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Abstract

- Florin Alin Sava'

The network perspective on psychopathology suggests that mental disorders can be regarded as networks of elements that
influence each other. In this study, we used network analysis to explore the temporal interactions of anxiety and depression
symptoms at the level of day-to-day experiences and find potential explanatory pathways for their comorbidity. We col-
lected intensive longitudinal data from a sample of undergraduate students and fitted a Multilevel Vector Autoregressive
model on GAD and MDD DSM-5 symptoms. “Sad mood” and “Concentration difficulties” were responsible for the most
connections between anxiety and depression symptoms and were also among the most central symptoms. It is possible that
anxio-depressive comorbidity can be explained by the presence of “Sad mood” and “Concentration difficulties” and targeting
these two symptoms in therapy can lead to beneficial effects in comorbid cases.
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In cases primarily diagnosed with anxiety, 63% have a cur-
rent depressive disorder, while 81% develop depression at
some point in their lives (Lamers et al., 2011). Even though
percentages vary across studies, anxiety and depression are
considered among the most frequently co-occurring men-
tal disorders (Cummings et al., 2014). Comorbidity leads
to higher levels of impairment in different areas of life as
opposed to the situation when there is only one diagnosis
(Hirschfeld, 2001). For instance, in comparison with non-
comorbid cases, comorbid anxiety and depression cases
show a higher number of suicide attempts, more significant
academic problems (Lewinsohn et al., 1995), poorer quality
of life (Zhou et al., 2017) and global functioning (Fusar-
Poli et al., 2014), and greater risk for cardiovascular disease
(Kemp et al., 2012).

Efforts to explain the comorbidity between anxiety
and depression have traditionally revolved around find-
ing a latent variable outside anxiety and depression per se.
For instance, high neuroticism is considered a risk factor
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for comorbidity of anxiety and depression (Lamers et al.,
2011). However, neuroticism is generally correlated with
different psychopathological aspects (Brandes & Tackett,
2019) and cannot be considered a specific explanation for
anxiety and depression comorbidity. A popular theoreti-
cal model on this subject is the Tripartite Model (Clark &
Watson, 1991), which suggests that anxiety and depres-
sion are comorbid due to the high negative affectivity that
characterises the two. However, in the most recent review
of literature on the topic, Cummings et al. (2014) argue
that the Tripartite Model does not fully account for the
heterogeneity of anxiety disorders and manifests variability
across studies on what component of the Tripartite Model
(i.e., physiological hyper-arousal, low positive affect, high
negative affect) can be considered an explanation for anx-
iety-depression comorbidity.

Recently, the study of comorbidity in psychopathology
was approached from a different perspective — network
analysis (Cramer et al., 2010). Network analysis is a rela-
tively new paradigm that conceptualises mental disorders
as causal systems of interrelated elements rather than cat-
egories or latent variables. Instead of being considered
indicators of latent disorders, elements of the network
(e.g., symptoms, personality traits, attitudes, feelings)
form the network of interacting elements, from which a
disorder can emerge.
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Identification of Central Symptoms

Node centrality summarizes specific patterns of associa-
tions of a node with the rest of the network (Bringmann
et al., 2019; Costantini et al., 2015). Usually, estimat-
ing node centrality is one of the main aims in a network
analysis study, as it can help obtain insights on the rela-
tive importance of symptoms within a disorder. Multi-
ple studies have tackled this subject regarding anxiety
and depression comorbidity, operationalised through the
DSM-5 diagnostic criteria for Major Depressive Disorder
(MDD) and Generalized Anxiety Disorder (GAD). Symp-
toms “Sad mood” and “Excessive worry” have been almost
ubiquitously identified as the most central (or highly cen-
tral) in cross-sectional networks (An et al., 2019; Bai et al.,
2021; Beard et al., 2016; Bi & Li, 2021; Cramer et al.,
2010; Fried et al., 2016; Garabiles et al., 2019; Konac
et al., 2021; McElroy et al., 2018; Peel et al., 2021; Ren
et al., 2021; Tundo et al., 2021). Symptoms “Anhedonia”,
“Worthlessness”, and “Fatiguability” were also identified
as highly central, although with greater variability across
studies.

Networks estimated on cross-sectional data do not allow
making inferences regarding variability within individuals,
and they allow estimating only undirected connections,
not being able to distinguish the direction of the effects.
Conversely, networks estimated on intensive longitudinal
data allow modelling between-subject and within-subject
dynamics separately (Costantini et al., 2019; Epskamp
et al., 2018). Furthermore, at the within-subject level,
longitudinal data can be used not only to infer contem-
poraneous connections, but also to estimate temporal net-
works, which encode predictions across subsequent time-
points, thus providing directed connections (Bringmann
etal., 2013). In turn, directed connections allow estimating
directed centrality indices (Costantini et al., 2015) (e.g.,
instrength — how much a node is temporally dependent on
other nodes, and outstrength — how much a node predicts
variations of other nodes in the future), thus allowing a
distinction between nodes that are strongly predicted by
other nodes at previous timepoints and nodes that predict
other nodes over time.

Two longitudinal network studies used Ecological
Momentary Assessments (EMA) to address the subject of
centrality in joint anxiety and depression networks. How-
ever, the existing longitudinal networks are only partially
comparable with those estimated in cross-sectional studies
because the reported networks included aspects outside of
the DSM-5 criteria for MDD and GAD. For instance, in
the study of Vos et al. (2017), “feeling happy” and “feeling
anxious” had the highest outstrength centrality, “feeling
happy” being a non-DSM feature. Fisher et al. (2017) have

obtained similar results as two non-DSM symptoms have
emerged with high levels of outstrength — “feeling posi-
tive” and “feeling hopeless”. Interestingly, in both studies,
symptoms that were repeatedly found as highly central
in cross-sectional networks (i.e., “Sad mood”, “Exces-
sive worry”) were among the least influential in the two
EMA studies. In both cases, “Sad mood” had the highest
instrength centrality and very low outstrength central-
ity, meaning that “Sad mood” is frequently a successor
of other anxious-depressive symptoms rather than their
predictor. Similar results were obtained for the symptom
“Excessive worry” in the study of Fisher et al. (2017) (Vos
et al. (2017) did not include “Excessive worry” in their
network).

In summary, there are numerous cross-sectional network
studies on the topic of depression and anxiety comorbidity
but a lot less longitudinal studies that would allow the esti-
mation of the direction of edges and directed centrality indi-
ces. These studies indicate that “Sad mood” and “Excessive
worry” are highly central nodes, but intensive longitudinal
designs point out that they are more likely the outcomes
of other symptoms of depression and anxiety rather than
their source. Future studies that would clarify the role of
these nodes are needed. Also, the few existing longitudinal
studies have computed their networks on a different set of
symptoms than those proposed by DSM-5, and therefore did
not account for the majority of anxiety and depression char-
acteristics. We fill a gap in the literature by studying DSM-5
anxiety and depression symptoms dynamic in a time-series
network, and compute directed centrality indices which
will help identify the most influential nodes in the network,
responsible for the comorbidity of the two disorders.

Bridge Centrality

Jones et al. (2021) have introduced a method for identi-
fying bridge symptoms which quantifies the centrality of
nodes by considering only their connections with nodes
from another community. For example, a network of anxi-
ety and depression consists of two theoretical communities
of nodes: one comprised of symptoms of depression and
the other of symptoms of anxiety. A node has high bridge
centrality if it has the most connections that go outside of
the community that it belongs. Assuming that comorbid-
ity between two disorders can be explained by connections
between specific symptoms, and that some symptoms are
correlated to the other disorder more strongly than others,
using bridge centrality metrics will help to identify symptom
level explanations regarding the comorbidity of anxiety and
depression. This method applied in some cross-sectional net-
work studies, and “Sad mood” has once again emerged as a
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highly central symptom (Bai et al., 2021; Beard et al., 2016;
Garabiles et al., 2019; Konac et al., 2021; Ren et al., 2021).
However, there is more heterogeneity across studies in this
regard than the results on regular centrality. Some did not
obtain high bridge centrality values for “Sad mood” (Kaiser
et al., 2021) and different symptoms like “Psychomotor agi-
tation/retardation” (Beard et al., 2016; Bi & Li, 2021; Kaiser
et al., 2021), “Worry” (Konac et al., 2021), “Restlessness”
(Garabiles et al., 2019; Ren et al., 2021), “Anhedonia” (Bai
et al., 2021; Garabiles et al., 2019) were found to have the
most connections with the nodes from the opposite com-
munity (had high bridge centrality).

The Present Study

Aim 1 Analyse centrality and bridge centrality of anxiety
and depression symptoms based on intensive longitudinal
data.

To add to the previous efforts to explain anxiety and
depression comorbidity through network analysis, the main
aim of this study is estimating bridge centrality metrics on
a time-series network of depression and anxiety symptoms.
Studies that used bridge centrality metrics did not consider
that certain symptoms belong both to anxiety and depres-
sion. For example, in Garabiles et al. (2019) and in Kaiser
et al. (2021), “Concentration difficulties”, “Sleep difficul-
ties”, and “Fatiguability” were considered only as part of the
depression community of nodes. Although this is congruent
with the questionnaires used in the two studies (i.e., PHQ-9
and GAD-7), these symptoms are characteristics of both
MDD and GAD (American Psychiatric Association, 2013).
We will address this issue by computing bridge centrality
for both possible symptom compositions of communities.

Aim 2 Analyse and describe the role of “Sad mood” in anx-
iety and depression comorbidity. Given the emergence of
“Sad mood” as a highly central symptom in multiple studies,
we will accord attention to describing its role in our time-
series network and identifying possible pathways through
which it is related to other symptoms.

Method
Participants

Data was collected from a sample of 145 undergraduate
Romanian psychology students in exchange for course
credit. Five participants were removed because they
had less than 20 pairs of consecutive measurements,
and other 14 participants were removed because they

@ Springer

did not show any variance in four or more variables and
including these participants resulted in model conver-
gence issues. The final sample thus consisted of 126 par-
ticipants (m,,, =22.11 years, S.D.=6.09 years, 88.88%
female). According to DSM-5 diagnostic criteria, levels
of depression above the clinical threshold were manifested
at baseline by 41.26% of participants, 30.95% had clinical
levels of anxiety, and 22.22% had clinical levels of both.
Only 3.96% did not report the presence of any anxious or
depressive symptoms at baseline. During the enrolment
stage, participants were presented with a consent form
informing them about the study's purpose, confidential-
ity, right of withdrawal, and offered contact information.

Procedure

The possibility to enrol in the study was announced to
students at the beginning of several lectures at [masked
for peer review]. Participants were verbally explained what
the participation in the study implies. To assist the deci-
sion process, the same information was also provided in
a PDF that contained step-by-step instructions regarding
the duration of the study, number of questions, nature of
the questions, number of daily measurements, the schedule
of daily notifications, information about how to use PIEL
survey app as a participant and contact information in case
they needed further assistance before or during the study.
Potential participants were given a link, in which they
found detailed information about the study procedure and
provided informed consent. Those that agreed to partici-
pate, they were asked to fill in an enrolment questionnaire,
which investigated demographics, their level of depression
and anxiety, and inclusion criteria. To be eligible, par-
ticipants had to indicate that they had a smartphone that
would allow the installation of the experience sampling
application, and that their daily schedule would allow them
to access their phone whenever they received a notifica-
tion. The experience sampling procedure was implemented
through the PIEL survey application (Jessup et al., 2012).
Participants answered a set of questions concerning anx-
ious and depressive symptoms three times per day at a 4-h
interval from one measurement to another, over a period of
21 days during the academic year. The first daily beep was
adapted to each participant waking hour to avoid potential
data loss caused by the overlap between sleeping hours
and beeps. For example, if a participant indicated 8:00
AM as their usual waking hour, PIEL survey app would
automatically send them a notification at noon, 4:00 PM,
and 8:00 PM. A mean of 57.74 (SD=4.54) completions
was obtained per participant out of a possible 63, with a
9.16% missingness rate in the total sample included in the
final analysis.
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Measures
Depressive Symptoms

Romanian version of the Patient Health Questionnaire
(Kroenke et al., 2001) (PHQ-9) was used to assess depres-
sive symptomatology at baseline. PHQ-9 has nine items
measured on 4 points Likert scale from 0 (Not at all) to 3
(Nearly every day). The scores for PHQ-9 range between 0
and 27. Internal consistency for this scale in the recruitment
phase in our study was excellent (x=0.88).

Anxious Symptoms

The Generalised Anxiety Disorder Questionnaire-IV (Newman
et al., 2002) was used to assess anxiety symptoms at baseline.
GAD-Q-IV consists of 11 dichotomous items corresponding
to DSM-IV and DSM-V criteria for GAD, with Yes and No as
response options. The scale also has an open-ended question
regarding the content of worries and two 9-point Likert scale
questions that assess the impairment associated with anxious
symptomatology. As the wording of GAD-Q-IV is similar
to that of DSM-V criteria, we used the Romanian version of
DSM-V to translate the questionnaire’s items. GAD-Q-IV
showed a good level of reliability in the recruitment phase
(a=0.8).

Table 1 Nodes’ descriptions, means and within-person standard deviations

Ecological Momentary Assessments

We used the PHQ-9 and GAD-Q-IV questionnaires as the
basis for the EMA items and adapted them for the EMA con-
text. Items used for EMA are presented in Table 1, together
with their descriptive statistics. Instructions and response
options were reformulated so that they refer to momentary
states. Participants indicated on a 4-point Likert scale if they
experienced a particular symptom in the past 4 h (since the
last beep or since waking up), the options being 1=‘“Not
at all”, 2="A short time”, 3 =“For an extended period of
time”, and 4 =“Most of the time”. Items 1 and 2 of GAD-
Q-IV were combined into one item, referring to the excess
of worry. Within and between-subjects reliability for the
resulted items to measure anxiety and depression symp-
toms were high in all cases. Specifically, reliability values
for anxiety were agp=0.94 and oy, =0.86, and for depres-
sion ogp=0.93 and ayp=0.81.

Data Analysis

We estimated the network structure of anxiety and depres-
sion symptoms as a multilevel vector auto-regression model
(MVAR) with orthogonal random effects (Bringmann et al.,
2013; Epskamp et al., 2018), using the mIVAR (Epskamp
et al., 2021) package in R (R Core Team, 2022), version 0.5.

Node name Symptom label ESM item m SD ICC
(within-
person)

Exc Excessive worry You worried more that it would have been appropriate for the situ- 1.39 0.52 0.32

ation you were in

Dif Difficulties controlling worry You found it difficult to control your worry 1.32 0.46 0.32

Res Restlessness You've been restless or felt keyed up or on edge 1.46 0.57 0.30

Fat* Fatiguability You've been easily fatigued (GAD-Q) 1.64 0.57 0.42

Feeling tired or having little energy (PHQ-9)
Con* Concentration difficulties You had concentration difficulties, or you felt like your mind is 1.47 0.48 0.45
going blank (GAD-Q)
Trouble concentrating on things, such as reading the newspaper or
watching television (PHQ-9)

Iri Irritability You've been irritable 1.46 0.59 0.29

Mus Muscle tension You had muscle tension 1.35 0.43 0.44

Anh Anhedonia Little interest or pleasure in doing things 1.62 0.61 0.44

Sad Sad mood Feeling down, depressed, or hopeless 1.47 0.58 0.31

App Decrease or increase in appetite Poor appetite or overeating 1.49 0.56 0.42

Wor Worthlessness Feeling bad about yourself—or that you are a failure or have let 1.21 0.32 0.39

yourself or your family down

Psy Psychomotor agitation or retardation Moving or speaking so slowly that other people could have 1.14 0.24 0.45

noticed, or the opposite—being so fidgety or restless that you
have been moving around a lot more than usual
Sui Suicidal ideation Thoughts that you would be better off dead or of hurting yourself ~ 1.11 0.18 0.40

in some way

*These nodes represent the average score of two ESM items that reffer to the same symptom
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and applied a False Discovery Rate controlling procedure
described in Bringmann et al. (2013). To estimate bridge
strength, bridge indegree, and outdegree (Jones et al., 2021)
we used version 1.4.0 of R package networktools (Jones,
2021). Regular centrality measures were also investigated,
namely instrength and outstrength (Bringmann et al., 2019).
A more extensive description of the data analysis is pre-
sented in the Supplemental Materials.

To calculate the proportion of participants potentially
eligible for a MDD and/or GAD diagnosis presented in the
Participants section, we followed DSM-5 diagnostic thresh-
olds for Major Depressive Disorder and Generalised Anxiety
Disorder. An answer of 1="“Yes” for GAD-Q-IV was con-
sidered an indicator for the presence of an anxiety symptom,
while an answer of at least 2 ="“More than half the days”
(at least 1 =*“Several days” for item 9) was considered an
indicator for the presence of a depression symptoms (The
F.A.S.T Lab, 2017).

Results
Network Estimation

To fit a multilevel VAR model, the data must satisfy three
assumptions (Bringmann et al., 2013). The first states that
the measurements must be equally spaced in time, and the
last measurement in a day cannot predict the subsequent
measurement in the morning. We addressed this assumption
by setting a fixed time interval of 4 h between measure-
ments. Furthermore, the mlIVAR procedure in R deals with
the overnight prediction issue by removing the last meas-
urement of each day in the lagged variables. The second

Temporal

Gl
™

>

Fig.1 Temporal and contemporaneous networks of anxious and
depressive symptoms. Included edges are significant at p<0.009 for
the temporal network and p<0.022 for the contemporaneous net-
work. The nodes are colour coded to ease the distinction between
unique anxiety symptoms, unique depression symptoms, and shared
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assumption is that predicted variables are lagged at the same
level. In this case, we only considered the t-1 lag. The third
assumption states that data must be stationary, meaning
that for each participant, the mean and variance must stay
unchanged over time for every variable (Bringmann et al.,
2013). We tested this assumption with the Kwiatkowski-
Phillips-Schmidt-Shin test on every variable separately for
each participant. The test showed that the assumption of
stationarity was satisfied for most of the data, 81.14% for
level stationarity and 83.83% for trend stationarity. As most
of the data was stationary, we did not detrend it. Temporal
and contemporaneous networks are illustrated in Fig. 1.

Centrality

Bridge centrality is illustrated in Fig. 2. We estimated bridge
centrality twice with different sets of communities. This
was necessary because “Concentration difficulties” and
“Fatigability” are considered as features of both anxiety
and depression (American Psychiatric Association, 2013).
We noticed considerable variation in bridge centrality in
the two versions, caused by the node “Concentration dif-
ficulties”. Because “Concentration difficulties” had many
connections with depressive symptoms, when moving it
to the depression community, the number of edges that go
inwards and outwards to the anxiety community decreased
for multiple nodes, including “Concentration difficulties”.
Regular centrality indices are presented in Fig. 3. “Con-
centration difficulties”, “Worthlessness”, “Anhedonia”, and
“Sad mood” were the most influential symptoms as they had
the highest outstrength values. “Sad mood” and “Worthless-
ness” also had high instrength, as well as “Restlessness” and

Contemporaneous

Anxious
0 Exc: Excessive worry
o Dif: Difficulties controlling worry
O Res: Restlessness
o I Iritability
© Mus: Muscle tension
Depressive
© Anh: Anhedonia
© Sad: Sad mood
© App: Decrease or increase in appetite
A Wor: Worthlessness
& Psy: Psychomotor agitation or retardation
A Sui: Suicidal ideation

Shared
o Fat: Fatigability
© Con: Concentration difficulties

symptoms of both diagnoses. Different geometrical shapes indicate
the communities identified empirically through the Walktrap algo-
rithm. Community detection analysis is described in the Supplemen-
tary Materials
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Fig.2 Bridge centrality of the

Bridge Indegree
temporal and contemporaneous

(temporal)

Bridge Outdegree
(temporal)

Bridge Strength
(contemporaneous)

networks. Anxiety =estimated
bridge centrality with the inclu-
sion of shared features (“Concen-
tration difficulties” and “Fatigua-
bility”) in the anxiety community.
Depression=estimated bridge
centrality with the inclusion of
shared features in the depression ExcH
community

Anh -
App
DCW

DiC

~®- Anxiety

—A- Depression

000 005 010 015

“Fatiguability”. In the contemporaneous network, “Exces-
sive worry” had the highest strength centrality.

Discussion

In the current study, we investigated the time-series network
of anxiety and depression symptoms in a sample of under-
graduate students. Our main goal was to identify symptoms
that could potentially explain why anxiety and depression

0.200.0 0.1 02 03 025 050 075 1.00

symptoms often are emerge together, and also to extend the
existing literature on cross-sectional networks on this subject
with a longitudinal approach.

Aim 1: Centrality of Anxiety and Depression
Symptoms

Several symptoms have been found to have important roles
in the network of anxiety and depression. “Concentration
difficulties” was the most influential node in the overall

Fig.3 Regular centrality indices e

(temporal)

OutStrength
(temporal)

Strength
(contemporaneous)

Anh
App 1
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Exc A
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Sad
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network with the highest outstrength centrality. “Concen-
tration difficulties” had only one direct edge with an anxi-
ety symptom, namely “Restlessness”, but was related to all
depressive symptoms associated with anxious features: “Sad
mood”, “Worthlessness”, and “Anhedonia”. In other words,
our network indicated that “Concentration difficulties” exac-
erbates depressive symptoms which in turn lead to anxious
symptomatology. Having “Concentration difficulties” as a
central symptom is a surprising result as this symptom is
usually regarded as a peripheral aspect of depression and
anxiety rather than a core feature. However, the appear-
ance of mindfulness-based interventions has highlighted
the importance of “Concentration difficulties” for anxiety
and depression as the improvement of affectivity is asso-
ciated with improvement through mindfulness in attention
concentration capabilities (Ricarte et al., 2015; Williams,
2008). The results regarding “Concentration difficulties”
should also be interpreted in the light of the fact that our
participants were enrolled in university courses. Good cog-
nitive performance is arguably more important for students
than for someone who is not involved in an educational pro-
gram, so not being able to concentrate during lectures or
while preparing exams could lead to particularly high levels
of distress (as reflected by feeling “Sad”, “Worthless”, or
“Anhedonic”).

In the first look at anxiety and depression comorbidity
through the network perspective, Cramer et al. (2010) have
proposed that shared features of these disorders are key ele-
ments for comorbidity. The authors theorised that disorder-
specific symptoms induce the shared anxious-depressive
features, leading to the appearance of symptomatology from
the opposite community. This theory was recently tested on
time-series data but did not obtain favourable results (Groen
et al., 2020). However, in the latter study, worries and irrita-
bility were considered as shared symptoms, which are rather
anxiety-specific symptoms than shared features. Our results
also diverge from Cramer’s theory about shared features.
Although “Concentration difficulties” is a shared feature,
in our network disorder-specific symptoms also formed
between-community associations, while fatiguability (the
other shared feature) had very low bridge centrality levels.

“Anhedonia” was another highly central symptom. How-
ever, bridge outdegree of “Anhedonia” diminished when the
shared features were moved to the depression community.
This is explained by the fact that two out of three predictive
edges of “Anhedonia” point toward the shared features, and
only one towards an anxiety-specific symptom — “Irritability”.
Interestingly, “Anhedonia” formed a “vicious loop” relation-
ship type with “Concentration difficulties”. It seems that not
being able to concentrate on daily activities also limits the
extent to which one can enjoy them or have an interest in
them. Furthermore, engaging in such activities will lead to
fatigue and will further harden the investment of any other
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attentional resources. It would be interesting to explore this
relationship in future studies as a mechanism that sustains
symptoms of anxiety and depression or contributes to their
development. Past research has already emphasised the impor-
tance of “Anhedonia” by showing that psychotherapy focused
on this symptom leads to an overall improvement in depres-
sion and anxiety (Craske et al., 2019).

“Worthlessness” was also one of the most central nodes
in temporal networks and the only symptom connected to
“Suicidal ideations”. It is possible that “Worthlessness” acts
as a mediator between “Suicidal ideation” and other symp-
toms, such as “Sad mood” and “Concentration difficulties”.
We can speculate that individuals end up feeling bad about
themselves (worthless) for being often sad and unable to
concentrate even on simple tasks. This, in turn, may lead to
development of suicidal ideation. In line with our results,
the Interpersonal Theory of Suicide posits that a concept
closely related to worthlessness — perceived burdensome-
ness— is one of the two main elements that is responsible for
passive suicidal ideation (Van Orden et al., 2010). It is also
worth noting the vicious-circles that involve “Worthless-
ness”: Not only “Worthlessness” predicts “Sad mood” and
“Suicidal ideation”, but it appears that it is also maintained
by these symptoms in a continuous vicious feedback-loop.

Aim 2: The Role of “Sad mood” in Anxiety
and Depression Comorbidity

Similar to past cross-sectional networks, we found high
centrality levels for “Sad mood”. This indicates that the
presence of “Sad mood” is associated with higher anxio-
depressive symptomatology both at between-subject and
within-subject levels. That is, individuals that experience
“Sad mood” manifest higher levels of anxio-depressive
symptomatology, but also experiencing “Sad mood” at any
moment during the day will be followed by the appearance
of other depressive or anxious symptoms. Differentiating
between-subject effects from within-subject effects is crucial
as sometimes the same variables can have a different direc-
tion of association for different types of effects (Epskamp
et al., 2018).

Similar to Groen et al. (2020) time-series network, “Sad
mood” had high bridge centrality and had a direct effect
on “Worries”. However, we were not able to differentiate
between comorbid, depression-only, and anxiety-only par-
ticipants as the effect of “Sad mood” on “Worries” in Groen
et al. (2020) was present only in the depression group and
was reciprocal in the comorbid group. In our case, we can
state that the effect is also present in participants from the
general population. It is also important to mention that we
used a different method than Groen et al. (2020) to estimate
the bridge effects, and both methods pointed towards “Sad
mood” being a bridge symptom. In the overall network,
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when not specifying the community structure, “Sad mood”
showed lower centrality levels, indicating that this symp-
tom is more important for the comorbidity of the two dis-
orders than for the disorders themselves. This is somehow
consistent with the results of Fisher et al. (2017) and Vos
et al. (2017), as in their studies, “Sad mood” has manifested
low centrality in the overall network. However, both studies
included elements of positive affect that were highly cor-
related and could have potentially reduced the centrality of
other symptoms or over-shadowed other significant edges
but not as strongly interconnected as the edges between the
positive affectivity nodes. For example, in Vos et al. (2017),
happiness was the most central node, and predicted other
conceptually close nodes as cheerful, enthusiastic, energetic,
satisfied, and talkative.

Besides the high centrality in the temporal network, “Sad
mood” had the highest bridge centrality in the contempora-
neous network on all three computed metrics. All anxiety
symptoms were connected directly with “Sad mood”, except
“Muscle tension” and “Difficulties controlling worries”
that were separated from it only by one node. Overall, “Sad
Mood” seems to be associated more with anxiety symptoms
than with symptoms from its own community, both in the
temporal and contemporaneous network and might be a key
element in explaining and possibly inducing anxiety and
depression comorbidity.

Strengths

This study is a valuable addition to the vast literature on
cross-sectional networks of anxiety and depression symp-
toms as it’s the first one to address this topic using a time-
series network. We had a good representation of DSM-5
MDD and GAD symptomatology in the estimated network
and identified several symptoms and mechanisms that might
have an important role for these disorders. Additionally, we
conducted our analyses by considering the possibility of the
shared symptoms to be part of both communities. We also
applied bridge centrality metrics on a time-series network
which was not attempted before.

Our results could also be of potential interest to practi-
cians. For instance, knowing that depression symptoms are
predictive of anxiety symptoms at within-person level, treat-
ment could prioritise the reduction of depressive psychopa-
thology in comorbid cases. It is also possible that reduction
of central symptoms “Sad mood”, “Anhedonia” and “Con-
centration difficulties” could be a key mechanism in treat-
ment of depression and anxiety cases, and comorbid cases
as well. Future research should investigate if it’s possible to
specifically target “Sad mood” and “Concentration difficul-
ties” in psychotherapy and obtain a general improvement for
the client. For example, Emotion-Focused therapy proposes

evocation and exploration of negative emotions as treatment
strategies for depression Greenberg (2017). It is possible
that targeting “Sad mood” with these strategies could lead
to an overall improvement in patient’s affectivity. Regarding
“Concentration difficulties”, this symptom is successfully
targeted through mindfulness-based interventions (Ricarte
et al., 2015; Williams, 2008). It is possible that combined
Emotion-Focused and mindfulness therapy could be effec-
tive for cases where both anxiety and depression symptoms
are present.

Limitations

The present study had several limitations. First, our sample
consisted mainly of female undergraduate students, limiting
the generalizability of the results only to the general youth
population. A similar analysis in a clinical or/and more
diverse sample could have yielded higher levels of variance
in symptoms and led to different results, and also could have
had more valuable implications for the disorders per se and
not just for individual symptoms. However, many of our
findings can be backed up by results from other studies on
cross-sectional and time-series data. Another limitation is
the relatively low number of beeps per day, which required
us to instruct participants to give responses retrospectively
for the past 4 h. Future studies should adopt procedures
with more than three beeps that ask participants about their
state at the moment of the assessment. The third limitation
is that we were not able to include “Sleep difficulties” in
the analysis, as it cannot vary across momentary measure-
ments. Future research should develop methods that would
make it possible to integrate “Sleep difficulties” in this kind
of analysis.

Conclusions

Our results show that depression symptoms are more
predictive of anxiety symptoms, and depression-specific
symptoms predict the establishment of anxiety symptoms
more often than vice-versa. Notably, “Sad mood” had the
highest bridge centrality metrics both in the temporal and
contemporaneous network. “Concentration difficulties”
was the most central symptom in the entire network (when
not considering the theoretical community structure).
As these two symptoms had the most connections con-
necting anxiety and depression it is possible that they are
responsible for the ties between anxious and depressive
symptomatology.
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