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1. Introduction 

Until today, COVID-19 has had a high impact on the population 
worldwide. The first cases of the virus were reported in 2019 and on the 
11th of March 2020, the World Health Organisation (WHO) officially 
declared the rapid spread of the virus as a global pandemic (WHO, 
2020a; Zhu et al., 2020). To prevent the rapid spread of the virus, 
enhanced hygienic rules and social restrictions have been introduced 
among other pandemic measures in Germany. After one and a half years 
later, in 2021, the global pandemic and the accompanying measures still 
play a major role in people’s life. As prevalences, incidences, and mor-
tality rates are still high in Germany, the pandemic retains its high so-
cietal toll (Bendau et al., 2020; Robert Koch Institut, 2021b; Scholz et al., 
2021). Even though specific vaccinations have been made available to 
the public, vaccination skepticism is present and leaves approximately 
15 million people in Germany unvaccinated (Ashton, 2021; Bendau 
et al., 2021; Umakanthan and Lawrence, 2022; Robert Koch Institut, 
2021a). Additionally, novel virus mutations like the omicron variant 
emerged (Burki, 2022). As a result, restrictions and governmental 
measures to prevent the spread of the virus are still part of everyday life. 
Those rules and measures negatively influence the population’s level of 
satisfaction which is further highlighted by sinking trust in the gov-
ernment related to the handling of the pandemic (Skoda et al., 2021). All 
over the world, a decrease in well-being has been reported as well 
(Vindegaard and Benros, 2020). 

Not only does the COVID-19 pandemic influence well-being, but it 
also has a negative impact on mental health globally (Bäuerle et al., 
2020; Brodeur et al., 2021; Castelli et al., 2020; Gray et al., 2020; Liu 
et al., 2021; Serafini et al., 2020; Vindegaard and Benros, 2020). 
Compared to prevalences before the onset of the pandemic, higher levels 
of anxiety symptoms, depressive symptoms, sleeping problems, stress, 

and psychological distress have been reported during the initial phase of 
the pandemic (Bäuerle et al., 2020; Hetkamp et al., 2020; Vindegaard 
and Benros, 2020). The psychological distress seems to increase 
throughout the pandemic, as higher levels of depressive symptoms have 
been reported during the second lockdown phase than during the first 
lockdown phase in Germany (Bendau et al., 2020; Moradian et al., 
2021). Another factor, the so-called “pandemic fatigue” has now 
emerged during the ongoing pandemic and causes distress globally 
(WHO, 2020b). According to the WHO (2020a), pandemic fatigue is a 
reaction to the ongoing and long-lasting COVID-19 pandemic. Pandemic 
fatigue is a state of exhaustion and it leads to distress, negatively affects 
emotions, cognitions, and behavior (WHO, 2020b). Moreover, it is 
associated with sleep problems, fear, sadness, and worrying (Labrague 
and Ballad, 2021). Also, pandemic fatigue can decrease the motivation 
to tackle the COVID-19 pandemic and to adhere to the restrictions 
(WHO, 2020b). Even though it is assumed that pandemic fatigue is a 
factor that negatively influences well-being (WHO, 2020b), specific 
research investigating its associated factors is rare. 

The impact of the COVID-19 pandemic on mental health during its 
initial phase has been displayed in a great part of the recent literature 
(Bäuerle et al., 2020; Brodeur et al., 2021; Castelli et al., 2020; Gray 
et al., 2020; Serafini et al., 2020; Vindegaard and Benros, 2020). How-
ever, most of the research was merely conducted in 2020 during earlier 
phases of the pandemic and only few research examining the mental 
health situation during the COVID-19 pandemic in 2021 exists (Creswell 
et al., 2021; Vahratian et al., 2021). In addition to that, past research 
mostly investigated how distinct and often smaller sets of variables are 
related to each other, using a top-down hypothesis testing approach 
(Taylor, 2020). This top-down approach can detect relationships be-
tween variables by analyzing variables in an isolated manner, however, 
inconspicuous but significant relationships when examining variables 
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altogether might not get detected. When investigating the COVID-19 
pandemic and its associated factors, the top-down approach alone 
might be deficient as a complex interconnectedness between several 
variables is assumed (Di Blasi, 2021; Taylor, 2019; Taylor et al., 2020). 

Network analysis offers a bottom-up approach to analyze multivar-
iate data by investigating complex relationships between different sets 
of variables (Borsboom et al., 2021). Specifically, network analysis in-
vestigates the organization and interconnectedness between variables 
represented in a network based on the assumption that distinct com-
ponents within a system interact with each other (Borsboom and 
Cramer, 2013; Borsboom et al., 2021). Within this approach, the vari-
ables in a network are referred to as “nodes”, whereas the connections 
among nodes are called “edges” (Borsboom and Cramer, 2013; Bors-
boom et al., 2021). The strength of the association between nodes is 
called “edge weight” which is represented by a statistical parameter, 
most commonly by partial correlations (Borsboom and Cramer, 2013; 
Borsboom et al., 2021). Network analysis is a useful tool in psychology 
research, as most theories, such as the biopsychosocial model and 
cognitive-behavioral models, are based on diverse variables and the 
complex interactions between them (Hevey, 2018; Taylor, 2020). 
Therefore, the network approach is a promising method to reveal in-
terconnections within a multivariate set of relevant determinants like 
psychological and behavioral factors during the COVID-19 pandemic. 

Although recent studies examined the relation of different psycho-
logical and behavioral variables in the face of the COVID-19 pandemic 
(Bäuerle et al., 2020; Morgul et al., 2020; Skoda et al., 2021; Weismüller 
et al., 2021; Wismans et al., 2021), there is lack of research on how they 
are related to each other in an interplay of a set of multiple variables, 
particularly during the pandemic situation in 2021. Moreover, the role 
that pandemic fatigue might have in relation to mental health concerns 
is not fully understood. Therefore, the current study investigated how 
pandemic fatigue, COVID-19 related fear, depressive symptoms, gener-
alized anxiety symptoms, sleep problems, COVID-19 related cognitions 
and behavior, and vaccination attitudes were related to each other using 
the network analysis approach. Already existing psychometric network 
analyses analyzed different sets of variables during earlier phases of the 
pandemic in 2020 (Di Blasi et al., 2021; Liu et al., 2021; Taylor et al., 
2020; Zavlis et al., 2021). However, pandemics are dynamic, and their 
impact differs between specific phases (Taylor, 2017). As a result, the 
goal of the current study was to obtain a coherent picture of the 
COVID-19 pandemic in 2021, to explore the role of pandemic fatigue, 
and to pinpoint possible risk factors that affect mental health. 

2. Methods 

2.1. Study design, participants, and procedure 

The study consisted of a cross-sectional study design. The ethics 
committee of the Medical Faculty of the University of Duisburg-Essen 
approved the setup of the study (20-9307-BO). From the 18th of 
January 2021 until the 16th of September 2021, the online survey was 
spread via several media platforms, such as social media, online news-
papers, and print media. Participation was voluntary and without 
reimbursement. After obtaining electronic informed consent, the par-
ticipants filled out the questionnaire, which took approximately 14 min. 
The questionnaire was administered in German. Withdrawal from the 
study was possible at any time. The data were processed anonymously. 
In total, 5138 participants filled in the survey, of which 4462 completed 
it. As only participants who completed the survey were included, the 
final sample consisted of 4462 participants. Of them, 39,6% identified as 
male (n = 1766), whereas 60,4% identified as female (n = 2969). All 
participants were between 18 and 85 years old. The inclusion criteria for 
participating were (1) age above 18, and (2) sufficient knowledge of the 
German language. See Table 1 for demographic characteristics. 

2.2. Measures 

Generalized anxiety symptoms were assessed with the German 
version of the Generalized Anxiety Disorder 7-item Scale (GAD-7; Wil-
liams, 2014). The GAD 7 is a questionnaire, which assesses different 
anxiety symptoms during the past two weeks. The items were based on a 
four-point Likert scale (0 = never; 3 = almost every day). The internal 
consistency was high (α = .91). 

Depressive symptoms were assessed based on the German version of 
the Patient Health Questionnaire-2 (PHQ-2; Löwe et al., 2005): The 
German version of the PHQ-2 consists of two items measuring depressive 
symptoms during the past two weeks. The items were based on a 
four-point Likert scale (0 = never; 3 = almost every day). The internal 
consistency was high (α = .84). 

Sleep problems were assessed based on the following item: “In the 
past two weeks, did you have problems falling asleep and staying 
asleep?”. The item was scored on a four-point Likert scale (0 = never; 3 
= almost every day). The item is part of the Patient-Health- 
Questionnaire-9 (PHQ-9; Kroenke and Spitzer, 2002). 

Pandemic fatigue was assessed with four items which measured 
levels of restlessness, shiftlessness, exhaustion, and fatigue on a 7-point- 
Likert scale (1 = disagree at all; 7 = totally agree). The questions were 
part of the German version of the SF-36-Health Survey (SF-36; Bul-
linger, 2000) and they were adapted to the current COVID-19 pandemic. 

Table 1 
Demographic characteristics of the final Sample (N = 4462).    

N % 

Gender     
Female 2969 60.4  
Male 1766 39.6 

Age     
18-24 786 17.6  
25-34 1047 23.5  
35-44 975 21.9  
45-54 899 20.1  
55-64 576 12.9  
65 or older 179 4.0 

Level of Education     
University Degree 1630 36.5  
High School Degree 1423 31.9  
Higher Middle School Degree 1089 24.4  
Lower Middle School Degree 236 5.3  
Without School Degree 24 .5  
Other Form of Schooling 60 1.3 

Residence area     
Urban area (population size > 20000) 2726 61.1  
Rural area (population size < 20000) 1736 38.9 

Marital Status     
Single 1349 30.2  
Married 1772 39.7  
In a relationship 991 22.2  
Separated/Divorced 270 6.1  
Widowed 40 .9  
Other 40 .9 

Work area     
Not employed 965 21.6  
Health Care System 503 11.3  
Economy Sector 1004 22.5  
Industry 414 9.3  
Academic Research 54 1.2  
Civil Service 218 4.9  
IT 199 4.5  
Gastronomy 66 1.5  
Architecture & Construction 168 3.8  
Art & Culture 63 1.4  
Media 55 1.2  
Social Sector 401 9.0  
Other 352 7.8 

Health Status     
Physical Illness 1003 22.5  
Mental Illness 460 10.3  
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A total score was calculated and a high score indicated a high level of 
pandemic fatigue, whereas a low score indicated a low level of pandemic 
fatigue. The internal consistency was high to excellent (α = .88). 

COVID-19 related fear was assessed with the COVID-19 Anxiety 
Questionnaire (C-19-A; Petzold et al., 2020). The C-19-A is a validated 
questionnaire, and an item example includes “In the past seven days, I 
felt restless and anxious while thinking about the COVID-19 pandemic”. 
The items are scored on a five-point-Likert scale (1 = never; 7 = always). 
A total score was calculated, and a high score indicated a high level of 
COVID-19 related fear, whereas a low score indicated a low level of 
COVID-19 related fear. The internal consistency was high (α = .85). 

Attitudes towards vaccinations during the COVID-19 pandemic were 
assessed with the German version of the 5C scale (G5C; Betsch et al., 
2018). The G5C scale is a validated questionnaire that assesses psy-
chological antecedents of vaccinations. The following psychological 
antecedents were measured: trust in the security of vaccinations, com-
placency, constraints of getting vaccinated, calculated reservation, and 
belief in collective responsibility (Betsch et al., 2018). The items were 
scored on a 7-point Likert scale (1 = disagree at all; 7 = totally agree). 
When interpreting the G5C scale, each item was analyzed separately. 
The G5C shows high concurrent and construct validity (Betsch et al., 
2018). 

Trust in government related to the COVID-19 pandemic measures 
was assessed, based on Bäuerle et al. (2020), with four self-generated 
items based on a seven-point Likert scale (1 = disagree at all; 7 =
totally agree). The following items were used: “I feel like Germany is 
well prepared regarding the COVID-19 pandemic.”, “I think that all 
relevant measures are taken to tackle the COVID-19 virus.”, “I have trust 
in the governmental system in Germany”, “I think the selected measures 
to tackle the COVID-19 crisis are appropriate.”. A total score was 
calculated and a high score indicated a high level of trust, whereas a low 
score indicated a low level of trust. The internal consistency was 
acceptable to high (α = .76). 

The perceived limitation through the pandemic measures was 
assessed with the following item: “How much do you and your family 
feel restricted regarding the pandemic measures?”. This item was based 
on a five-point Likert scale (1 = not at all; 5 = a lot). 

Safety behavior was assessed with eight items and, based on Weis-
müller et al. (2021), divided into adherent and dysfunctional safety 
behavior. Adherent safety behavior (ASB; Weismüller et al., 2021) was 
assessed with four items based on a 7-point Likert scale (1 = disagree at 
all; 7= totally agree). Item examples include: “In the past two weeks, I 
used to wash and disinfect my hands more often.”, and “In the past two 
weeks, I avoided public and crowded places.”. The internal consistency 
was high to excellent (α = .87). Dysfunctional safety behavior (DSB; 
Weismüller et al., 2021) was assessed with four items based on a 7-point 
Likert scale (1 = disagree at all; 7= totally agree) as well. The internal 
consistency for DSB was high (α = .8). For both ASB and DSB, a total 
score was calculated and a high score indicated a high level of safety 
behavior, whereas a low score indicated a low level of safety behavior. 

How much time individuals spend in individual research was 
assessed by the following item: “How much time, on average, do you use 
every day to inform yourself about COVID-19?”. Participants could 
choose between zero to ten minutes, ten to 30 min, 30 to 60 min, one to 
two hours, more than two hours, or more than 5 h. 

Subjective level of information related to COVID-19 was assessed, 
based on Bäuerle et al. (2020), with three self-generated items based on 
a 7-point Likert scale (1 = disagree at all; 7 = totally agree). The 
following items were used: “I feel well informed about the COVID-19 
virus.”, “I feel well informed about the restrictions that are being used 
to prevent the spread of the virus.”, and “I understand the advice from 
the health authorities related to the COVID-19 virus”. A total score was 
calculated, and a high score indicated a high level of personal education, 
whereas a low score indicated a low level of personal education. The 
internal consistency was high (α = .79). 

2.3. Data analysis 

To achieve sufficient power, a minimum sample size from 250 to 350 
is required, if the network consists of 20 nodes or less (Constantin et al., 
2021). 

The data were analyzed using the statistical software R, version 4.1.1 
(R Core Team, 2021). Missing data was handled using listwise deletion. 
The following packages were used: qgraph, igraph, bootnet, and EGAnet 
(Csardi and Nepusz, 2006; Epskamp et al., 2012, 2018; Golino and 
Epskamp, 2017). First, the network was estimated and visualized. Next, 
centrality indices were computed. Then, an exploratory graph analysis 
(EGA; Golino and Epskamp, 2017) was conducted. Last, the network’s 
stability and accuracy were assessed via bootnet. 

The following measures were selected as nodes: trust in government 
related to COVID-19 pandemic, perceived limitations through pandemic 
measures, pandemic fatigue, COVID-19 related fear, adherent safety 
behavior, dysfunctional safety behavior, subjective level of information 
related to COVID-19, time invested in personal research, mistrust in the 
security of vaccinations, complacency, constraints of getting vaccinated, 
calculated reservation, belief in collective responsibility, generalized 
anxiety symptoms, depressive symptoms, and sleep problems. This 
resulted in a partial correlation network of 16 nodes. Within a partial 
correlation network, partial correlations display the relationship be-
tween two nodes, while controlling for all other nodes in the network. A 
graphical Least Absolute Shrinkage and Selection Operator (glasso; 
Friedman et al., 2008) was used for edge estimation. The Extended 
Bayesian Information Criterion (EBIC; Chen and Chen, 2008) was 
applied with a tuning parameter of .5. 

Degree centrality and three centrality indices namely strength, 
closeness, and betweenness were estimated. Degree centrality adds up the 
number of edges that the node has. The strength index expresses the sum 
of the edge weights of all edges that a corresponding node has with other 
nodes in the network. Node strength is the most important centrality 
index (Hevey, 2018). A high strength index reflects the high importance 
of that particular node in the network. The closeness index identifies the 
average distance of a node to all other nodes by taking into account the 
indirect connections that node has to other nodes (Hevey, 2018). 
Closeness gives insight into how nodes affect changes in the network and 
vice versa (Hevey, 2018; Borgatti, 2005). A high closeness index in-
dicates that a node which considerably affects changes in the network 
but which is also highly affected by changes within the network (Bor-
gatti, 2005). The betweenness index quantifies how often a node is 
placed on the shortest path between two other nodes (Opsahl et al., 
2010). A high betweenness index indicates that the node plays an 
important role in connecting other nodes (Saramäki et al., 2007). 

When analyzing network topology, it is recommended to not identify 
clusters of communities by visual inspection, but to conduct a corre-
sponding statistical analysis (Fried, 2016). Therefore, an exploratory 
graph analysis (EGA) using the EGAnet package was conducted (Golino 
and Epskamp, 2017). EGA detects and graphically displays communities 
in the network using the walktrap algorithm (Golino and Epskamp, 
2017). 

Bootstrap procedures were conducted for edge weight variation, 
significance of edge weight and node strength differences, and correla-
tion stability of the centrality indices. 

3. Results 

Fig. 1. shows the visualized partial correlation network. In total, 64 
out of 120 edges have emerged, which indicates a dense network 
structure. In total, 44 edges were positive (69%) and 20 (31%) were 
negative. See Appendix A of the supplementary material for a graphical 
representation of the network with displayed edge weights. The 
following strongest positive edges have been identified: depressive 
symptoms (O) and generalized anxiety symptoms (N) (r = .49), adherent 
safety behavior (E) and COVID-19 related fear (D) (r = .43), generalized 
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anxiety symptoms (N) and COVID-19 related fear (D) (r = .33), trust in 
government related to pandemic measures (A) and subjective level of 
information related to COVID-19 (G) (r = .31), mistrust in security of 
vaccinations and complacency (r = .30), pandemic fatigue (C) and 

depressive symptoms (O) (r = .29), mistrust in security of vaccinations 
and belief in collective responsibility (r = .28), complacency and belief 
in collective responsibility (r = .27), and generalized anxiety symptoms 
(N) and sleep problems (P) (r = .26). The strongest negative edge 

Fig. 1. Visualized Partial Correlation Network. Letters A to P represent the selected nodes and the lines between those nodes represent edges. Colors of the nodes 
represent the theoretical topics the nodes have been divided into. Green edges display positive partial correlations, whereas red edges display negative partial 
correlations. The thickness of the edges represents the indication of the strength of the edge. The thicker the edge, the higher the edge weight. 

Fig. 2. Visualized Exploratory Graph Analysis. For node legend, see Fig. 1. The colors of the node represent the community the respective node belongs to. In total, 
three communities have been identified. Green lines between the nodes represent positive edges, whereas red lines between the nodes stand for negative edges. The 
thickness of the edge represents the strength of the edge weights. 
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weights were between trust in government related to pandemic mea-
sures (A) and perceived limitations through pandemic measures (B) (r =
-.31), and trust in government related to pandemic measures (A) and 
mistrust in the security of vaccinations (I) (r = -.20). 

An EGA, which can be seen in Fig. 2., was conducted to detect node 
communities in the network. In total, three communities have been 
identified. The first community consisted of nix nodes, namely perceived 
limitations through pandemic measures (B), constraints of getting 
vaccinated (K), time invested in personal research (H), COVID-19 
related fear (D), adherent safety behavior (D), and dysfunctional 
safety behavior (F). Within this community, edge weights were both 
positive and negative. The other six nodes, namely trust in government 
related to pandemic measures (A), subjective level of information 
related to COVID-19 (G), and the vaccination attitudes mistrust in the 
safety of vaccinations (I), complacency (J), belief in collective re-
sponsibility (M), and calculated reservation (L) built up the second 
community. This community displayed both positive and negative edges 
as well. The third community consisted of the four nodes pandemic fa-
tigue (C), depressive symptoms (O), generalized anxiety symptoms (N), 
and sleep problems (P). This cluster showed only strong positive edges 
indicating a dense interconnectedness of these variables. Overall, the 
network topology revealed that the second and the third community 
were not directly connected, as they did not share significant edges. In 
contrast, the first community was densely connected with both other 
communities through significant edges. 

The centrality indices can be seen in Fig. 3. The nodes with the 
highest degree centrality were adherent safety behavior (E), generalized 
anxiety symptoms (N), trust in government related to pandemic mea-
sures (A), pandemic fatigue (C), and complacency (M). The nodes 
adherent safety behavior (E), generalized anxiety symptoms (N), 
mistrust in the security of vaccinations (I), and trust in government 

related to pandemic measures (A) have been found to have the highest 
strength index. The nodes adherent safety behavior (E), trust in gov-
ernment related to pandemic measures (A), and COVID-19 related fear 
(D) showed the highest closeness index. The highest betweenness index 
was displayed by adherent safety behavior (E), COVID-19 related fear 
(D), and generalized anxiety symptoms (N). Based on the centrality 
indices, adherent safety behavior (E), generalized anxiety symptoms 
(N), COVID-19 related fear (D), and trust in the government related to 
pandemic measures (A) were identified as the most influential nodes. 

Bootstrap procedures were conducted for edge weight variation, the 
significance of edge weight and node strength differences, and the cor-
relation stability of the centrality indices. The bootstrapping procedures 
indicated excellent stability and interpretability of both the network and 
centrality indices. For visualization and detailed description of the un-
dertaken measures, see appendix B of the supplementary material. 

4. Discussion 

The current study investigated the interplay between various psy-
chological factors during the COVID-19 pandemic in 2021 using 
network analysis. Overall, results revealed a dense network with three 
clusters and many interconnections. Adherent safety behavior, gener-
alized anxiety symptoms, COVID-19 related fear, and trust in govern-
ment related to pandemic measures have been identified as the most 
influential nodes during the COVID-19 pandemic. 

The strongest connection has been observed between depressive and 
generalized anxiety symptoms. This shows that depressive and gener-
alized anxiety symptoms are intertwined and are likely co-occur during 
the COVID-19 pandemic. This is in line with pre-pandemic research as 
well, in which depression and anxiety show high comorbidity at both 
disorder and symptom levels (Cramer et al., 2010; Jacobson and 

Fig. 3. Centrality indices strength (left), closeness (middle), and betweenness (right). Letters on the y-axis represent the allocated nodes. For a node legend, see 
Fig. 1. Numerical values on the x-axis represent z-values associated with the respective centrality index. 
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Newman, 2017). Moreover, the existence of one symptom serves as a 
risk factor for the other (Jacobson and Newman, 2017). The second 
strongest connection has been found between COVID-19 related fear and 
adherent safety behavior, suggesting that fear and behavior potentially 
influence each other. This is in line with Weismüller et al. (2021), who 
identified a link between COVID-19 fear and adherent safety behavior as 
well. Not only did COVID-19 related fear display a strong connection to 
adherent safety behavior but it was also related to generalized anxiety 
symptoms. This suggests that also fear and generalized anxiety are likely 
to influence each other in the current pandemic situation. Further ana-
lyses revealed that generalized anxiety symptoms and COVID-19 related 
fear were separated into different clusters, suggesting that COVID-19 
related fear and generalized anxiety highly correlate but originate 
from different psychological concepts. This is supported by similar 
findings in recent literature (Heeren, 2020; Öhman, 2008; Schweda 
et al., 2021). As a result, it is proposed to address COVID-19 related fear 
and generalized anxiety differently. 

Trust in government has been identified to play a central role during 
the COVID-19 pandemic, which is in line with past research by Skoda 
et al. (2021). This factor was most strongly related to the subjective level 
of information related to COVID-19 and the perceived limitations 
through the pandemic measures. The positive correlation between trust 
in government related to pandemic measures and subjective level of 
information related to COVID-19 indicates that subjective knowledge 
about COVID-19 can lead to higher trust in the government, possibly 
because of general knowledge about the virus and the necessary mea-
sures to prevent further spread is given. Going along with that, higher 
trust in the government might decrease the perceived limitations due to 
the pandemic measures and vice versa. This is in line with Da Silva et al. 
(2021), who found a positive association between trust in government 
and the willingness to socially isolate within the COVID-19 pandemic. 
Overall, these findings highlight the responsibility the government has 
in fighting the virus. A clear and structured governmental proceeding 
during the COVID-19 pandemic is important to maintain trust and 
adherence of the public in important safety measures. 

A community of nodes clustering around psychopathology symptoms 
and pandemic fatigue has been identified. Specifically, the cluster con-
sisted of generalized anxiety symptoms, depressive symptoms, sleep 
problems, and pandemic fatigue and there was a strong positive corre-
lation between all those variables. The findings are in line with research 
by Labrague and Ballad (2021), in which pandemic fatigue was associ-
ated with similar symptoms such as sleep problems, increased fear, 
sadness, increased irritability, and worrying among college students. 
Overall, this cluster shows that psychopathological symptoms and 
pandemic fatigue are densely interconnected. Thus, it is suggested that 
these factors can foster each other during the current pandemic. In 
general, the results of the current study support the assumption of the 
WHO (2020b) that pandemic fatigue is negatively associated with 
mental health, as significant connections to psychopathological symp-
toms have been found. 

Another community clustered around vaccination attitudes, trust in 
government related to pandemic measures, and subjective education 
related to COVID-19. Especially mistrust in the security of vaccinations 
was strongly related to trust in government related to pandemic mea-
sures and subjective level of information related to COVID-19. This 
suggests that personal knowledge about COVID-19 is associated with 
vaccination attitudes, especially trust in the security of vaccinations. The 
third community consisted of COVID-19 related cognitions like 
perceived limitations through the pandemic measures and constraints of 
getting vaccinated, and COVID-19 related behavior including safety 
behaviors and time invested in personal research about COVID-19. This 
indicates that COVID-19 related cognitions and behaviors are interre-
lated, which is in line with Taylor et al. (2020) who suggest that the 
cognitive-behavioral model can be adapted to the COVID-19 pandemic. 
This is further supported by the finding that adherent safety behavior 
was identified as one of the most influential factors, as it displayed many 

significant connections to COVID-19 related cognitions. 
Overall, the results of the current study indicate a dense intercon-

nectedness of various variables during the COVID-19 pandemic in 2021. 
Especially COVID-19 related fear, generalized anxiety, safety behavior, 
and trust in the government have been identified as influential factors. 
This indicates that COVID-19 and its associated anxiety still plays an 
important role in everyday life, which was also reflected by its many 
connections to related cognitions and behavior. Interestingly, vaccina-
tion attitudes are closely related to subjective knowledge about COVID- 
19 and trust in the government, but only weakly to COVID-19 related 
fear. This suggests that COVID-19 related fear does not seem to be a 
strong motivator for getting vaccinated, which might be also reflected 
by a relatively low vaccination ratio in Germany. 

The current study paves the way to a better understanding of the role 
of pandemic fatigue and its associated factors during the COVID-19 
pandemic. It has been shown that pandemic fatigue, depressive symp-
toms, generalized anxiety symptoms, and sleep problems were part of an 
interconnected cluster that possibly foster each other. As pandemic fa-
tigue was strongly connected to psychopathology symptoms, it was 
identified as a risk factor for mental health during the COVID-19 
pandemic as well. The strong interconnection of pandemic fatigue, 
depressive symptoms, generalized anxiety symptoms, and sleep prob-
lems indicates a high psychological burden for the general population 
during the COVID-19 pandemic. Also, pandemic fatigue showed many 
significant connections to COVID-19 related behavior and cognitions 
which supports the assumption of the WHO (2020b) that pandemic fa-
tigue might influence pandemic-related behavior. In addition to that, 
the high interconnectedness of pandemic fatigue to psychopathology 
symptoms and COVID-19 related cognitions and behavior supports the 
adaptation of the cognitive-behavioral model to the COVID-19 
pandemic. As a result, pandemic risk factors like pandemic fatigue 
should be captured and alleviated within the healthcare system, as they 
can negatively affect the general population in different aspects. More-
over, it highlights the need for interventions supporting mental health 
especially during later phases of the COVID-19 pandemic. Interventions 
adapted to the COVID-19 pandemic aim to reduce psychological 
distress, foster resilience, and improve general well-being (Bäuerle et al., 
2021; Labrague, 2021). 

This is the first study that investigated COVID-19 related cognitions, 
COVID-19 related behavior, psychopathology symptoms, pandemic risk 
factors such as pandemic fatigue and COVID-19 related fear, and 
vaccination attitudes in a network. The large set of different variables 
offers an extensive overview of the COVID-19 pandemic in a later phase 
of the pandemic in Germany with a large and representative sample. 
However, the study contains some limitations. First, there was gender 
imbalance in our sample, as the majority of participants that filled in the 
survey identified as female. Next, the design of the study was cross- 
sectional and exploratory. Even though network analysis displays sig-
nificant connections between two nodes while controlling for other 
nodes in the network, it does not represent causal relationships. More-
over, due to the study design, there is a risk of selection bias. Therefore, 
further studies are needed to detect causality. Also, the network of the 
current study represents the pandemic situation in 2021 in Germany. 
However, the network structure might differ across countries and at 
different stages of the pandemic (Taylor et al., 2020). Hence, further 
research replicating the study in different countries and at a later point 
can give new insights into the network of pandemic variables. 

5. Conclusion 

Network analysis revealed a dense network with many in-
terconnections between various variables. This highlights a complex 
interaction of different sets of factors during the COVID-19 pandemic. It 
has been shown that especially COVID-19 related fear, generalized 
anxiety, safety behavior, and trust in the government play a central role 
during the COVID-19 pandemic in 2021. Vaccination attitudes were 
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strongly linked to subjective knowledge concerning COVID-19 and trust 
in the government but weakly to COVID-19 related fear. Pandemic fa-
tigue was suggested to work as a risk factor for mental health, as it was 
strongly associated with psychopathology symptoms. The interconnec-
tedness of various COVID-19 related cognitions and behavior support 
the adaption of the cognitive-behavioral model to the current pandemic. 
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