symptoms (Bos et al., 2018), whereas changes
in positive mood, hopelessness, anger, and irritability
have been shown to activate other symptoms most
often on a daily level (Fisher et al., 2017). However, on
a weekly level, anhedonia has again been shown to be
most influential (Bringmann et al., 2015).
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Models of depression underlying effective therapies
may be useful in explaining the relationship between
symptoms. Moreover, therapy models give access to
individual-level interventions aimed at alleviating symp-
toms and disorders. Metacognitive therapy (MCT; Wells,
2009) has shown promising outcomes: A recent meta-
analysis indicated that MCT was superior to both wait-
list and cognitive-behavioral therapy for anxiety and
depression (Normann & Morina, 2018). The mechanistic
processes proposed in the MCT model have also
received some support (Hoffart et al., 2018; Johnson
et al., 2018).

A core principle of MCT is that psychological disor-
der is linked to the activation of a particular maladap-
tive style of thinking referred to as the “cognitive
attentional syndrome” (CAS; Wells, 2009). The CAS
seems especially relevant for explaining depressed
mood and consists of cognitive perseveration, a think-
ing style that includes worry or rumination, attentional
focusing on threat, and unhelpful coping behaviors that
have counterproductive consequences (e.g., thought
suppression, situational avoidance). “Maladaptive cop-
ing strategies” is used as a collective term for these
processes. The CAS is assumed to be a common path-
way to several psychological disorders, with specific
features related to specific disorders. In depression,
rumination is theorized to be driven by the individual’s
aim of understanding the reasons for the depressed
mood and working out ways to feel better (Wells, 2009,
p. 14). However, this persevering cognitive process may
maintain uncertainty and increase sadness and hope-
lessness because of its negative focus and because its
seeking answers to questions that often have no single
and identifiable answer. Other typical processes include
worry about the future of depressive symptoms and
threat monitoring of depressive symptoms. As a way of
coping with low energy, many depressed individuals
reduce activities and avoid social contact to rest, hoping
that this will lead to recovery over time. Threat moni-
toring may further be related to the observed inactivity
of patients, who gradually and increasingly isolate
themselves from perceived threatening events. The CAS
is conceptualized as arising from metacognitive knowl-
edge and beliefs. Two categories of beliefs are impor-
tant: positive beliefs about the need to engage in
aspects of the CAS (e.g., “Worrying helps me cope”)
and negative beliefs about the uncontrollability and
dangerousness of thoughts and feelings (e.g., “Worrying
too much could harm me”). In addition to these mecha-
nistic processes, loneliness is a psychological state that
may affect and be affected by depressive symptoms
(Fried et al., 2015). Moreover, the mechanistic process
of rumination has been proposed to lead to reduced

social support and more loneliness (Nolen-Hoeksema
et al., 2008).

Note that the MCT model of depression takes the
form of a mechanistic-cluster theory (Hoffart & Johnson,
2020; Kendler et al., 2011). That is, mechanistic pro-
cesses and symptoms strongly interact and amplify each
other (e.g., feeling down elicits rumination, which, in
turn, reinforces the feeling), and these patterns of inter-
actions explain the co-occurrence of symptoms and
thus why they present as a disorder. The cluster struc-
ture of the MCT model makes it amenable to network-
analytic techniques that focus on the patterns of
interaction of components of phenomena (Borshoom
et al., 2021; Epskamp, 2020). Components (e.g., psy-
chological processes, symptoms) are considered to have
different roles in the network they constitute. For
instance, the MCT model proposes that rumination is a
particularly important predictor in the depression net-
work, that is, it is strongly predictive of depressive-
symptom components. The network approach to
depression differs from the one traditionally used, in
which the global level of depressive disorder is
addressed as a latent entity and not the individual
depressive symptoms (Borsboom, 2008).

Note that mechanistic relationships concern covari-
ance between mechanistic variables and symptoms
within persons. Investigating dynamic within-persons
processes necessitates a collection of longitudinal data
in which potential mechanisms and symptoms are
repeatedly measured. A few studies have examined the
within-persons dynamics between depressive symp-
toms, loneliness, and CAS variables. During the COVID-
19 outbreak, ecological momentary assessment was
used to follow students four times per day in a fortnight
period (Fried et al., 2021). In the estimated temporal
network, vicious cycles between loneliness and depres-
sive symptoms (anhedonia, hopelessness) were
revealed. In a population study by our group (Ebrahimi,
Burger, et al., 2021), participants completed measures
daily for 40 days. In the estimated within-days (con-
temporaneous) network, rumination and depressed
mood were strongly associated, as were loneliness and
the symptoms depressed mood and anhedonia. In the
across-days (temporal) network, however, daily expe-
rienced rumination was unrelated to depressive symp-
toms and loneliness the next day, whereas loneliness
predicted next-day depressed mood. Finally, in a study
of remitted depressed patients, measures were collected
six times a day for 7 days, and although rumination and
depressive symptoms were strongly related in the con-
temporaneous network, these variables were unrelated
in the temporal network on this within-days timescale
(Hoorelbeke et al., 2019).



Clinical Psychological Science 12(5)

905

These studies assessing fine-grained measures on a
daily or hourly timescale need to be complemented by
studies on larger timescales, particularly because psy-
chopathological processes and symptoms surpass over
longer periods of time (American Psychiatric Association
[APA], 2013). However, within-persons network dynam-
ics on a monthly or yearly level have been difficult to
study because of the lack of suitable analytic methods
(Epskamp, 2020). Recently, a new method for estimat-
ing networks from panel data, that is, the panel graphi-
cal vector-autoregression (panelgvar; Epskamp, 2020)
was introduced to fill this analytic gap in the literature,
allowing the mapping of dynamic relationships between
psychological phenomena on larger timescales.

In the present study, we aimed to use a panel-
network analytic approach to investigate the dynamic
interaction between symptoms of depression, its theo-
rized mechanisms, and loneliness in a population sam-
ple across a 9-month period during the COVID-19
pandemic. The main research questions addressed (a)
what the patterns of interaction between depressive
symptoms are; (b) how these symptom interactions are
tied to CAS processes (i.e., mechanistic variables),
which are theorized to be related to depressive symp-
toms; and (c¢) how the state of loneliness interacts with
the depressive symptoms and the CAS processes.

Transparency and Openness

The study is part of the Mental Health and Adherence
Project (MAP-19; Ebrahimi, Hoffart, & Johnson, 2021),
which was preregistered before any data collection at
ClinicalTrials.gov (identifier NCT04444505).

We report how we determined our sample size, all
data exclusions, and all measures in the study. Mostly
new data are analyzed. Patient Health Questionnaire-9
(PHQ-9) depression sum scores (but not PHQ-9 item
scores, as in the present study) in the first two of the
four waves were published previously (Ebrahimi et al.,
2022). Some overlapping material (six items of the
Cognitive-Attentional Syndrome-1 [CAS-1] measure)
from the same data set was used in a panel-network
study of PTSD symptoms and mechanisms (Freichel
et al., in press). The use of PHQ-9 items, loneliness,
and CAS-1 uncontrollability beliefs and dangerousness
beliefs is new.

Our received ethical approval from the Norwegian
Centre for Research Data (NSD) precludes submission
of raw data to public repositories. Access to the data
can be granted from the principal investigators, O. V.
Ebrahimi and S. Urnes Johnson, following ethical
approval of a suggested project plan for the use of data
granted by NSD and Regional Committee for Medical
and Health Research Ethics.

The study was carried out in accordance with the
provisions of the World Medical Association Declaration
of Helsinkiand was ethically approved by the Regional
Committee for Medical and Health Research Ethics
South East Norway (reference: 125510) and the NSD
(reference: 802810). Digital informed consent was
obtained from all participants before completing the
questionnaire.

Method
Study design

The sample consists of participants from the Norwegian
COVID-19 MAP-19, a longitudinal survey of the general
Norwegian population throughout the COVID-19 pan-
demic (Ebrahimi, Hoffart, & Johnson, 2021).

For the present study, data from the fifth to the
eighth assessment waves of the MAP-19 survey were
specifically chosen because their temporal distance sat-
isfies the statistical assumption of equidistant measures
in panel-network models (Epskamp, 2020). The assess-
ment period spanned from May 8, 2021 (start of fifth
wave), to January 14, 2022 (end of eighth wave); for
details of the assessment waves, see the Supplemental
Material available online.

Population, recruitment,
and procedure

The targeted population for the MAP-19 was adults (age
> 18 years) living in Norway across the period of assess-
ment. Most of the sample (70%) was obtained using a
Facebook Business algorithm, which proportionally tar-
geted each geographic region according to its relative
size. In addition, participants were recruited through a
systematic dissemination of the survey via national,
regional, and local information platforms (i.e., television,
radio, and newspapers). This procedure is explained in
detail elsewhere (Ebrahimi, Hoffart, & Johnson, 2021).
A total of 10,061 adults enrolled in the study. The same
participants were recontacted at each assessment.

A stratified representative sample of adults was
extracted from the total sample to ensure an even dis-
tribution of key demographic characteristics (e.g., equal
distribution of sex, education). Out of the representa-
tive subsample of 4,361, 1,811 participants responded
at the fifth wave (Time 1 [T1]), 1,405 responded at the
sixth wave (Time 2 [T2]), 1,426 responded at the sev-
enth wave (Time 3 [T3]), and 1,110 responded at the
eighth wave (Time 4). For the assessment intervals, the
strictness of the social distancing protocols, the date of
their implementation, and the mean daily infection rate
in the intervals, see the Supplemental Material.



906

Holfart et al.

Measures

In addition to questions about sociodemographic char-
acteristics, participants were asked whether they cur-
rently received treatment for depressive symptoms.

To assess depressive-symptom experience over a
longer timescale further matching the timescale of
depressive symptoms in the fifth edition of the
Diagnostic and Statistical Manual of Mental Disorders
(DSM-5; APA, 2013), the PHQ-9 (Kroenke et al., 2001)
was used. The PHQ-9 consists of nine items covering
the DSM-5 criteria for major depression (APA, 2013),
and the respondents are asked to rate each symptom
based on the previous 2 weeks. The items are scored
on a 4-point Likert scale ranging from 0 (not at all) to
3 (almost every day). For this study, each symptom was
included as a separate variable in the analysis.

To measure longer-term tendences of maladaptive
coping strategies and cognitive-affective processes
(e.g., substance use; worry), the CAS-1 (Wells, 2009)
was used. This is a 16-item instrument measuring CAS
activation during the last week. The first eight items
assess maladaptive coping strategies to deal with nega-
tive feelings or thoughts. The following six strategies
were included in the networks: worry/rumination,
threat monitoring, situational avoidance, thought sup-
pression, substance use, and controlling emotions.
Worry/rumination and threat monitoring are rated on
scales from 0 to 8 in terms of the amount of time used;
the other coping activities (all specified below) are
rated on scales from 0 to 8 in terms of frequencies.

The next eight items measure negative and positive
metacognitive beliefs. The subjects rated the degree of
conviction in each of them on scales from 0 to 100. The
following negative metacognitive beliefs are included:
“worry is harmful,” “strong emotions are dangerous,”
“my thoughts are uncontrollable,” and “some thoughts
could make me lose my mind.” The items for these
beliefs were combined in two sum scores, that is, dan-
gerousness beliefs and uncontrollability beliefs, and
these sum scores were included in the networks.

The items measuring the positive metacognitive
beliefs “worrying helps me cope,” “focusing on threat
keeps me safe,” “controlling thoughts is important,” and
“analyzing my problems T will find answers” were
included as a sum score in the network. Confirmatory
factor analysis has supported the proposed three-factor
solution of the measure, and the factors have demon-
strated good internal consistency, convergent validity,
incremental validity, stability, and discriminative validity
(Nordahl & Wells, 2019). In the present sample, mean
Cronbach’s as across the four assessments were .58 for
dangerousness beliefs, .63 for uncontrollability beliefs,
and .68 for positive metacognitive beliefs.

Participants reported the extent they experienced
loneliness using the UCLA Loneliness Scale-8 (ULS-8;
Hays & DiMatteo, 1987), which measures the frequency
of different components of loneliness for an unspecified
time interval on a 4-point Likert scale ranging from 1
(never) to 4 (often). This measure was included as a sum
score to represent overall loneliness in the network.

Statistical Analyses

The graphical vector autoregressive (GVAR) model was
used to estimate networks from the panel data (panel-
gvar; Epskamp, 2020). Such GVAR models separate (a)
a temporal network that represents the average within-
persons relationships between the variables from one
time period to the next, controlled for each other; (b)
a contemporaneous network that represents the aver-
age within-persons associations between the variables
within the same time period, controlled for each other
and the temporal effects; and (¢) a between-persons
network that represents the associations between the
person-means on the variables, given the person-means
on the other variables (Epskamp, Waldorp, et al., 2018).
First, the data were detrended for possible linear, qua-
dratic, and cubic effects of time and standardized across
waves to facilitate stationarity. Because of a close to
4-month time interval between T2 and T3, a dummy
(i.e., empty) wave was inserted between these waves
to adhere to the assumption of equidistant measure-
ments. This allows a consistent estimation of the
2-month time lag without the need to add or impute
any data and maximizes the use of already collected
data (i.e., through maximum likelihood estimation).

Note that GVAR models use full information maxi-
mum likelihood estimation, which assumes that data
are missing at random (MAR; Schafer & Graham, 2002).
For the data of the six first assessments of the MAP-19,
two of them overlapping with assessments waves used
in the present substudy and extensive analyses, includ-
ing comparisons between completers and noncom-
pleters at each wave, suggested no problematic patterns
of missingness regarding the MAR assumption (Ebrahimi
et al., 2022).

The model fit was evaluated according to several
model fit statistics (root mean square error of approxi-
mation [RMSEA], comparative fit index [CFI], and
Tucker-Lewis index [TLI]). Because panel-network mod-
els are based on new techniques, no established criteria
exist for evaluating fit in such models. Although not
fully comparable, guidelines available from structural
equation models (i.e., CFI > .90, TLI > .90, and RMSEA <
.05) were used (Kline, 2005) as a frame of reference.
The results were also compared with other relevant
applications of the model in the field. The psychonetrics
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package (Epskamp, 2021) was used for model estima-
tion, and network structures were visualized using the
qggraph package (Epskamp et al., 2012) in R (Version
4.1.2; R Core Team, 2013). To make the model robust
against false positives, the estimation method prune ->
stepup was applied (using o = .05). This means that
first, a saturated model with all edges was estimated,
then all nonsignificant edges were removed, and then
all remaining edges were reestimated. Finally, edges
with the largest modification indices were added step-
wise until the Bayesian information criterion could no
longer be improved. Cholesky decomposition was used
to model the between-persons variance—covariance
matrix (Epskamp, 2020).

Dynamic network models have boundaries with
respect to power and model estimation and may include
up to about 30 overall items for four waves of data. To
address this, the constructs dangerousness beliefs,
uncontrollability beliefs, positive metacognitions, and
loneliness were estimated as sum scores rather than as
multiple items to enable model identification.

Centrality indices were derived to further summarize
the network structure (Opsahl et al., 2010). These
parameters indicate how central the position of a node
is in the network. In the temporal network, out-strength
centrality is the sum of all outgoing absolute edge
weights from a node, whereas in-strength centrality is
the sum of all incoming absolute edge weights to a
node. In the contemporaneous network, strength cen-
trality is the sum of all absolute edge weights connected
to a node. Radar plots were used to visualize the dif-
ferent centrality metrics (Ebrahimi, Burger, et al., 2021).

To investigate the precision and consistency of the
findings, bootstrap analyses were performed utilizing the
bootnet package (Epskamp, Borsboom, & Fried, 2018).
The accuracy of the edge weights in the temporal and
contemporaneous networks was evaluated by running
1,500 bootstrap iterations and presenting 95% confidence
intervals. The stability of the node strength estimates was
determined through 1,000 case-dropping bootstrap itera-
tions, wherein up to 75% of participants were excluded.
The stability is quantified by correlation stability coef-
ficients, and this should preferably remain higher than
.50 (Epskamp, Waldorp, et al., 2018). In addition, boot-
strapped difference tests were conducted to compare
edge weights and node strengths, respectively.

Results

Sample characteristics

The age of the 1,811 participants at T1 ranged from 19
to 87 (M = 38.91 years, SD = 15.18), and the gender
distribution of the study was balanced (47.4% female,

52.6% male). Of cultural background, 1,680 (92.8%)
were born in Norway, 94 (5.2%) came from other West-
ern countries (Europe, North America), and 37 (2.0%)
came from non-Western countries. The proportion of
subjects in each education category (10.6% compulsory
school, 40.8% upper secondary high school, 11.6% stu-
dent, 37.0% any university degree) predominantly mir-
rored the Norwegian adult population (e.g., 37.0% in
the sample vs. 35.6% in the population having a uni-
versity degree). However, a smaller proportion of par-
ticipants with compulsory education was represented
(10.6% in the sample vs. 24.2% in the population).
Furthermore, 1,098 (60.6%) reported being married, in
a civil partnership, or in a relationship, and 225 (12.4%)
participants reported having received treatment for
depression during the measurement period of this
study. The prevalence of adults with preexisting psy-
chiatric disorders in this study was 19.6%, representa-
tive of the rate of psychological disorders in the
Norwegian adult population, which ranges between
16.7% and 25.0% (Norwegian Institute of Public Health,
2016). The sample was furthermore geographically rep-
resentative of Norway; the number of participants sam-
pled from each region was proportional to region size.
For the means and standard deviations for the investi-
gated variables across the four time points, see Table
S1 in the Supplemental Material. The proportion of
within-persons variance was equal to or greater than
.25 in all variables except loneliness, which was .18.

Networks

The model-fit statistics (see Table S2 in the Supplemen-
tal Material) indicate that fit was excellent. The network
containing information about the temporal relationships
between the investigated variables is presented in Fig-
ure 1 (for the exact edge weights, see Table S3 in the
Supplemental Material). The directed edges in the tem-
poral network visualize significant connections between
one variable at one time point and the same or another
variable at the consecutive time point (2 months later).
Note that these effects occur at a within-persons level,
which means that the trait-like (between-persons) char-
acteristics are accounted for in the modeling framework
and that the effects should be interpreted as follows:
Deviations from the individual’s expected score (i.e.,
trait score) on one variable predict deviations from that
individual’s expected score on another variable at the
subsequent time point.

Related to our first research question about the inter-
action of symptoms, depressed mood predicted con-
centration problems, which, in turn, predicted
anhedonia. Suicidal ideation predicted sleep problems
and worthlessness.
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Regarding our second research question about the
interaction of CAS processes and symptoms, use of
substance positively predicted depressed mood, threat
monitoring positively predicted suicidal ideation, and
dangerousness beliefs positively predicted anhedonia.
In the direction from depressive symptoms to CAS vari-
ables, anhedonia negatively predicted use of substance
and controlling emotions.

With respect to our third research question about
the role of loneliness, depressed mood positively pre-
dicted loneliness, which, in turn, positively predicted
controlling emotions.

Within the CAS construct, use of substance and
uncontrollability beliefs positively and thought suppres-
sion negatively predicted threat monitoring. Situational
avoidance positively predicted worry.

The bootstrapped difference test of the edge weights
in the temporal network revealed no significant differ-
ences among the edges that were retained after pruning
(see Fig. S1 in the Supplemental MateriaD).

In addition to directed edges between two variables,
several autoregressive effects occurred, reflecting how
well each variable predicts itself over time and thus the
durability and strength of a tendency to maintain itself
over time. Strong (> .15) autoregressive effects were
present for use of substance to cope, uncontrollability
beliefs, and loneliness. Thus, these variables showed
self-sustaining properties over the 2-month intervals.

The radar plot in Figure 2 (left) shows the in-strength
and out-strength estimates for the temporal network.
Anhedonia, depressed mood, uncontrollability beliefs,
and use of substance to cope had relatively high out-
strength centrality, indicating that they predicted other
variables to some extent. Note that the CAS variables
worry, emotion control, and positive metacognitive
beliefs and some of the symptoms had zero out-
strength. Threat monitoring, controlling emotions, and
anhedonia exhibited relatively high in-strength central-
ity, indicating that they were the most predicted by
other variables. On the basis of the bootstrapped con-
fidence intervals, we found that there were no signifi-
cant differences between the out-strength or in-strength
centralities of the nodes (see Figs. S3 and S4 in the
Supplemental Material).

The contemporaneous network in Figure 3 shows
the associations between the within-persons fluctua-
tions on the variables within the same period (for the
exact edge weights, see Table S4 in the Supplemental
Material). Regarding our first research question, the
core symptoms anhedonia and depressed mood
together with worthlessness constituted a strongly con-
nected group, whereas low energy was markedly con-
nected to anhedonia and mediated the relationship
between sleep problems and appetite problems. The

bootstrapped difference test revealed that the edge
between anhedonia and depressed mood was signifi-
cantly stronger than all the other edges, except the one
between worry and threat monitoring (see Fig. S2 in
the Supplemental Material).

Regarding our second question, there were across-
constructs connections between worry/rumination and
the symptoms depressed mood, worthlessness, and
sleep problems and between situational avoidance and
the symptoms depressed mood, anhedonia, and suicidal
ideation. Threat monitoring, use of substance to cope,
and uncontrollability beliefs were connected to the
symptom psychomotor problems. Use of substance was
also connected to suicidal ideation.

Regarding our third question, loneliness was con-
nected to most CAS maladaptive coping strategies and
to the symptoms depressed mood, anhedonia, and
appetite problems. Within the CAS construct, the coping
strategies except use of substance formed one group,
and metacognitive beliefs formed another group. Use
of substance had only weak connections to the other
coping strategies and the metacognitive beliefs. The
edge weights between worry and threat monitoring and
between thought suppression and emotional control
were stronger than most the other edges (see Fig. S2
in the Supplemental Material).

The coping strategy worry/rumination and the symp-
toms depressed mood had stronger centrality than all
the other variables, except anhedonia (see radar plot
in Fig. 2 and results of centrality difference tests in Fig.
S5 in the Supplemental Material). In addition, anhedo-
nia and worthlessness had stronger centrality than most
other variables.

The between-persons network is of secondary inter-
est here and is presented in Fig. S6 in the Supplemental
Material. The centrality stability plots illustrate that the
strength centrality estimates for the temporal network
(see Fig. S7 in the Supplemental Material) exhibit rela-
tively lower stability compared with the contemporane-
ous strength (see Fig. S8 in the Supplemental Material),
which was satisfactory.

Discussion

The main purpose of this study was to examine the
within-persons dynamics between depressive symp-
toms, cognitive and behavioral processes included in
the CAS of the MCT model, and the state of loneliness
on a 2-month timescale. Change in depression may
unfold on different timescales, and it is too early to
have theory-derived hypotheses about the time dura-
tion of specific relationships. However, depression
often lasts over a few months, and recovery begins
within 3 months of onset in two of five individuals with
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major depression (APA, 2013, p. 165). Therefore,
2-month intervals for assessment seems to be a reason-
able starting point for investigating more long-term
relationships. We asked our participants to report the
average level on the variables the last week or fortnight
before each time point, assuming that these levels were
representative of the whole period. Thus, we studied
the dynamics of weekly moods and monthly clinical
and subclinical depressive states rather than the
moment-to-moment interaction of feelings, thoughts,
and behaviors or the minute-to-minute interaction of
emotions (Jeronimus, 2019). However, as shown by
Cramer et al. (2012, pp. 423-424), both the moment-to-
moment (or day-to day) variations and the stable levels
may arise from the same network structure. A change
in a component’s activation threshold, its effect on
other components, or its external environment may
gradually spread throughout the network. These
dynamic processes may unfold faster than the timescale
used in the present study. However, when this gradual
change is slower and occurs across the investigated
2-month periods, predictive relationships between the
period-related stable levels of the components may be
noted.

Predictive relationships

The temporal network maps out these predictive rela-
tionships. Among the depressive symptoms, depressed
mood and anhedonia had high out-strength. Thus, the
findings that anhedonia is influential on an hour-to-
hour (Bos et al., 2018) and weekly (Bringmann et al.,
2015) timescale were replicated here on a 2-month
scale. Depressed mood positively predicted concentra-
tion problems, which, in turn, positively predicted
anhedonia. Suicidal ideation had relatively high out-
strength and positively predicted sleep problems and
worthlessness. Thus, the notion that worthlessness may
lead to suicidal ideation on a short-term timescale was
supplemented by our finding that more suicidal ide-
ation than usual may have the serious long-term asso-
ciation with worthlessness on a 2-month timescale.
Across the CAS and depression constructs, use of
substance to cope with negative feelings or thoughts
had relatively high out-strength. It positively predicted
threat monitoring and depressed mood. Thus, using
more substance to cope with negative feelings or
thoughts over a period may lead to more depressed
mood in the subsequent period, perhaps mediated
through increased regret or remorse. Moreover, more
than usual use of substance to regulate feelings may
have a rebound effect of more anxiety and threat moni-
toring the next period. The findings support theories
that substance use may have long-term effects on

depressive symptoms (Calarco & KayLobo, 2021). They
also parallel findings of a study that used other vari-
ables from the present data collection in which study
substance use to regulate negative feelings or thoughts
was found to predict PTSD symptoms (Freichel et al.,
in press), suggesting that this kind of substance use
may function as a transdiagnostic maladaptive coping
strategy in amplifying psychopathological symptoms.
In turn, threat monitoring predicted suicidal ideation,
suggesting that more than usual focus on threat signals
may amplify suicidal ideation in the next period.
Metacognitive beliefs that thoughts and feelings are
dangerous predicted anhedonia, suggesting that these
internal reactions were disposed of with lack of feelings
and interests as a later result. In the reverse direction
from symptoms to coping, anhedonia negatively pre-
dicted substance use. This connection may be due to
the lack of emotions to regulate.

The theory-proposed (e.g., Wells, 2009) mechanistic
variable worry/rumination had zero out-strength central-
ity in the temporal network. That is, this variable did not
predict other variables at the subsequent time point. This
finding is consistent with temporal findings on daily
(Ebrahimi, Burger, et al., 2021), within-days, and
(Hoorelbeke et al., 2019) within-times levels. Together,
these findings do not support that worry/rumination
influences depressive symptoms beyond a short-term
time. However, rumination may be conceptualized as a
multifaceted concept in need of being broken down to
smaller components to better predict symptoms. Thus,
Bernstein et al. (2017) found self-criticism to have high
out-strength in a network of other rumination compo-
nents and executive control. These authors computed a
directed acyclic graph to estimate a directed, potentially
causal network structure.

Note that loneliness had little within-persons variance,
limiting the possibility to correlate with other variables
on a within-persons level. Still, loneliness was positively
predicted by depressed mood. Depressed mood is often
associated with reduced social activity. Moreover, the
facial expression of depressed mood may be uncomfort-
able to others and lead to their withdrawal (Lewinsohn,
1975). These factors lead to a restricted social environ-
ment, which may carry over to the subsequent 2-month
period and strengthen the experience of loneliness. In
turn, more loneliness predicted more control of emo-
tions. Increasing loneliness may lead to stronger and
more upsetting emotions, increasing the need to control
them. Note that the predictive relationship between
depressed mood and loneliness was found to be opposite
on a daily level (Ebrahimi, Burger, et al., 2021). Together,
these findings suggest that experienced loneliness may
proximally heighten depressed feelings, whereas
depressed feelings increase long-term loneliness.
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Within the CAS construct, substance use to cope and
beliefs that thoughts and feelings are uncontrollable
positively predicted threat monitoring. Using substances
to cope may be an unsuitable coping strategy in the
long run by making the individual feel more vulnerable
and threatened. Strengthened beliefs that thoughts are
uncontrollable and that some thoughts may lead to loss
of mind will naturally lead to more fearful monitoring
of own thoughts. Situational avoidance predicted
worry/rumination. Avoidance tends to maintain fear
and, thus, worry.

Contemporaneous relationships

The contemporaneous network represents the concur-
rent within-persons relationships between the stable
levels of symptoms and coping strategies within the
2-month periods. They may represent causal relation-
ships that unfold on a shorter timescale than 2 months
but say nothing about direction. Alternatively, the rela-
tionship between two variables may be due to common
causal variable(s) not included in the network. In any
event, the contemporaneous network provides informa-
tion about relationships that may be investigated with
different time lags in future studies. Of the depression
symptoms, the presumed core symptoms (DSM-5; APA,
2013) anhedonia and depressed mood and worthless-
ness had significantly higher strength centrality than
most other variables. Depressed mood was strongly
connected to anhedonia and worthlessness. Low energy
was strongly connected to sleep problems, anhedonia,
and appetite problems. Thus, these symptoms covaried
most within the same time periods.

Worry/rumination had higher strength centrality than
all the other variables, except depressed mood. Of spe-
cific connections across the CAS and depression con-
structs, worry/rumination was related to depressed
mood, worthlessness, and sleep problems. This is con-
sistent with findings on a daily (Ebrahimi, Burger, et al.,
2021) and within-days (Hoorelbeke et al., 2019) times-
cale. Although these results do not suggest the direction
of effects, clinical models (Nolen-Hoeksema et al., 2008;
Wells, 2009) have proposed that worry/rumination leads
to these symptoms. Situational avoidance displayed a
more modest strength centrality but was connected to
depressed mood, anhedonia, and suicidal ideation.
These findings are consistent with theories proposing
the importance of avoidance in maintaining depressive
symptoms because it precludes corrective experiences
of negative thoughts and expectations and leaves more
time to worry/rumination (Wells, 2009). Use of sub-
stance to cope was positively associated with suicidal
ideation and psychomotor problems within the same
time window, underscoring a set of associations that

seems to be, on average, co-experienced within the
2-month interval.

Across the constructs of depression, loneliness, and
CAS, loneliness was related to anhedonia, depressed
mood, and appetite problems. These findings are con-
sistent with those of Ebrahimi, Burger, et al. (2021) on
a daily time level. Loneliness was also associated with
several CAS variables.

Within the CAS cluster, coping strategies and meta-
cognitive beliefs constituted two groups, whereas the
coping strategy substance use appeared isolated from
the other CAS variables. There were, however, also
connections between specific beliefs and specific cop-
ing strategies, for instance, between beliefs that thoughts
are dangerous and uncontrollable and threat monitor-
ing, which are predicted by MCT theory.

Limitations and strengths

The limitations of this study include that the variables
were assessed by self-report, that a fewer proportion
of participants with only compulsory school were rep-
resented in the sample, that some items were measured
on 4-point scales but treated as continuous, and that
some items on the PHQ-9 provided ambiguous informa-
tion because they cover both increases and decreases
of a problem (e.g., insomnia or hypersomnia). Because
the study was conducted during the pandemic, it is
unclear whether the findings can be generalized to
nonpandemic settings. However, the study focused on
the dynamics of symptoms and mechanisms, and these
internal dynamics should be relatively independent of
type of stressors. The studied mechanistic variables are
also implicated in other disorders (e.g., anxiety disor-
ders), and not including other relevant disorder domains
in the networks is a limitation. The centralities of tem-
poral network turned out to be unstable, suggesting
that the predictive associations of the temporal network
should be interpreted with caution. Strengths of this
study include the use of a state-of-the-art panel
approach allowing the estimation of temporal networks
on a larger timescale with relative few measurements;
the large sample size, which contributed to the accuracy
and stability of the network estimates; and the focus
on actionable mechanistic processes.

Clinical implications

The findings of predictors suggest that threat monitor-
ing, beliefs that thoughts and feelings are dangerous,
and substance use to cope may be potential targets of
intervention to alleviate long-term depressive symp-
toms. Of these targets, threat monitoring and substance
use had significant self-loops, reflecting how well each
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variable predicts itself over time and thus the durability
and strength of a tendency to maintain itself over time.
This persistency underlines their potential importance
as targets. The theory-emphasized processes worry/
rumination and situational avoidance showed few pre-
dictive abilities across months but showed a lot of con-
temporaneous relationships to depressive symptoms.
Thus, these processes may have short-term effects.

Conclusions

In conclusion, the findings indicate the importance of
the theory-derived variables threat monitoring, beliefs
that thoughts and feelings are dangerous, and substance
use as potential targets for intervention to alleviate long-
term depressive symptoms. The link to MCT theory pro-
vides access to well-established interventions, such as
attentional training and detached mindfulness (Wells,
2009). Suicidal ideation may have a detrimental long-
term effect on worthlessness. The results also suggest
that depressed mood leads to loneliness in the long run.
The processes worry/rumination and situational avoid-
ance, which are emphasized in theory, were less influ-
ential on symptoms on the examined timescale but may
have short-term effects that are not captured with the
time interval in this study. This highlights the importance
of studying the processes and symptoms using different
time lags. In the present study, we assessed symptoms
and processes on a single timescale. Future studies
should connect frequent measurements of rapidly cycling
emotions with less frequent measurements of moods and
negative cognitions about the self and future (Jeronimus,
2019). Because the pandemic context may moderate the
internal dynamics of symptoms and mechanisms, the
study should be replicated in nonpandemic settings.
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