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Abstract
Background: The COVID-19 pandemic and its associated lockdown measures impacted mental health worldwide. However,
the temporal dynamics of causal factors that modulate mental health during lockdown are not well understood.
Objective: We aimed to understand how a COVID-19 lockdown changes the temporal dynamics of loneliness and other factors
affecting mental health. This is the first study that compares network characteristics between lockdown stages to prioritize mental
health intervention targets.
Methods: We combined ecological momentary assessments with wrist-worn motion tracking to investigate the mechanism and
changes in network centrality of symptoms and behaviors before and during lockdown. A total of 258 participants who reported
at least mild loneliness and distress were assessed 8 times a day for 7 consecutive days over a 213-day period from August 8,
2020, through March 9, 2021, in Germany, covering a “no-lockdown” and a “lockdown” stage. COVID-19–related worry,
information-seeking, perceived restriction, and loneliness were assessed by digital visual analog scales ranging from 0 to 100.
Social activity was assessed on a 7-point Likert scale, while physical activity was recorded from wrist-worn actigraphy devices.
Results: We built a multilevel vector autoregressive model to estimate dynamic networks. To compare network characteristics
between a no-lockdown stage and a lockdown stage, we performed permutation tests. During lockdown, loneliness had the highest
impact within the network, as indicated by its centrality index (ie, an index to identify variables that have a strong influence on
the other variables). Moreover, during lockdown, the centrality of loneliness significantly increased. Physical activity contributed
to a decrease in loneliness amid the lockdown stage.
Conclusions: The COVID-19 lockdown increased the central role of loneliness in triggering stress-related behaviors and
cognition. Our study indicates that loneliness should be prioritized in mental health interventions during lockdown. Moreover,
physical activity can serve as a buffer for loneliness amid social restrictions.
(J Med Internet Res 2022;24(3):e32598) doi: 10.2196/32598
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Introduction
The outbreak of COVID-19 is an unprecedented global health
challenge; as of November 2021, there are 259,502,031
confirmed cases and 5,183,003 deaths globally [1]. To mitigate
the spread of SARS-CoV-2, most countries enforced lockdown
measures, including social restrictions, travel bans, stay-at-home
orders, and business shutdown. Together with the pandemic per
se, these lockdown measures increased global mental health
problems [2,3]. Reasons for this are an increase of distress or
loneliness during the COVID-19 lockdown [4-7], yet most
studies are overlooking the directionality between behavior and
cognition over time. Recently, a network approach to
psychopathology proposed that changes in mental health result
from a temporal dynamic interaction between mental states,
such that one mental state at one moment in time (eg, worry)
can trigger other mental states at the next moment in time (eg,
feeling stressed) [8]. We set out to examine whether lockdown
measures can alter the dynamic network structure of behavior
(eg, physical activity) and pandemic-related mental states (eg,
worry). To do so, we compared differences between
moment-to-moment
time-lagged
associations
of
pandemic-related cognitions, behaviors, and mental health, and
tested for changes in centrality between lockdown stages.
Comparing centrality (ie, an index to identify variables that
have a strong influence on the other variables) can be
informative in finding the most protective or detrimental
temporal influence on mental health amid a lockdown [9,10].
This knowledge can be transferred to prioritize targets for
pandemic-related mental health care interventions.
Psychological distress and social isolation are risk factors for
developing mental disorders [11-15]. Therefore, we focused on
a subpopulation who were experiencing at least mild levels of
psychological distress and loneliness amid the COVID-19
pandemic. Moreover, we gathered real-life data using ecological
momentary assessments (EMAs) via smartphone technology
and measured objective physical activity via wrist-worn
actigraphy devices. We investigated the temporal associations
between loneliness, stress, physical and social activity, and
COVID-19–related behaviors and cognitions.
We measured three COVID-19–related cognitions: perceived
restriction in everyday life due to the pandemic, seeking
information about the pandemic, and worrying about the
pandemic’s impact on one’s life. Worries about the
COVID-19–related economic downfall and the possible health
impact on oneself or others can increase psychological distress
[7,16]. In addition, distress, anxiety, depression, and anger are
further increased by physical and social distancing measures
[17,18]. People who stayed at home often acquired more
COVID-19–related information through digital media, which
increased anxiety and psychological distress [19-22]. Thus,
COVID-19–related worrying, perceptions of restrictions, and
information-seeking can be central causes of mental health
issues.
Prior to the COVID-19 pandemic, loneliness was already
recognized as one of the most pressing issues in modern
societies [23]. Loneliness is an aversive state resulting from a
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discrepancy between an individual’s desired and realized social
relationships [24]. Limiting social contacts and closing off social
spaces can help to halt the spread of COVID-19; however, they
also increase feelings of loneliness [7,25]. Loneliness has serious
consequences for health, including increasing the risk of
cardiovascular disease and immune dysfunction, depression,
anxiety, and suicidal ideation [26]. To buffer against feelings
of loneliness during lockdown, it can be essential to receive
social support and engage in digital social activities [27,28].
A second buffer against mental health problems during the
pandemic might be physical activity. Physical activity can
relieve stress [29]; enhance cognitive abilities [30]; and reduce
the risk of diabetes [31], cardiovascular disease [32], cancer
[33], and mental disorders [34,35]. Conversely, sedentary
behavior, defined as low-energy-expenditure behavior (≤1.5
metabolic equivalents), increases the risk for negative health
outcomes, including type 2 diabetes mellitus, cardiovascular
disease, and all-cause mortality [36-38]. Physical activity can
lead to physiological reactions associated with decreased
depression, such as an increase in neuroplasticity, cerebral blood
flow, delivery of neurotrophic factors and oxygen, and resistance
to oxidative stress [39]. Finally, exercise can improve
self-efficacy and self-esteem [40]. We assessed physical activity
through actigraphy (ie, a wrist-worn device that obtains objective
measures of physical activity) [41].
Our study was performed in Germany during a no-lockdown
stage (August 8 to November 1, 2020) and a lockdown stage
(November 2, 2020, to March 9, 2021). During the no-lockdown
stage, the restrictions were lenient (eg, no private or public
meeting restrictions, and leisure facilities, bars, and catering
facilities were open). To counter the steep increase in active
COVID-19 cases, the German government announced a
lockdown on November 2, 2020, including social restrictions,
travel bans, closing of restaurants and cinemas, and business
shutdowns. In addition, these lockdowns measures were further
tightened on December 16 (eg, closing of most retail; see
Supplement A in Multimedia Appendix 1).
The aim of this study was to examine the temporal dynamic
interplay between COVID-19 pandemic–related cognitions,
behaviors, and mental health states. This is the first study to use
a dynamic network approach to compare moment-to-moment
time-lagged associations between pandemic-related cognitions,
behaviors, and mental health states between lockdown stages.
Moreover, we examined whether the lockdown affects the
centrality of loneliness and specific pandemic-related behaviors
and cognitions (ie, a more central variable has more and stronger
connections to other variables). This helps to identify the most
protective or detrimental influences on mental health during a
lockdown. This knowledge, in turn, can be used to prioritize
mental health intervention targets. Specifically, we hypothesized
that a lockdown, in comparison to a no-lockdown period,
increases the centrality of stress, physical activity, social
contacts, and loneliness. Finally, we hypothesized that stress
and loneliness will have a stronger influence on
COVID-19–related behaviors and cognitions during lockdown
than during no-lockdown.
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Methods
Participants and Sampling
We assessed 1549 participants for eligibility in an online
questionnaire. The final sample size was 258 (see Figure 1 for
the recruitment flow). On average, participants missed 17.5%
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of the questionnaires, no participants missed more than 50% of
the sent questionnaires, and 117 data points were marked by
the GGIR package [42] as “nonwear” and subsequently excluded
from the analyses. Specifically, the accelerometer nonwear score
was estimated based on the standard deviation and range of the
raw data from each accelerometer axis [42].

Figure 1. Recruitment flow.

Inclusion criteria were (1) a minimum age of 18 years, (2) not
working a night shift, (3) not being infected by COVID-19, (4)
using an Android smartphone, and (5) speaking fluent German.
Moreover, we targeted individuals who reported (6) perceived
mild to moderate psychological distress and (7) sometimes felt
lonely during the COVID-19 pandemic. We used the COVID-19
Peritraumatic Distress Index (CPDI [43]; cut-off score=28,
indicating mild distress) questionnaire and the short-form of
the University of California Los Angeles Loneliness Scale
(ULS-8 [44]; cut-off score=16, indicating mild loneliness),
respectively. The CPDI was designed for evaluating changes
in mental health status, cognitive skills, avoidance and
compulsive behavior, physical symptoms, and loss of social
functioning due to the COVID-19 pandemic. The questionnaire
has been previously validated in Germany [43].

Study Design and Procedure
The study was conducted in Germany over a 213-day period
between August 8, 2020, and March 9, 2021, covering a
no-lockdown and a lockdown stage. Participants were recruited
via online advertisements on university websites, Twitter, and
eBay classifieds. Participants had to fill in an online screening
questionnaire on the Siuvo Intelligent Psychological Assessment
Platform. After an initial contact via phone or email, we sent
participants our study information, accelerometer, informed
consent, and a QR code (to install a smartphone app) by mail.
After they completed the study, participants sent back the study
material by mail.
We conducted the EMA via the smartphone app “movisensXS”
(movisens GmbH, Karlsruhe, Germany) developed for research
purposes. This app is compliant with the General Data Protection
Regulation (European Union) and Berlin Data Protection Act
(Berliner Datenschutzgesetz). The app consists of a
sociodemographic assessment (eg, age, gender, and years of
education) and measures participants’ current experiences in
real time. Participants filled in questionnaires for 7 consecutive
days, in which they received 8 prompts (randomized within 1
hour and 45-minute blocks between 8 AM and 10 PM). We
https://www.jmir.org/2022/3/e32598
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performed an EMA that involves repeated sampling of
individuals’ current behaviors and experiences in real time and
in their natural environments. EMA minimizes recall bias,
maximizes ecological validity, and allows approximating
temporal causality (ie, Granger causality) [45]. A time series X
is said to Granger-cause Y if it can be shown, usually through
a series of t tests and F tests on lagged values of X (and with
lagged values of Y also included), that the X values provide
statistically significant information about future values of Y
[46].
Moreover, we measured physical activity via the “GENEActiv”
Original (Activinsights) monitor (dynamic range ±8 g, sampling
frequency range 10-100 Hz). Participants wore the actigraphy
device on the left wrist.

Ethical Considerations
The study was approved by the ethics committee at
Charité–Universitätsmedizin Berlin (reference EA2/143/20)
and Freie Universität Berlin (reference 030/2020).

Measures
EMA Items
Stress was measured with the following question: “In this
moment I feel stressed.” Other items started with “During the
last hour...” followed by “to which extent did you feel
constrained by the pandemic in your everyday life?” (perceived
restriction), “to which extent did you worry about how the
pandemic affects your personal situation?” (worry), “to which
extent did you seek information about the Corona pandemic?”
(information-seeking), and “to which extent did you feel lonely”
(loneliness). Each of these items was measured on a visual
analog scale (0-100: 0=not at all, 100=most frequent or severe).
Duration of social activity was measured with the question
“How long did your last social contact last?” via a Likert scale
ranging from 1=“0 minutes” to 7=“50-60 minutes.”
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Actigraphy Data
Physical activity data were collected using the actigraphy
devices worn by each participant on the left wrist.

Statistical Analysis
Overview
All analyses were performed using R statistical software (version
3.5.3). In this section, we describe the data preparation
procedures, averaged values of our measured items, estimation
of the dynamic networks, and the permutation procedure used
to test for group differences in centrality indices and dynamic
association.

Data Preparation
We calculated the Euclidean norm (vector magnitude) of the
raw signals of the three-measurement axis, which is a summary
score of body acceleration and a validated measure for physical
activity [47]. The Euclidean norm minus one (ENMO) is defined
as ri–1000 [48], where

The actigraphy data from GENEActiv (100 Hz; .bin files) were
downloaded using GENEActiv PC software V3.3. The
GENEActiv .bin files were then exported into R statistical
software V4.0.3 for processing using the GGIR package V1.2-0.
We autocalibrated the raw triaxial accelerometer signals and
computed the average ENMO metric for 1 hour before each
beep. To exclude time frames in which participants did not wear
their actigraphy device, we used the nonwear score of the GGIR
package. We excluded time frames above the cut-off score of
1. As the EMA items were nonnormally distributed, we
transformed all variables using the nonparanormal
transformation [49]. To test for nonstationarity, we calculated
a two-level autoregressive model for each lockdown group, in
which each score of the variable included in our model was
regressed on the immediately preceding score of that variable
(ie, moment-to-moment inertia). A moment-to-moment inertia
value larger than 1 indicates a nonstationary process [50]. We
assumed stationarity, as the average moment-to-moment inertia
ranged between 0.13 and 0.37 for all 7 included variables for
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each lockdown group (see Supplement B in Multimedia
Appendix 1). In addition, a Kwiatkowski-Phillips-Schmidt-Shin
(KPSS) test was performed separately for every subject and
variable. The KPSS test indicated that the data were stationary
(approximately 99.9%). The R code of the statistical analyses
is available online [51].

Dynamic Network Estimation
We built a first-order vector autoregressive model (VAR) with
the R package mlVAR. Each variable at time point t was
predicted by all variables (including itself) at the next time point
of measurement (lag 1). The results of the network models
consisted of nodes (variables) and directed edges (statistical
relations) that were visualized via the R package qgraph [52]

Permutation Testing of Centrality Indices and Edge
Differences
Permutation tests were used to compare individual path and
network centrality between the lockdown and no-lockdown
stages. The permutation procedure was developed by Wolfgang
Viechtbauer and compares the results of the observed data with
a distribution derived from repeated permutation (100,000) of
the data under the null hypothesis [53-55]. To assess the
importance of specific variables in the network of two groups,
in-strength and out-strength were calculated from all (including
nonsignificant) edges in the network. In-strength reflects the
sum of ingoing edge weights, whereas out-strength reflects the
sum of outgoing edge weights to the specific node [56,57]. A
detailed description of the permutation procedures can be found
in Supplement C in Multimedia Appendix 1.

Results
Sociodemographics
Sociodemographic characteristics of the final sample (N=258),
as well as results of independent t tests or χ2 tests comparing
these characteristics between a no-lockdown and lockdown
stage are shown in Table 1. As we had more women in our
lockdown group, we tested the effect of gender on all measured
variables. We found that, except for social duration, gender did
not significantly affect our variables (see Supplement G in
Multimedia Appendix 1).
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Table 1. Sociodemographic characteristics of participants.
Characteristic

Total (August 8, 2020, to
March 9, 2021; N=258)

No-lockdown period (AuLockdown period (Novemgust 8 to November 1, 2020; ber 2 to March 9, 2021;
n=131)
n=127)

P valuea

Age (years), mean (SD)

30.78 (11.16)

31.18 (10.52)

30.16 (11.67)

.55

Education (years), mean (SD)

15.28 (3.69)

15.1 (3.69)

15.46 (3.69)

.44

Gender, n (%)

.008

Male

77 (29.8)

49 (37.4)

28 (22.0)

Female

178 (70.0)

82 (62.6)

96 (75.6)

Diverse

3 (1.2)

0 (0)

3 (2.4)

Family status, n (%)

.93

Single

114 (44.2)

61 (46.6)

53 (41.7)

In relationship

92 (35.7)

45 (34.4)

47 (37.0)

Married

48 (18.6)

23 (17.6)

25 (19.7)

Other

4 (1.6)

2 (1.5)

2 (1.6)

Number of children, mean (SD)

1.77 (0.78)

1.7 (0.78)

1.88 (0.78)

.38

Number living with others, mean (SD)

2.56 (2.15)

2.5 (1.29)

2.62 (2.77)

.65

Health status (1=very bad, 5=very good), mean 3.74 (0.86)
(SD)

3.65 (0.91)

3.83 (0.81)

.09

COVID-19 risk group, n (%)

64 (24.8)

33 (25.2)

31 (24.4)

.80

COVID-19 distress (CPDI ), mean (SD)

47.56 (14.79)

48.32 (16.34)

46.76 (13.31)

.41

Loneliness (ULS-8c), mean (SD)

22.57 (3.97)

22.01 (4.01)

23.15 (3.85)

.02

b

a

Based on independent t test or χ2 test; unequal variance was assumed, and we applied the Welsh approximation to the degrees of freedom.

b

CPDI: COVID-19 Peritraumatic Distress Index.

c

ULS-8: University of California Los Angeles Loneliness Scale.

Average-Based Lockdown Differences
To compare the no-lockdown and lockdown stages, we
performed independent t tests using overall averages for each
person. As shown in Table 2, the lockdown significantly

increased COVID-19 worries, perceived restriction, and duration
of social contacts. Moreover, the lockdown significantly
decreased physical activity. There was no statistically significant
influence of lockdown on information-seeking, stress, and
loneliness.

Table 2. Differences between no-lockdown and lockdown stages.
No-lockdown period (n=131), mean (SD) Lockdown period (n=127), mean (SD)

P valuea

Loneliness

22.62 (20.82)

21.45 (19.80)

.64

COVID-19 worries

24.59 (18.36)

29.12 (17.33)

.04

COVID-19 perceived restriction

23.86 (17.83)

28.16 (17.05)

.05

COVID-19 information-seeking

22.85 (15.57)

23.46 (13.94)

.74

Social contacts

2.64 (0.95)

3.05 (1.00)

<.001

Stress

35.05 (18.43)

33.25 (17.34)

.42

40.15 (13.37)

35.24 (11.42)

.002

Variables
EMAb items

Physical activity from actigraphy (microgravity)
a

t test; unequal variance was assumed and we applied the Welsh approximation to the degrees of freedom.

b

EMA: ecological momentary assessment.

Network Estimation
We wanted to investigate how a lockdown affects the temporal
dynamics of pandemic-related cognitions, behaviors, and mental
https://www.jmir.org/2022/3/e32598
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health states. To do so, we first estimated the temporal (ie,
time-lagged) and bidirectional associations between detrimental
and beneficial factors via multilevel VAR models [58-60]. These
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VAR models were then used to estimate temporal dynamic
networks for a lockdown and a no-lockdown stage. Permutation
testing was used to test for group differences in individual paths
and the network centrality of pandemic-related detrimental and
beneficial mental health factors between the lockdown and
no-lockdown stage. Moreover, the exploratory results of a
permutation test for the difference in overall connectivity are
provided in Supplement C of Multimedia Appendix 1.

Haucke et al

Edge Differences Between Groups
Figure 2 displays the “full” dynamic symptom networks for the
lockdown and no-lockdown groups, which include only
statistically significant edges (ie, time-lagged partial correlations
with α<.05). Permutation tests revealed that 7 of the edges were
significantly different between the no-lockdown and lockdown
groups at the uncorrected α level (indicated with an asterisk in
Figure 2).

Figure 2. Temporal dynamic networks for a no-lockdown and a lockdown stage. Temporal relations among ecological momentary assessment and
physical activity data, measured by actigraphy devices, estimated with a multilevel vector autoregressive model, and depicted as a graph where nodes
are variables and edges (arrows connecting nodes) are statistically significant (α<.05) partial correlations among variables. Thicker and more saturated
edges depict stronger relations; positive relations are in blue and negative relations are in red. Associations that are significantly different between the
no-lockdown and lockdown stages (permutation testing using a two-sided P value at the uncorrected α level) are marked with an asterisk.

Compared to no-lockdown, in a lockdown, participants showed
a stronger connection from “loneliness” to “perceived
restriction” (difference –0.114, P<.001) and from “loneliness”
to “COVID-19–related worry” (difference –0.0767, P=.03).
Compared to no-lockdown, in a lockdown, participants showed
a weaker connection from “information-seeking” to “perceived
restriction” (difference 0.0609, P=.02) and from
“information-seeking” to “COVID-19–related worry”
(difference 0.0477, P=.05). In addition, information-seeking
led to less information-seeking in the next moment (ie, weaker
autocorrelation; difference 0.0754, P=.02).

Compared to no-lockdown, during the lockdown, participants
showed a stronger connection from “COVID-19–related worry”
to “loneliness” (difference –0.0444, P=.05).
Compared to no-lockdown, during the lockdown, participants
showed a weaker connection from “perceived restriction” to
“social activity” (difference 0.0065, P=.01).
More information on the time-lagged partial correlations (ie,
edges) that were significantly different during the lockdown
can be found in Table 3 (all, including nonsignificant, edge
differences are shown in Supplement F of Multimedia Appendix
1).

Table 3. Significant edge differences of time-lagged partial correlation coefficients between the lockdown and no-lockdown stages.
Predictor (1–lag)

Outcome

Partial correlation coefficient

Difference in partial correlation coefficient P value

No-Lockdown Lockdown
Information-seeking

Perceived restriction

0.0548

–0.0062

0.0609

.02

Loneliness

Perceived restriction

0.001

0.115

–0.114

<.001

Information-seeking

COVID-19–related worry

0.0689

0.0212

0.0477

.05

Loneliness

COVID-19–related worry

0.0274

0.1042

–0.0767

.03

Information-seeking

Information-seeking

0.1721

0.0967

0.0754

.02

COVID-19–related worry

Loneliness

–0.0129

0.0315

–0.0444

.05

Perceived restriction

Social activity

0.0043

–0.0021

0.0065

.01
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Centrality Indices
In-strength is the sum of ingoing edge weights to a specific
node and out-strength is the sum of the outgoing edge weights
to a specific node. During the no-lockdown stage, worrying
about COVID-19 had the highest out-strength, indicating that
when a participant reports worries about COVID-19 at one
measurement occasion, it is likely that this participant will report
other COVID-19–related behaviors and cognitions at the next
measurement occasion. During lockdown, loneliness had the
highest out-strength, indicating that when a participant reports
feeling lonely in one moment, this participant is likely to report

Haucke et al
COVID-19–related behaviors and cognitions in the next
momentary assessment.
Permutation tests revealed a significant higher out-strength for
“loneliness” during lockdown (difference –0.1975, P=.04) and
significant lower out-strength for “information-seeking”
(difference 0.1452, P=.03) at the uncorrected α level (as
indicated by asterisks in Figure 3). More information on
centrality indices that were significantly different can be found
in Table 4 (all, including nonsignificant, differences between
centrality indices can be found in Supplement E of Multimedia
Appendix 1).

Figure 3. The standardized centrality indices out-strength and in-strength among ecological momentary assessment and physical activity data within
the networks of the no-lockdown and lockdown stages. The statistically significant indices (permutation tests using a two-sided P value at the uncorrected
α level) are marked with asterisks.

Table 4. Significant differences in variable out-strength between lockdown and no-lockdown stages.
Variable

Out-strength

Difference

P value

No-lockdown

Lockdown

Information-seeking

0.3129

0.1677

0.1452

.03

Loneliness

0.4109

0.6084

–0.1975

.04

Discussion
Principal Findings
The COVID-19 pandemic increased mental health problems
worldwide [2,61]. Our study sheds light on the mechanisms
https://www.jmir.org/2022/3/e32598
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with which a lockdown affects mental health during the
COVID-19 pandemic. Compared to no-lockdown, during
lockdown, loneliness had a stronger impact on pandemic-related
cognitions and behaviors such as perceived restrictions and
worries about the pandemic. In turn, pandemic-related cognitions
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and behaviors reinforced each other and increased stress across
lockdown stages. Finally, we found engaging in daily physical
activity to be an effective strategy against feelings of loneliness
during lockdown. In sum, our results suggest that when strict
lockdown measures are in place, loneliness is the central trigger
of stress-related behaviors and cognitions. Thus, loneliness
should be prioritized in mental health interventions in the context
of pandemic-related psychological distress.
Loneliness is a distressing emotional state in which one
experiences a discrepancy between the desired and perceived
quantity and quality of social relations [62]. Previous studies
showed that lonely individuals exhibit a negative information
bias such as increased attention for social threatening stimuli,
negative and hostile intent attributions, expectation of rejection,
and rumination [63]. We found that during lockdown, feelings
of loneliness had the highest out-strength, indicating that
loneliness is the central trigger of stress-related behaviors and
cognitions. Compared to a no-lockdown, a lockdown increased
the out-strength of loneliness, which indicates that loneliness
has a more central role in affecting stress-related cognitions and
behaviors during lockdown. Moreover, during lockdown, the
influence of loneliness on perceptions of restriction and
COVID-19–related worry increased. Thus, a lockdown changes
the way loneliness interacts with pandemic-related behaviors
and cognitions.
COVID-19–related-worries, feelings of restriction, and
information-seeking were mutually reinforcing over time in
both the no-lockdown and lockdown stages, resulting in a
vicious stress-inducing cycle from which it can be increasingly
difficult to escape. Information-seeking had less out-strength
during lockdown compared to the no-lockdown stage, which
indicates that COVID-19–related information-seeking has a
more central role during a no-lockdown period. During
lockdown, information-seeking at one moment led to less
information-seeking at the next moment (ie, weaker
autocorrelation), and its influence on perceived restrictions and
COVID-19–related worry decreased. These findings contrast
earlier reports concluding a more significant influence of
information-seeking during lockdown, based on findings of
increased averaged information-seeking [19,21]. Moreover,
during the no-lockdown stage, “feeling restricted” increased
information-seeking, whereas during lockdown, “feeling
restricted” decreased information-seeking. This suggests that
during a no-lockdown stage, people are in a type of
information-approach state, whereas during lockdown, people
are more likely to be in an information-avoidance state.
Therefore,
the
best
moment
to
communicate
COVID-19–relevant information such as safety behaviors might
be an early pandemic stage when no lockdown measures are in
place.
Physical activity increased social activity in both the
no-lockdown and lockdown stages. This association might result
from public health recommendations that suggest meeting people
only outside enclosed spaces. During COVID-19, people might
have combined physical and social activity (ie, they found a
companion to go for a walk or hike outside). Physical activity
can also help to form interpersonal relationships (eg, attending
a virtual group fitness class). Moreover, physical activity
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decreased feelings of loneliness during lockdown. A possible
reason is that physical activity can mediate contextual influences
on loneliness (eg, being in nature and physically active rather
than sitting at home and leading a sedentary lifestyle) [64].
Meeting more people did not decrease feelings of loneliness in
either of the lockdown stages. A potential explanation is that
feelings of loneliness are not caused by the number of social
contacts but rather the perception that current relationships do
not match desired relationships (eg, the other person being
attentive to one’s needs) [65]. Finally, physical activity and
social activity were associated with decreased stress only during
the lockdown stage, indicating that during lockdown, these
stress-buffering behaviors become effective.

Perspectives on Mental Health Interventions
We found that loneliness has the highest temporal effect on all
measured moment-to-moment pandemic-related cognition and
behaviors during lockdown. This, in turn, suggests that
loneliness can be a central trigger of stress-related behaviors
and cognitions. Our study suggests that mental health
interventions during the pandemic lockdown should prioritize
the feeling of loneliness rather than pandemic-related
rumination, feelings of restriction, or information-seeking. This
could be achieved by a digital mental health approach (eg, online
therapy or smartphone-based interventions) that fosters a sense
of belonging and community [66-70]. To our knowledge, this
is the first study to use a temporal network model comparison
approach to identify and refine mental health intervention
targets. This approach might be valuable to identify possible
temporal causal trigger variables for negative cognitions and
behaviors in other types of mental health interventions as well.

Limitations
This was a natural experiment with high ecological validity but
low control for extraneous variables, including seasonal effects
[71]. Moreover, we cannot exclude the possibility that the
observed interactions are influenced by other unmeasured
underlying factors [72]. In addition, we have independent
samples for comparisons of lockdown and no-lockdown stages.
Thus, we cannot exclude the possibility that differences in
sample characteristics may have influenced the results. However,
except for the loneliness score and gender distribution, the
samples did not differ in any of the measured variables. We
assume that the slightly higher loneliness measure (ULS-8) in
the lockdown sample was due to the lockdown. However, it
cannot be ruled out that we recruited participants who were
generally lonelier in the lockdown sample by chance. Gender
did not have an influence on any of the measured variables,
except for time spent on social activities. Here, women reported
higher values than men or diverse genders. Taken together, it
is unlikely that there is a major bias in our central findings due
to differences in sample characteristics.

Conclusion
To develop effective pandemic mental health interventions, it
is crucial to understand the temporal dynamics of mental health
factors during a COVID-19 lockdown. In comparison to a
no-lockdown stage, a lockdown increased the central role of
loneliness in triggering pandemic-related behaviors and
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cognition. In turn, pandemic-related cognitions and behaviors
such as perceived restrictions and worries about the pandemic
reinforced each other and increased stress. In addition, we found
that physical activity can be an effective buffer against stress

Haucke et al
and loneliness during lockdown. Our results suggest that
loneliness can be the central trigger for stress-related behaviors
and cognitions during lockdown and therefore should be
prioritized in mental health interventions.
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