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Background: Although poor mental well-being (MW) has been documented

among individuals experiencing burnout during the coronavirus-19 (COVID-

19) pandemic, little is known about the complex interrelationship between

di�erent components of MW and burnout. This study investigates this

relationship among medical sta� during the COVID-19 pandemic through

network analysis.

Methods: A total of 420 medical sta� were recruited for this study.

Components of MW were measured by the 14-item Warwick-Edinburgh

Mental Well-being Scale (WEMWBS), and components of burnout were

measured by a 15-item Maslach Burnout Inventory-General Survey (MBI-GS)

Questionnaire. Network structure was constructed via network analysis. Bridge

variables were identified via the bridge centrality index.

Results: The edges across two communities (i.e., MW community and

burnout community) are almost negative, such as edge MW2 (“Useful”)

– B14 (“Worthwhile”) and edge MW1 (“Optimistic about future”) – B13

(“Happy”). The edges within each community are nearly positive. In the MW

community, components MW1 (“Optimistic about future”) and MW6 (“Dealing

with problems”) have the lowest bridge centrality. And in the community of

burnout, components B13 (“Happy”) and B14 (“Worthwhile”) have the lowest

bridge expected influence.

Conclusion: We present the first study to apply the network approach

to model the potential pathways between distinct components of MW

and burnout. Our findings suggest that promoting optimistic attitudes and

problem-solving skills may help reduce burnout among medical sta� during

the pandemic.
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Introduction

The COVID-19 pandemic caused by the new SARS-CoV-2

virus puts tremendous pressure on the medical staff. Medical

staff worldwide are facing unprecedented challenges, such as

the lack of medical resources, heavy work, and the current

tense epidemic situation (1). As a result, the physical health

status of medical staff has become a public concern. According

to previous systematic review research, as of May 8, 2020,

there were no <152,888 infected cases and 1,413 deaths among

medical staff worldwide (2). Furthermore, the psychological

status of medical staff is not optimistic. At the early stage of

the pandemic, mental health concerns (e.g., insomnia, anxiety,

depression, and post-traumatic stress disorder symptoms) were

frequently reported by medical staff (3–5). With the aggravation

of the COVID-19 pandemic and the continuous impact on the

medical and health system, medical staff inevitably have more

hidden psychological problems, such as burnout (6). Burnout

can be caused by several factors, including environmental

factors, such as workplace conflict, increased burdens, and

personal factors, such as work-life imbalance, perfectionism,

or personality traits associated with the obsessive–compulsive

disorder (7). During the COVID-19 pandemic, these factors

were more pronounced (7). During the COVID-19 pandemic,

the prevalence of burnout among medical staff has not been

accurately investigated. However, according to the Medscape

National Physician Burnout and Suicide Report, the burnout

rate of medical staff has reached 43% (8). Maslach et al. (9)

believed that burnout is characterized by emotional exhaustion,

cynicism, and decreased professional efficacy of professional

staff, which is also called Burnout Syndrome. Burnout has a

significant effect on the medical staff, which manifests as a

decrease in enthusiasm for patients (10), indifference to medical

care, strained relationships with patients, heightened conflict

with colleagues (11), pointless medical work, and low self-

esteem (12). Considering these negative consequences, there is

an urgent need to address burnout among medical staff during

the pandemic (6, 13).

One candidate target to address burnout among medical

staff is the positive psychological function, such as mental

well-being (14). Many studies have shown that positive mental

well-being may reduce burnout (15, 16). MW is defined as

the positive process of recognizing and making choices for a

healthy and cheering life (17). In real life, MW may reflect

as positive life experiences that consist of good social support,

positive emotions, and satisfaction in life and work (18). For this

particular group of medical staff, MW plays an essential role

in developing and maintaining medical personnel’s sympathy

and compassion for patients and their dedication to the strict

aspects of medicine (19), both of which are crucial to alleviating

burnout. Thus, it is feasible to alleviate burnout among medical

staff by targeting MW from the theoretical perspective. And

from a practical standpoint, the responsibility to promote nurses’

MW has been written into Article 5 of the Code of Ethics

for Nurses with Interpretive Statements to cope with nurses’

burnout (20). In addition, some studies have also shown that

some MW components (e.g., good social support) may alleviate

the burnout of medical staff (21, 22).

Previous studies examined the relations between MW and

burnout at a construct level (via sum scores of self-report

measures) (23, 24). Inevitably, the utilization of sum scores

ignores that MW and burnout have different components. In

fact, MW is a complex psychological construct composed of

psychological function, emotion, and interpersonal relationships

(25). Burnout is also a heterogeneous syndrome that features

distinct cognitive, emotional, and physical components (9).

Therefore, ignoring the different components of MW and

burnout (i.e., using total scores on self-report questionnaires)

may be problematic as it may overlook the differential

association between MW and burnout components and restrict

the development of intervention methods. Therefore, a more

fine-grained approach (i.e., examining the relationship between

MW and burnout at the component level rather than the total-

score level) should be adopted to move forward.

Network analysis is a novel statistical approach that models

the relationships between psychological constructs at the

component level. The network consists of two parts: nodes,

representing variables, and edges, representing relationships

between variables (26, 27). Several advantages of network

analysis make it a suitable analytical technique for the current

study. First, previous studies have explored the internal

structures of MW and burnout, respectively, with network

analysis and concluded that network analysis is a valuable

tool for deepening understanding of these two psychological

constructs (28, 29). Second, existing research mainly focused

on examining the relationship between MW and burnout at a

construct level (via sum scores). This may ignore the unique

relationships among different components of MW and burnout

(30, 31). Using network analysis may contribute to existing

knowledge by elucidating the relationship between MW and

burnout at a component level. Third, network analysis may

reveal the relation between MW and burnout components

by partial correlation and regularization process, which may

effectively solve the traditional problem of over-interpretation

and fail to replicate results (32). Fourth, the utilization of the

bridge expected influence index (i.e., the sum of the value of

all edges connecting a specific node with other community

nodes) may help quantify the protective ability of different MW

components on burnout from a network perspective and may

provide some references for the potential intervention methods

(33). In a word, network analysis could provide new theoretical

viewpoints to comprehend the relations between MW and

burnout at the component level.

Using network analysis, this study investigated the

relationships between MW and burnout components. This

study has two aims. First, to explore the relations between

Frontiers in PublicHealth 02 frontiersin.org

https://doi.org/10.3389/fpubh.2022.919692
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org


Chen et al. 10.3389/fpubh.2022.919692

different components of MW and burnout. Second, using

bridge expected influence to identify the most influential node

within the MW-burnout network. Existing research showed

that MW is negatively associated with burnout (15, 16). Hence,

we hypothesized that the edges between MW and burnout of

medical staff are primarily negative. Furthermore, previous

studies demonstrated that the relationship between MW and

the emotional exhaustion dimension of burnout is more potent

than between MW and other dimensions of burnout (34). Thus,

we hypothesized that the emotional exhaustion dimension of

burnout may have the strongest negative interrelationship with

the MW community. Third, previous studies have shown that

positive emotions and good problem-solving skills may alleviate

burnout (35, 36). Thus, we hypothesized that MW components

reflect positive emotions and problem-solving skills may be the

bridging nodes to the burnout community.

Methods

Ethics statement

The data collection procedure followed the Declaration of

Helsinki and was approved by the Ethics Committee of the First

Affiliated Hospital of the Fourth Military Medical University

(Project No. KY20202063-F-2).

Participants

Data were collected between 16 and 18 April 2021 via paper

and pencil tests. Four hundred and fifty-eight medical staff from

Xijing Hospital in Shaanxi Province of China participated in this

study. All participants provided informed consent before taking

part. Demographic data were collected at the beginning of the

study. Thirty-eight participants were excluded due to failing the

two honesty check items (e.g., The participants didn’t choose the

second option when asked to choose “Please choose the second

option”) or demographic items (e.g., In response to the “Age”

question, participants filled in 10 years old). The final sample

consisted of 420 participants. Our sample error is 4.8% when the

confidence interval is 95%.

Measures

Components of mental well-being

The 14-item Warwick-Edinburgh Mental Well-being Scale

(WEMWBS) is a short, efficient, psychological measurement

scale used to measure MW (37, 38). The item is rated on a five-

point Likert scale, ranging from 1 (“none of the time”) to 5 (“all

of the time”). The score should be based on the simple sum of

the project, and the total score was used to evaluate MW. In this

research, the Chinese version of WEMWBS was used to assess

the diverse components of MW (37, 38). The Chinese version of

WEMWBS has good reliability and validity. The Cronbach’sα of

WEMWBS in this study was 0.96.

Components of burnout

Maslach Burnout Inventory-General Survey (MBI-GS),

which is widely used to measure occupational burnout, is

jointly compiled by American social psychologists, Maslach and

Jaskson (9). Scores for each item range from 0 (never) to 6 (very

frequently), the total score represents different levels of burnout.

Through exploratory factor analysis, Li and colleagues found

that the general MBI-GS scale has an item with a high cross load

in the cynicism dimension. After deleting this item, a more ideal

MBI-GS (Chinese version) is obtained. This Chinese version

of MBI-GS consists of 15 items covering three dimensions:

emotional exhaustion (from item 1 to item 5), cynicism (from

item 6 to item 9), and reduced professional efficacy (from item

10 to item 15; reverse scoring). This study adopts the MBI-

GS Chinese version because the scale has more localization

characteristics with good reliability and validity (39, 40). The

Cronbach’s α of MBI-GS in this study was 0.93.

Data analysis

The present network was estimated via the Gaussian

Graphical Model (GGM) (32). GGM belongs to an undirected

network, and its edge represents the partial correlation between

two nodes after statistical control of all other nodes in the

network. As recommended by previous studies, the estimation

of network structure was based on Spearman correlations to

account for the ordinal nature of the present dataset (32, 41).

The least absolute shrinkage and selection operator (LASSO)

regularization algorithm was adopted to obtain a sparse

network that reflects the true network structure. During the

regularization process, edges (i.e., partial correlations between

nodes after adjusting the effect of all other nodes) with small

coefficients were removed, leaving the network with the most

robust edges (32, 42). The tuning parameter for regularization

was based on the Extended Bayesian Information Criterion

(EBIC). Following the recommendation (32, 43), the tuning

parameter value was set to 0.5 to balance the trade-off between

sensitivity and specificity. The force-directed layout algorithm

(i.e., the Fruchterman-Reingold algorithm) was adopted to

generate the network layout (44). This layout algorithm lays

nodes with stronger and more numerous relations more

centrally in the network and weakly associated nodes on the

periphery. Within the presented network, positive correlations

were depicted as blue edges, while negative correlations were

depicted as red edges. The magnitudes of correlations were

reflected as edge thickness, with thicker edges representing
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stronger correlations. The aforementioned steps were carried

out via the R-package qgraph (45).

To examine the interrelationships between MW

components and well-being components, we manually divided

nodes into two communities, namely, the MW community

(items from WEMWBS) and the burnout community (items

from MBI-GS). A previous study has shown that the expected

influence centrality is more appropriate for the network that

has both positive and negative edges (46). Therefore, the bridge

expected influence (i.e., the sum of the edge weights connecting

a given node to all nodes in the opposite community) was

calculated to quantify the relative importance of individual

nodes in explaining cross-community co-occurrences (33).

The higher the positive value of bridge expected influence,

the greater the activation capacity to other communities; the

higher the negative value of bridge expected influence, the

greater the deactivation capacity to other communities (33).

The aforementioned steps were carried out via the R-package

networktools (33).

Three steps were taken to ensure the accuracy and stability

of the present network via the R-package bootnet (47).

First, we bootstrapped (with 2,000 bootstrap samples) the

95% confidence interval of all edges within the network to

ensure the accuracy of edge weights. Second, we computed

the correlation stability (CS) coefficient of bridge expected

influence to ensure the stability of this index. This is achieved

through a case-dropping bootstrap approach (with 2,000

bootstrap samples). According to the recommendation, the

ideal CS-coefficient is above 0.5 and should not be below

0.25 (47). Third, we conducted bootstrapped difference tests

(with 2,000 bootstrap samples) for edge weights and bridge

expected influence to examine whether two edge weights or

two node bridge expected influence differ significantly from

one another.

Results

Descriptive statistics

The final sample consisted of 199 doctors (female

= 130) and 221 nurses (female = 213) aged 22–50

(mean = 32.74, SD = 5.37) years old. Table 1 shows

the demographic characteristics of the participants.

Table 2 shows abbreviation, mean scores, and

standard deviations for each variable selected in the

current network.

Network structure

The network construction of diverse components of MW

and burnout is shown in Figure 1A. There are 47 of 210

TABLE 1 Demographic characteristics of the participants.

Characteristics Variables N (%) / Mean (SD)

Profession Doctor 199 (47.4)

Nurse 221 (52.6)

Gender Female 343 (81.7)

Male 77 (18.3)

Marriage Married 304 (72.4)

Single or divorced 116 (27.6)

Educational background Undergraduate or less 269 (64.0)

Postgraduate or more 151 (36.0)

Working years <=5 135 (32.2)

6–10 150 (35.6)

>10 135 (32.2)

Job title Junior 237 (56.4)

Middle 163 (38.8)

Senior 20 (4.8)

Age 18–30 155 (36.9)

31–40 229 (54.5)

40–50 34 (8.6)

(22%) possible edges (weight range from -0.12 to 0.04)

within the network. Overall, more negative edges (n = 43)

were observed than positive edges (n = 4). The strongest

negative between-community edges were MW2 (“Useful”) –

B14 (“Worthwhile”; weight = -0.12), MW1 (“Optimistic about

future”) – B13 (“Happy”; weight= -0.10), MW4 (“Interested”) –

B13 (“Happy”; weight= -0.10),MW6 (“Dealing with problems”)

– B10 (“Effectively”; weight = -0.08), MW6 (“Dealing with

problems”) – B14 (“Worthwhile”; weight = -0.08), MW1

(“Optimistic about future”) – B5 (“Burned out”; weight = -

0.07), MW5 (“Energy”) – B2 (“Used up”; weight = -0.07),

and MW7 (“Thinking clearly”) – B15 (“Accomplish all tasks”;

weight = -0.06). In addition, six strongest within-community

positive edges have been found in the current network.

Such as MW8 (“Good about myself ”) – MW10 (“Confident”;

weight = 0.37) in the MW community and B1 (“Emotionally

drained”) – B2 (“Used up”; weight = 0.47) in the burnout

community. The bootstrapped 95% confidence interval is

relatively narrow, indicating that edges in the present network

are considered to be accurate (Supplementary Figure S1).

The bootstrap difference test of edge weight is shown in

Supplementary Figure S2.

Bridge expected influence

Figure 1B shows the node bridge expected influence.

In the MW community, MW1 (“Optimistic about future”)

and MW6 (“Dealing with problems”) have the lowest bridge
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TABLE 2 Abbreviation, mean scores, and standard deviations for each variable selected in the current network.

Variables Abbr M SD

Mental well-being

MW1: I have been feeling optimistic about the future Optimistic about future 4.19 0.86

MW2: I have been feeling useful Useful 4.18 0.83

MW3: I have been feeling relaxed Relaxed 3.71 0.97

MW4: I have been feeling interested in other people Interested 4.22 0.83

MW5: I have had energy to spare Energy 3.85 0.86

MW6: I have been dealing with problems well Dealing with problems 4.08 0.75

MW7: I have been thinking clearly Thinking clearly 4.14 0.74

MW8: I have been feeling good about myself Good about myself 3.83 0.87

MW9: I have been feeling close to other people Close 3.88 0.85

MW10: I have been feeling confident Confident 3.78 0.91

MW11: I have been able to make up my own mind about things Make up 4.15 0.76

MW12: I have been feeling loved Loved 3.96 0.84

MW13: I have been interested in new things New things 4.09 0.87

MW14: I have been feeling cheerful Cheerful 3.99 0.89

Burnout

B1: I feel emotionally drained from my work Emotionally drained 1.59 1.35

B2: I feel used up at the end of the day Used up 1.80 1.52

B3: I feel tired when I get up in the morning and have to face another day at work Tired 1.18 1.37

B4: Working with people all day is a real strain for me Strain 1.23 1.39

B5: I feel burned out from my work Burned out 0.75 1.15

B6: I have become more callous toward work since I took this job Callous 0.70 1.10

B7: I have become less enthusiastic about my work Less enthusiastic 0.81 1.15

B8: I doubt the significance of my work Doubt significance 0.65 1.03

B9: I have become more and more indifferent in the contribution of my job Indifferent 0.60 1.06

B10: I deal effectively with the problems of clients* Effectively 1.07 1.22

B11: I feel that I am contributing to my company* Contributing 1.15 1.30

B12: In my opinion, I am good at my job* Good at job 1.05 1.21

B13: I feel very happy when I accomplish some tasks of my job* Happy 0.93 1.22

B14: I have accomplished many worthwhile things in this job* Worthwhile 1.28 1.34

B15: I am confident that I can accomplish all tasks effectively* Accomplish all tasks 1.05 1.25

Abbr, Abbreviation; M, Mean, SD, standard deviation.

*Reverse scoring item.

expected influence. This displays those in the community

of MW have the strongest negative link with burnout

components from the network perspective. In the community

of burnout, B13 (“Happy”) and B14 (“Worthwhile”) have

the lowest bridge expected influences. This shows these

two components have the strongest negative connections

in the community of burnout with MW components

from the network perspective. The CS-coefficient of node

bridge expected influence is 0.52, manifesting the centrality

index (i.e., bridge expected influence) is sufficiently stable

(Supplementary Figure S3). The bootstrapped difference

tests for node bridge expected influence have been shown in

Supplementary Figure S4.

Discussion

To the best of our knowledge, this is the first study

examining the component-level relationship between MW and

burnout among medical staff during the COVID-19 pandemic.

These findings may provide new theoretical viewpoints to

comprehend the relations between MW and burnout.

Within the MW-burnout network, we found that most

between-community edges were negative. It is reasonable that

burnout negatively correlates with MW in medical staff during

the COVID-19 pandemic (15, 16), which also verifies our

first hypothesis. In addition, the strongest between-community

edges are existing between positive emotions and functions and
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FIGURE 1

(A) Network construction of di�erent components of mental well-being and burnout. Blue edges delegate positive correlations, and red edges

delegate negative correlations. The magnitude of the correlation was reflected by the thickness of the edge. Cut value = 0.05. (B) Centrality plot

drawing the bridge expected influence of per variable selected in the present network (raw score). The text of components of mental well-being

and burnout can be seen in Table 1.

professional efficacy (i.e., MW2 “Useful” – B14 “Worthwhile”;

MW1 “Optimistic about future” – B13 “Happy”). Unlike our

second hypothesis, the strongest negative edges occur between

MW and the decreased professional efficacy dimension of

burnout in the current study. According to previous studies,

the decreased professional efficacy of Chinese medical staff has

become a core problem of burnout (48). Medical staff with a

high sense of MW experience may respond to various life events

in a positive way, resulting in increased job satisfaction and

perceived professional efficacy during the COVID-19 pandemic

(14, 35). This finding is similar to some studies of burnout in

medical staff, which found that negative emotions, impaired

interpersonal relationships, and self-denial relate to burnout (49,

50). Specifically, individual medical staff with positive emotions

and functions are unlikely to have burnout in the face of

work (49, 50). Edge MW2 (“Useful”) – B14 (“Worthwhile”)

and MW6 (“Dealing with problems”) – B14 (“Worthwhile”)

revealed a link between self-efficacy and professional efficacy,

which was similar to previous studies (51). Individuals with

high levels of self-efficacy feel more meaningful about their

work, which may reduce burnout (51). Edge MW1 (“Optimistic

about future”) – B13 (“Happy”) and MW4 (“Interested”) – B13

(“Happy”) demonstrates the association of positive emotions

and good interpersonal relationships with professional efficacy.

Previous studies have shown that positive emotions and good

interpersonal relationships make it easier for individuals to

find happiness at work and improve their sense of professional

efficacy (52, 53).

Moreover, the final network structure showed that the

within-community edges are primarily positive. Within theMW

community, three positive edges with the strongest weights were

MW8 (“Good about myself ”) – MW10 (“Confident”), MW6

(“Dealing with problems”) – MW7 (“Thinking clearly”), and

MW1 (“Optimistic about future”) –MW2 (“Useful”). A previous

study used network analysis to explore the network structure

of MW in four UK cohorts, and also found strong associations

between MW8 and MW10 as well as between MW6 and MW7

(29). Take MW1–MW2, for example, optimism about the future

may be the embodiment of ability and associated with increased

confidence (54, 55). Therefore, when a person is optimistic

about his/her future, he/she may find himself/herself useful.

Within the burnout community, three positive edges with the
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highest weights were B1 (“Emotionally drained”) – B2 (“Used

up”), B11 (“Contributing”) – B12 (“Good at the job”), and B14

(“Worthwhile”) – B15 (“Accomplish all tasks”). Our previous

study used network analysis to examine the network structure of

burnout in Chinese nurses, and also found strong associations

among these three edges. Take B1 (“Emotionally drained”) – B2

(“Used up”), for example, two items describe the fatigue and lack

of enthusiasm caused by work.

Within the current network, node bridge centrality may help

to understand the relative importance of each MW component

in relation to burnout (56–58). Addressing the bridge node

could deactivate the propagation path and reduce co-occurrence

(33). Therefore, bridge centrality may provide new insights

on the intervention of medical staff ’s burnout from MW

during the COVID-19 pandemic. Within the MW community,

MW6 (“Dealing with problems”) and MW1 (“Optimistic about

future”) have the lowest value of bridge expected influence,

indicating positive emotions (optimistic) and good problem-

solving ability of MW were the important nodes bridging the

burnout community. The above findings are consistent with our

third hypothesis. Thus, targeting these two MW components

may be more effective at reducing burnout. Results from

intervention-based studies suggested that fostering problem-

solving skills and positive emotions may help alleviate burnout

(35, 36). Theoretically, optimistic attitudes and problem-solving

skills are fundamental for medical staff to maintain their mental

health under pandemic-related stress (59, 60). Some targeted

interventions for burnout are rooted in cultivating optimism and

improving working ability (59, 60). Within the community of

burnout, components B13 (“Happy”) and B14 (“Worthwhile”)

have the lowest value of bridge expected influence. This indicates

that these two components of burnout have stronger negative

connections with MW components. Thus, B13 (“Happy”)

and B14 (“Worthwhile”) might be more susceptible to the

MW community.

This study has some limitations. First, the sample only

included medical staff from China, which may limit the

generalizability of our conclusion. When examined by

the medical staff of other countries, the related network

characteristics (such as edges and bridge expected influence)

may be different. In addition, the samples in the present study

are relatively small. Therefore, although the presented network

meets the robustness requirement, conclusions drawn from

this sample should be interpreted with caution. Future studies

may benefit from adopting a multicenter study design with

an increased sample size. Second, the network structure of

components of MW and burnout was obtained from cross-

sectional data. Thus, no causal relationship can be drawn from

current results. Even though previous studies suggested that

MW could affect burnout, it does not rule out that burnout

may affect MW or they interact with each other. The directed

acyclic graph (DAG) is a sophisticated approach for researchers

to explore potential causal relationships among nodes in cross-

sectional data and generate hypotheses (61, 62). As the current

data did not meet the assumption posed by DAG (i.e., measure

all confounds) (63–65), we did not apply the DAG approach to

generate potential causal hypotheses (62). Future studies that

meet the data requirement may consider using DAG to explore

potential causal relationships between MW and burnout.

Third, this network investigates the network characteristics at

the group level. It is possible that these network features of

individuals may not be replicated in the similar way. Fourth,

other confounding factors, such as demographic characteristics

(e.g., working years and working hours), personality, resilience,

and empathy (66–69), may also influence the relation between

MW and burnout. Therefore, future research could further

explore the MW-burnout network under the control of these

confounding factors. Last but not least, the current study used

network analysis as a bottom-up data-driven approach for

exploratory analysis. Thus, future confirmatory studies are

required to validate the current findings.

Conclusion

Notwithstanding the limitations above, this research

has important theoretical and clinical value. As far as we

know, this research is the first article to study the network

structure of MW and burnout in Chinese medical staff

during the COVID-19 pandemic. On the one hand,

the between-community edges may enrich the potential

theoretical mechanism of the relationship between MW and

burnout. On the other hand, the bridge expected influence

centrality may provide some suggestions (i.e., promoting

optimistic attitudes and problem-solving skills) for relevant

prevention and intervention to address the requirements

of reducing burnout in this special group during the

COVID-19 pandemic.

Data availability statement

The raw data supporting the conclusions of this

article will be made available by the authors, without

undue reservation.

Ethics statement

The studies involving human participants were

reviewed and approved by Ethics Committee of

the First Affiliated Hospital of the Fourth Military

Medical University. The patients/participants provided

their written informed consent to participate in

this study.

Frontiers in PublicHealth 07 frontiersin.org

https://doi.org/10.3389/fpubh.2022.919692
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org


Chen et al. 10.3389/fpubh.2022.919692

Author contributions

CC, LR, and QY developed the study idea and design. CC,

LR, and FL wrote the original draft of this manuscript. All

authors contributed to revising subsequent versions of the paper

and approved the submitted version.

Funding

LR’s involvement in this research was funded by the Fourth

Military Medical University (2021JSTS30).

Acknowledgments

We would like to thank all the individuals who

participated in the study. We also thank all the administrative

staff and doctors in the hospital who help us with

the recruitment.

Conflict of interest

The authors declare that the research was conducted in the

absence of any commercial or financial relationships that could

be construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the

authors and do not necessarily represent those of their affiliated

organizations, or those of the publisher, the editors and the

reviewers. Any product that may be evaluated in this article, or

claim that may be made by its manufacturer, is not guaranteed

or endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found

online at: https://www.frontiersin.org/articles/10.3389/fpubh.

2022.919692/full#supplementary-material

References

1. Mhango M, Dzobo M, Chitungo I, Dzinamarira T. Covid-19 risk factors
among health workers: a rapid review. Saf Health Work. (2020) 11:262–
5. doi: 10.1016/j.shaw.2020.0

¯
6.001

2. Bandyopadhyay S, Baticulon RE, Kadhum M, Alser M, Ojuka
DK, Badereddin Y, et al. Infection and mortality of healthcare workers
worldwide from Covid-19: a systematic review. Bmj Global Health. (2020)
5:3097. doi: 10.1136/bmjgh-2020-003097

3. Dubey S, Biswas P, Ghosh R, Chatterjee S, Dubey
MJ, Chatterjee S, et al. Psychosocial impact of Covid-19.
Diabetes Metab Syndr. (2020) 14:779–88. doi: 10.1016/j.dsx.2020.
05.035

4. Pappa S, Ntella V, Giannakas T, Giannakoulis VG, Papoutsi E, Katsaounou
P. Prevalence of depression, anxiety, and insomnia among healthcare workers
during the Covid-19 pandemic: a systematic review andmeta-analysis. Brain Behav
Immun. (2020) 88:901–7. doi: 10.1016/j.bbi.2020.05.026

5. Vindegaard N, Benros ME. Covid-19 pandemic and mental health
consequences: systematic review of the current evidence. Brain Behav Immun.
(2020) 89:531–42. doi: 10.1016/j.bbi.2020.05.048

6. Sharifi M, Asadi-Pooya AA, Mousavi-Roknabadi RS. Burnout
among healthcare providers of Covid-19; a systematic review of
epidemiology and recommendations. Arch Acad Emerg Med. (2021)
9:e7. doi: 10.22037/aaem.v9i1.1004

7. Khosravi M, Ghiasi Z, Ganjali A. A Narrative review of research on healthcare
staff ’s burnout during the Covid-19 pandemic. Proceed Singapore Healthcare.
(2021) 3:1-6. doi: 10.1177/20101058211040575

8. Medscape National Physician Burnout & Suicide Report 2020. Available
online at: https://www.medscape.com/slideshow/2020-lifestyle -burnout-6012460
(accessed October 15, 2020).

9. Maslach C, Schaufeli WB, Leiter MP. Job Burnout. Annu Rev Psychol. (2001)
52:397–422. doi: 10.1146/annurev.psych.52.1.397

10. Jun J, OjemeniMM, Kalamani R, Tong J, Crecelius ML. Relationship between
nurse burnout, patient and organizational outcomes: systematic review. Int J Nurs
Stud. (2021) 119:3933. doi: 10.1016/j.ijnurstu.2021.103933

11. Viljoen M, Claassen N. Cynicism as subscale of burnout. Work. (2017)
56:499–503. doi: 10.3233/wor-172518

12. Bakhamis L, Paul DP. 3rd, Smith H, Coustasse A. Still an epidemic: the
burnout syndrome in hospital registered nurses. The Health Care Manag. (2019)
38:3–10. doi: 10.1097/hcm.0000000000000243

13. Sullivan D, Sullivan V, Weatherspoon D, Frazer C. Comparison of nurse
burnout, before and during the Covid-19 pandemic. Nurs Clin North Am. (2022)
57:79–99. doi: 10.1016/j.cnur.2021.11.006

14. Kumar S. Burnout and doctors: prevalence, prevention and intervention.
Healthcare. (2016) 4:37. doi: 10.3390/healthcare4030037

15. McLoughlin C, Casey S, Feeney A, Weir D, Abdalla AA, Barrett E. Burnout,
work satisfaction, and well-being among non-consultant psychiatrists in Ireland.
Acad Psych: J Am Assoc Direct Psych Resid Train Assoc Acad Psych. (2021) 45:322–
8. doi: 10.1007/s40596-020-01366-y

16. Isabel Rios-Risquez M, Garcia-Izquierdo M. de los Angeles Sabuco-Tebar
E, Carrillo-Garcia C, Solano-Ruiz C. Connections between academic burnout,
resilience, and psychological well-being in nursing students: a longitudinal study. J
Adv Nurs. (2018) 74:2777–84. doi: 10.1111/jan.13794

17. Beiser M. Components and correlates of mental well-being. J Health Soc
Behav. (1974) 15:320–7. doi: 10.2307/2137092

18. Abdelbasset WK, Nambi G, Eid MM, Elkholi SM. Physical activity and
mental well-being during Covid-19 pandemic. World J Psych. (2021) 11:1267–
73. doi: 10.5498/wjp.v11.i12.1267

19. Dunn LB, Iglewicz A, Moutier C, A. Conceptual model of medical
student well-being: promoting resilience and preventing burnout. Acad Psych:
J Am Assoc Direct Psych Resid Train Assoc Acad Psych y. (2008) 32:44–
53. doi: 10.1176/appi.ap.32.1.44

20. Fowler MD. Faith and ethics, covenant and code: The 2015 revision of the
ana code of ethics for nurses with interpretive statements. J Christ Nurs: Quart Pub
Nurses Christ Fellowship. (2017) 34:216–24. doi: 10.1097/cnj.0000000000000419

21. Xiao Y, Dong D, Zhang H, Chen P, Li X, Tian Z, et al. Burnout and well-
being among medical professionals in China: a national cross-sectional study.
Front Public Health. (2022) 9:1706. doi: 10.3389/fpubh.2021.761706

22. Caravaca-Sánchez F, Pastor-Seller E, Barrera-Algarín E, Sarasola JL. Burnout,
Apoyo Social, Ansiedad Y Satisfacción Laboral En Profesionales Del Trabajo Social.
Interdisciplinaria. (2022) 39:179–94. doi: 10.16888/interd.2022.39.1.11

23. Tawfik DS, Profit J, Morgenthaler TI, Satele DV, Sinsky CA, Dyrbye
LN, et al. Physician burnout, well-being, and work unit safety grades in
relationship to reported medical errors. Mayo Clinic Proceedings. (2018) 93:1571–
80. doi: 10.1016/j.mayocp.2018.05.014

24. Owoc J, Manczak M, Tombarkiewicz M, Olszewski R. Burnout, well-being,
and self-reported medical errors among physicians. Polish Arch Int Med-Polskie
ArchiwumMedycyny Wewnetrznej. (2021) 131:626–32. doi: 10.20452/pamw.16033

Frontiers in PublicHealth 08 frontiersin.org

https://doi.org/10.3389/fpubh.2022.919692
https://www.frontiersin.org/articles/10.3389/fpubh.2022.919692/full#supplementary-material
https://doi.org/10.1016/j.shaw.2020.06.001
https://doi.org/10.1136/bmjgh-2020-003097
https://doi.org/10.1016/j.dsx.2020.05.035
https://doi.org/10.1016/j.bbi.2020.05.026
https://doi.org/10.1016/j.bbi.2020.05.048
https://doi.org/10.22037/aaem.v9i1.1004
https://doi.org/10.1177/20101058211040575
https://www.medscape.com/slideshow/2020-lifestyle
https://doi.org/10.1146/annurev.psych.52.1.397
https://doi.org/10.1016/j.ijnurstu.2021.103933
https://doi.org/10.3233/wor-172518
https://doi.org/10.1097/hcm.0000000000000243
https://doi.org/10.1016/j.cnur.2021.11.006
https://doi.org/10.3390/healthcare4030037
https://doi.org/10.1007/s40596-020-01366-y
https://doi.org/10.1111/jan.13794
https://doi.org/10.2307/2137092
https://doi.org/10.5498/wjp.v11.i12.1267
https://doi.org/10.1176/appi.ap.32.1.44
https://doi.org/10.1097/cnj.0000000000000419
https://doi.org/10.3389/fpubh.2021.761706
https://doi.org/10.16888/interd.2022.39.1.11
https://doi.org/10.1016/j.mayocp.2018.05.014
https://doi.org/10.20452/pamw.16033
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org


Chen et al. 10.3389/fpubh.2022.919692

25. Ryan RM, Deci EL. On Happiness and human potentials: a review of
research on hedonic and eudaimonic well-being.Annu Rev Psychol. (2001) 52:141–
66. doi: 10.1146/annurev.psych.52.1.141

26. Fried EI, van Borkulo CD, Cramer AOJ, Boschloo L, Schoevers RA, Borsboom
D. Mental disorders as networks of problems: a review of recent insights. Soc
Psychiatry Psychiatr Epidemiol. (2017) 52:1–10. doi: 10.1007/s00127-016-1319-z

27. Fried EI, Cramer AOJ. Moving forward: challenges and directions for
psychopathological network theory and methodology. Perspect Psychol Sci: J Assoc
Psychol Sci. (2017) 12:999–1020. doi: 10.1177/1745691617705892

28. Wu L, Ren L, Wang YF, Zhang K, Fang P, Liu XF, et al. The item
network and domain network of burnout in Chinese nurses. Bmc Nurs. (2021)
20:670. doi: 10.1186/s12912-021-00670-8

29. Stochl J, Soneson E, Wagner AP, Khandaker GM, Goodyer I, Jones PB.
Identifying key targets for interventions to improve psychological wellbeing:
replicable results from four UK cohorts. Psychol Med. (2019) 49:2389–
96. doi: 10.1017/s0033291718003288

30. von Kanel R, Princip M, Holzgang SA, Fuchs WJ, van Nuffel M, Pazhenkottil
AP, et al. Relationship between job burnout and somatic diseases: a network
analysis. Sci Rep. (2020) 10:611. doi: 10.1038/s41598-020-75611-7

31. Bogaerts S, van Woerkom M, Erbas Y, De Caluwe E, Garofalo C, Frowijn I,
et al. Associations between resilience, psychological well-being, work-related stress
and Covid-19 fear in forensic healthcare workers using a network analysis. Front
Psych. (2021) 12:8895. doi: 10.3389/fpsyt.2021.678895

32. Epskamp S, Fried EI, A. Tutorial on regularized partial correlation networks.
Psychol Methods. (2018) 23:617–34. doi: 10.1037/met0000167

33. Jones PJ, Ma R, McNally RJ. Bridge centrality: a network
approach to understanding comorbidity. Multivariate Behav Res. (2021)
56:353–67. doi: 10.1080/00273171.2019.1614898

34. Arrogante O, Aparicio-Zaldivar EG. Burnout syndrome in intensive care
professionals: relationships with health status and well-being. Enfermeria intensiva.
(2020) 31:60–70. doi: 10.1016/j.enfi.2019.03.004

35. Lurati L. Burnout prevention for nurses. Bone Marrow Transplant.
(2008) 41:S386. doi: 10.1038/bmt.2008.34

36. Kehoe C, Barrett E. Doctor’s burnout and interventions. Irish J Psychol Med.
(2020) 4:1–3. doi: 10.1017/ipm.2020.32

37. Tennant R, Hiller L, Fishwick R, Platt S, Joseph S, Weich S, et al. The
Warwick-Edinburgh mental well-being scale (Wemwbs): development and UK
validation. Health Qual Life Outcom. (2007) 5:63. doi: 10.1186/1477-7525-5-63

38. Stewart-Brown S, Tennant A, Tennant R, Platt S, Parkinson J, Weich
S. Internal construct validity of the Warwick-Edinburgh mental well-
being scale (Wemwbs): a rasch analysis using data from the Scottish
health education population survey. Health Qual Life Outcom. (2009)
7:15. doi: 10.1186/1477-7525-7-15

39. Zhang XJ, Song Y, Jiang T, Ding N, Shi TY. Interventions to reduce burnout
of physicians and nurses an overview of systematic reviews and meta-analyses.
Medicine. (2020) 99:992. doi: 10.1097/md.0000000000020992

40. Li C, Shi K. The influence of distributive justice and procedural justice on job
burnout. Acta Psychologica Sinica. (2003) 35:677–84. Available online at: https://
journal.psych.ac.cn/acps/EN/Y2003/V35/I05/677

41. Isvoranu AM, Epskamp S. Which estimation method to choose in network
psychometrics? Deriving guidelines for applied researchers. Psychol Meth. (2021)
3:439. doi: 10.1037/met0000439

42. Friedman J, Hastie T, Tibshirani R. Sparse inverse covariance
estimation with the graphical Lasso. Biostatistics. (2008) 9:432–
41. doi: 10.1093/biostatistics/kxm045

43. Foygel R, Drton M. Extended Bayesian information criteria for Gaussian
graphical models. Adv Neural Inform Process Sys. (2010) 35:604–12.

44. Fruchterman TMJ, Reingold EM. Graph drawing by force-directed
placement. Software Pract Exper. (1991) 21:1129–64. doi: 10.1002/spe.4380211102

45. Epskamp S, Cramer AOJ, Waldorp LJ, Schmittmann VD, Borsboom D.
Qgraph: network visualizations of relationships in psychometric data. J Stat Softw.
(2012) 48:1–18. doi: 10.18637/jss.v048.i04

46. Robinaugh DJ, Millner AJ, Mcnally RJ. Identifying highly influential
nodes in the complicated grief network. J Abnorm Psychol. (2016) 125:747–57.
doi: 10.1037/abn0000181

47. Epskamp S, Borsboom D, Fried EI. Estimating psychological networks
and their accuracy: a tutorial paper. Behav Res Methods. (2018) 50:195–
212. doi: 10.3758/s13428-017-0862-1

48. Liu X, Chen J, Wang D, Li X, Hou X. Covid-19 outbreak can change
the job burnout in health care professionals. Front Psych. (2020) 11:22.
doi: 10.3389/fpsyt.2020.563781

49. West CP, Dyrbye LN, Shanafelt TD. Physician burnout:
contributors, consequences, and solutions. J Intern Med. (2018)
283:516–29. doi: 10.1111/joim.12752

50. Dall’Ora C, Ball J, Reinius M, Griffiths P. Burnout in nursing: a theoretical
review. Human Res Health. (2020) 18:41. doi: 10.1186/s12960-020-00469-9

51. Molero MDM, Perez-Fuentes MDC, Gazquez JJ. Analysis of the
mediating role of self-efficacy and self-esteem on the effect of workload on
burnout’s influence on nurses’ plans to work longer. Front Psychol. (2018)
9:2605. doi: 10.3389/fpsyg.2018.02605

52. Park EJ, Sujin S. Relationship between emotional intelligence, interpersonal
competence, and caring efficacy in nursing students. J Korean Soc Simulat Nurs.
(2018) 6:15–25. doi: 10.17333/jkssn.2018.6.2.15

53. Ju BE. Effect of interpersonal relationships and communication curriculum
were utilized group activities on interpersonal relationships and communication
self-efficacy among nursing student. J Korea Cont Assoc. (2013) 13:394–
402. doi: 10.5392/jkca.2013.13.10.394

54. Lim S, Song Y, Nam Y, Lee Y, Kim D. Moderating effect of
burnout on the relationship between self-efficacy and job performance among
psychiatric nurses for Covid-19 in national hospitals. Medicina-Lithuania. (2022)
58:171. doi: 10.3390/medicina58020171

55. Amiri M, Vahedi H, Mirhoseini SR, Eghtesadi AR, Khosravi A. Study
of the relationship between self-efficacy, general health, and burnout among
Iranian health workers. Osong Public Health Res Perspect. (2019) 10:359–
67. doi: 10.24171/j.phrp.2019.10.6.06

56. Ren L, Wei Z, Li Y, Cui LB, Wang Y, Wu L, et al. The Relations
between different components of intolerance of uncertainty and symptoms
of generalized anxiety disorder: a network analysis. Bmc Psych. (2021)
21:3455. doi: 10.1186/s12888-021-03455-0

57. Wei X, Jiang H, Wang H, Geng J, Gao T, Lei L, et al. The
relationship between components of neuroticism and problematic
smartphone use in adolescents: a network analysis. Pers Individ Differ. (2022)
186:111325. doi: 10.1016/j.paid.2021.111325l

58. Liu C, Ren L, Li K, YangW, LiY, et al. Understanding the association between
intolerance of uncertainty and problematic smartphone use: a network analysis.
Front Psych. (2022) 13:917833. doi: 10.3389/fpsyt.2022.917833

59. West CP, Dyrbye LN, Erwin PJ, Shanafelt TD. Interventions to prevent and
reduce physician burnout: a systematic review and meta-analysis. Lancet. (2016)
388:2272–81. doi: 10.1016/s0140-6736(16)31279-x

60. Panagioti M, Panagopoulou E, Bower P, Lewith G, Kontopantelis E, Chew-
Graham C, et al. Controlled interventions to reduce burnout in physicians
a systematic review and meta-analysis. JAMA Intern Med. (2017) 177:195–
205. doi: 10.1001/jamainternmed.2016.7674

61. McNally RJ, Heeren A, Robinaugh DJ. A Bayesian network analysis of
post-traumatic stress disorder symptoms in adults reporting childhood sexual
abuse. Eu J Psychotraumatol. (2017) 8:1341276. doi: 10.1080/20008198.2017.13
41276

62. Jones PJ, Mair P, Riemann BC, Mugno BL, McNally RJ, A. network
perspective on comorbid depression in adolescents with obsessive-compulsive
disorder. J Anxiety Disord. (2018) 53:1–8. doi: 10.1016/j.janxdis.2017.
09.008

63. Moffa G, Catone G, Kuipers J, Kuipers E, Freeman D, Marwaha S, et
al. Using directed acyclic graphs in epidemiological research in psychosis: an
analysis of the role of bullying in psychosis. Schizophr Bull. (2017) 43:1273–
9. doi: 10.1093/schbul/sbx013

64. Briganti G, Scutari M, McNally RJ. A tutorial on Bayesian networks for
psychopathology researchers. Psychol Methods. (2022). doi: 10.1037/met0000479
(accessed February 03, 2022).

65. Rohrer JM. Thinking clearly about correlations and causation: graphical
causal models for observational data. Adv Methods Pract Psychol Sci. (2018).
1:27–42. doi: 10.1177/2515245917745629

66. Khosravi M. Burnout among Iranian medical students: prevalence and its
relationship to personality dimensions and physical activity. Eu J Translat Myol.
(2021) 31:9411. doi: 10.4081/ejtm.2021.9411

67. Khosravi M, Mirbahaadin M, Kasaeiyan R. Understanding the influence of
high novelty-seeking on academic burnout: moderating effect of physical activity.
Eur J Transl Myol. (2020) 30:8722. doi: 10.4081/ejtm.2019.8722

68. Wang T, Wang W, Hong J, Luan B, Zhu Y, Wang J. Subjective well-
being and job burnout of clinical nurses: the role of empathy. Chin Nurs Manag.
(2015) 15:280–4. doi: 10.3969/j.issn.1672-1756.2015.03.008

69. Yu J, Chae S. The mediating effect of resilience on the relationship between
the academic burnout and psychological well-being of medical students. Korean J
Med Edu. (2020) 32:256. doi: 10.3946/kjme.2020.149

Frontiers in PublicHealth 09 frontiersin.org

https://doi.org/10.3389/fpubh.2022.919692
https://doi.org/10.1146/annurev.psych.52.1.141
https://doi.org/10.1007/s00127-016-1319-z
https://doi.org/10.1177/1745691617705892
https://doi.org/10.1186/s12912-021-00670-8
https://doi.org/10.1017/s0033291718003288
https://doi.org/10.1038/s41598-020-75611-7
https://doi.org/10.3389/fpsyt.2021.678895
https://doi.org/10.1037/met0000167
https://doi.org/10.1080/00273171.2019.1614898
https://doi.org/10.1016/j.enfi.2019.03.004
https://doi.org/10.1038/bmt.2008.34
https://doi.org/10.1017/ipm.2020.32
https://doi.org/10.1186/1477-7525-5-63
https://doi.org/10.1186/1477-7525-7-15
https://doi.org/10.1097/md.0000000000020992
https://journal.psych.ac.cn/acps/EN/Y2003/V35/I05/677
https://journal.psych.ac.cn/acps/EN/Y2003/V35/I05/677
https://doi.org/10.1037/met0000439
https://doi.org/10.1093/biostatistics/kxm045
https://doi.org/10.1002/spe.4380211102
https://doi.org/10.18637/jss.v048.i04
https://doi.org/10.1037/abn0000181
https://doi.org/10.3758/s13428-017-0862-1
https://doi.org/10.3389/fpsyt.2020.563781
https://doi.org/10.1111/joim.12752
https://doi.org/10.1186/s12960-020-00469-9
https://doi.org/10.3389/fpsyg.2018.02605
https://doi.org/10.17333/jkssn.2018.6.2.15
https://doi.org/10.5392/jkca.2013.13.10.394
https://doi.org/10.3390/medicina58020171
https://doi.org/10.24171/j.phrp.2019.10.6.06
https://doi.org/10.1186/s12888-021-03455-0
https://doi.org/10.1016/j.paid.2021.111325
https://doi.org/10.3389/fpsyt.2022.917833
https://doi.org/10.1016/s0140-6736(16)31279-x
https://doi.org/10.1001/jamainternmed.2016.7674
https://doi.org/10.1080/20008198.2017.1341276
https://doi.org/10.1016/j.janxdis.2017.09.008
https://doi.org/10.1093/schbul/sbx013
https://doi.org/10.1037/met0000479
https://doi.org/10.1177/2515245917745629
https://doi.org/10.4081/ejtm.2021.9411
https://doi.org/10.4081/ejtm.2019.8722
https://doi.org/10.3969/j.issn.1672-1756.2015.03.008
https://doi.org/10.3946/kjme.2020.149~
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org

	The relations between mental well-being and burnout in medical staff during the COVID-19 pandemic: A network analysis
	Introduction
	Methods
	Ethics statement
	Participants
	Measures
	Components of mental well-being
	Components of burnout

	Data analysis

	Results
	Descriptive statistics
	Network structure
	Bridge expected influence

	Discussion
	Conclusion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Publisher's note
	Supplementary material
	References


