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Abstract 

Background After the official end of the dynamic zero-COVID policy in China, healthcare workers continued 
to heavy workloads and psychological stress. In this new phase, concerns related to work and family, rather than infec-
tion, may have become new sources of psychological issues such as depression and anxiety among healthcare work-
ers, leading to new patterns of comorbidity. However, few studies have addressed these issues. To fill this gap, this 
study used network analysis to examine new features and mechanisms of comorbidity between depression and anxi-
ety symptoms, and simulated symptom-specific interventions to identify effective targets for intervention.

Methods A total of 708 Chinese healthcare workers (71.2% females; Age: M = 37.55, SD = 9.37) were recruited 
and completed the Patient Health Questionnaire-9 (PHQ-9) and Generalized Anxiety Disorder-7 (GAD-7). This study 
first calculated the incidence rates of anxiety, depression, and their comorbidity, and then constructed the comorbid 
Ising network. Central and bridge symptoms were identified with expected influence (EI) and bridge EI, respectively. 
The NodeIdentifyR algorithm (NIRA) was then used to simulate interventions within the network, examining the effects 
of alleviating or aggravating specific symptoms on the network’s severity.

Results 48.2% of Chinese healthcare workers reported experiencing depression (19.8%), anxiety (11.7%), 
or both (16.2%). In the anxiety-depression network, “guilt” and “appetite changes” were identified as the central symp-
toms, and “guilt” and “excessive worry” were identified as the bridge symptoms. Simulated interventions suggested 
that alleviating “Anhedonia” can the most reduce the overall severity of the network, while aggravating “guilt” can 
the most increase the overall severity. These two symptoms were considered the key target for treatment and preven-
tion, respectively.

Conclusions Chinese healthcare workers still face high risk of depression, anxiety, and comorbidity in the post-
dynamic zero-COVID policy era. Our findings highlight the key roles of guilt, appetite changes, and excessive worry 
in the network of depression and anxiety symptoms. Future research should apply the results of the simulated 

*Correspondence:
Yichao Lv
psychleo@163.com
Full list of author information is available at the end of the article

http://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s12888-025-06931-z&domain=pdf
http://orcid.org/0000-0003-2116-5819
http://orcid.org/0009-0002-9780-6651
http://orcid.org/0000-0003-0301-3985
http://orcid.org/0000-0001-8764-2038
http://orcid.org/0000-0002-8300-2479


Page 2 of 14Zhang et al. BMC Psychiatry          (2025) 25:457 

interventions, develop intervention strategies targeting anhedonia, and focus on preventing guilt to improve 
the healthcare workers’ mental health.

Trial registration Not applicable.

Keywords Chinese healthcare workers, Anxiety, Depression, Comorbidity, Network analysis, NodeIdentifyR algorithm

Introduction
As the COVID-19 fatality rate declined, vaccination 
coverage increased, and practical experience in pan-
demic management accumulated, China released 10 new 
measures in December 2022 to optimize its COVID-19 
response, representing the end of the dynamic zero-
COVID policy [1, 2]. These measures included lifting 
all forms of temporary lockdowns, allowing asympto-
matic carriers and mild cases to quarantine at home, and 
requiring medical institutions to treat patients without 
refusal. However, China’s fight against COVID-19 was 
far from over. In the year following the policy shift, the 
public health system continued to face immense pressure 
from emerging threats and ongoing challenges. COVID-
19 subvariants and seasonal flu caused intermittent low-
level outbreaks, while rising long-COVID cases further 
burdened the healthcare system [3–5]. For healthcare 
workers already exhausted during pandemic, the policy 
shift did not necessarily translate into relief. They often 
struggled to adapt to the new phase due to the persistent 
heavy workloads and psychological stress [6]. In this new 
phase, concerns related to work and family-rather than 
infection-may have become primary sources of psycho-
logical issues such as depression, anxiety, and insomnia, 
leading to new patterns of comorbidity. However, few 
studies have focused on these issues. Therefore, this study 
aims to use network analysis to explore the comorbid-
ity of depression and anxiety among healthcare workers 
in this new phase, as well as the simulated intervention 
analysis to suggest the potential intervention plans [7, 8].

Anxiety and depression are two common mental health 
issues that were often comorbid among healthcare work-
ers during the pandemic [9]. Several studies conducted 
between 2020 and 2021 used network analysis to explore 
the mechanisms behind this comorbidity. Research on 
nurses and clinicians showed that “trouble relaxing” and 
“uncontrollable worry” were common central symptoms 
in the anxiety-depression networks [10, 11]. Due to strict 
quarantine policies, healthcare workers had fewer oppor-
tunities for outdoor activities to relieve stress, and were 
often concerned about the risk of infection for them-
selves and their families [10–12]. In addition, common 
bridge symptoms, such as “sad mood”, “irritability”, “feel-
ing afraid”, and “restlessness”, reflected their dysphoria 
for both physical and mental discomforts, as well as the 
fear, frustration, and despair arising from the risks of 

infection and pandemic-related challenges [10, 11, 13]. 
Recently, Chen et  al. investigated the comorbidity net-
work of depression and anxiety among Chinese mental 
health professionals in public hospitals immediately after 
the end of the dynamic zero-COVID policy [14]. In their 
study, symptoms such as “restlessness”, “fatigue”, and “feel-
ing afraid” were identified as the central symptoms, while 
“guilt”, “restlessness” and “motor disturbance” were identi-
fied as the bridge symptoms. Chen et  al. suggested that 
these symptoms reflected the new challenges faced by 
healthcare workers during this period, such as concerns 
about personal and family infections, increased work-
loads, profound changes in work and lifestyle, and uncer-
tainty about the future [14]. More importantly, these 
short-term challenges raised concerns about potential 
long-term impacts on healthcare workers’ mental health. 
This brings up key questions: Will the mental health of 
healthcare workers continue to evolve months or even 
a year after the policy ended? Will the mechanisms and 
explanations for comorbidity also change?

Since the end of the dynamic zero-COVID policy, the 
sources of anxiety and depression among healthcare 
workers may have shifted. While the fear of infection 
has decreased, healthcare workers continue to face other 
public health crises such as seasonal flu [5] and the long-
term physical and mental sequelae of COVID-19 [15]. 
Studies have shown that some COVID-19 patients con-
tinue to experience symptoms, such as fatigue, weakness, 
cough, chest tightness, headache, cognitive decline, and 
psychological issues (e.g., depression, anxiety, and insom-
nia), for months after infection [3, 4]. These ongoing 
issues have further strained healthcare resources, put-
ting additional pressure on healthcare workers. Accord-
ing to China’s National Health Commission (NHC), the 
total number of hospital admissions across the country 
reached 302 million in 2023, an increase of 55.01 million 
compared to the previous year [16]. Additionally, during 
the transition from crisis management to routine work, 
healthcare workers may feel confused, anxious, and 
uncertain [14]. The blurred boundaries between work 
and personal life make it difficult for healthcare workers 
to balance their responsibilities [17]. Given these chal-
lenges, it is necessary to reassess the anxiety-depression 
network among healthcare workers and identify central 
and bridge symptoms during this period. Although these 
symptoms are often considered targets of intervention, 
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it remains unclear whether interventions aimed at these 
symptoms are effective [7]. One potential solution is the 
NodeIdentifyR algorithm (NIRA), based on the Ising net-
work, which can simulate symptom-specific intervention 
[7].

The NIRA excels in simulating the changes in each 
symptom to generate projected networks and visualizing 
the magnitude of network changes [7]. The symptoms 
that most alleviate and aggravate the overall depressive 
and anxiety symptoms can be identified as the optimal 
prevention and intervention targets, respectively. For 
instance, a study using NIRA on the adolescent anxiety-
depression network found that alleviating the symp-
tom of “tension” maximized the reduction of network 
activation, while aggravating the symptom of “sadness” 
produced the most significant expected increase in net-
work activation [18]. In this study, we would use the 
NIRA simulations to determine alleviating or aggravating 
depressive and anxiety symptoms in Chinese healthcare 
workers, providing targets for intervention.

To the best of our knowledge, no study has yet explored 
the comorbidity network of depression and anxiety 
among healthcare workers and developed interven-
tion plans based on simulated intervention, especially 
after the dynamic zero-COVID policy ended. The gap in 
research motivated this study. In sum, this study aims to: 
1) calculate the latest incidence rates of anxiety, depres-
sion, and their comorbidity; 2) model the Ising net-
work of anxiety and depression and identify central and 
bridging symptoms; and 3) use NIRA to simulate clini-
cal symptom-specific interventions to identify effective 
treatment and prevention targets.

Method
Participants
The study was performed in accordance with the Dec-
laration of Helsinki and approved by the ethics com-
mittee of xxxxxxxx University (Reference number: 
2022****0137). This cross-sectional study investigated 
the mental health status of healthcare workers from 
October 1 to 30, 2023, nearly one year after the end of 
China’s dynamic Zero-COVID policy. The study was con-
ducted in Linfen, Shanxi Province, China. Participants 
were recruited from public hospitals in counties and cit-
ies, as well as health centers in rural townships, using 
multi-stage stratified sampling. The inclusion criteria 
were: (1) participants aged over 18 and of Chinese; (2) 
healthcare workers, including doctors, nurses, and non-
medical health care workers (e.g., allied health workers, 
technicians, administrators); and (3) willingness to par-
ticipate in the study. A total of 708 healthcare workers 
(504 females, 71.2%; Mage = 37.55, SDage = 9.37) voluntar-
ily participated and completed the full online survey via 

Wenjuanxing (https:// www. wjx. cn). Table S1 showed the 
additional demographic characteristics including marital 
status and annual income.

Procedures and measures
After signing the electronic consent form, participants 
were asked to first provide basic demographic informa-
tion (e.g., gender, age, marriage, and income per year) 
and then complete the assessment, including Generalized 
Anxiety Disorder 7 (GAD-7) and Patient Health Ques-
tionnaire (PHQ-9).

The PHQ-9 and GAD-7, both widely used in the Chi-
nese samples [19, 20], were used to assess depression 
and anxiety [21, 22]. Participants rated the frequency 
of anxiety and depression symptoms over the past week 
on a 4-point Likert scale (0 = not at all, 3 = almost every 
day). Higher scores indicated more severe anxiety or 
depression. A cutoff score of five was used to screen 
for depression and anxiety symptoms. In this study, the 
Cronbach’s alpha for PHQ-9 and GAD-7 was 0.90 and 
0.87, respectively.

Statistical analysis
All analyses were performed using R software [23]. 
Descriptive statistics were first performed for original 
continuous total scores of the GAD-7 and PHQ-9, as well 
as the scores for each symptom. We also examined the 
prevalence rates of anxiety, depression, and their comor-
bidity, as well as the prevalence rates of each symptom. 
Then, we conducted the following analyses.

Estimate network structure and centrality
Based on the continuous scores, binary scores for each 
symptom were calculated (absent: 0, score = 0; present: 
1, score ≥ 1) and used to estimate the anxiety-depression 
Ising network. This network was estimated using the R 
package networktools [24], with logistic regressions con-
ducted by iteratively regressing each symptom on all 
other symptoms except the symptom variable itself. The 
key parameters of interest were edge weights and thresh-
olds. Edge weights, derived from the regression coeffi-
cients, represented the relationships among symptoms, 
while thresholds, derived from the intercepts, reflected 
each symptom’s tendency to manifest. Positive (nega-
tive) thresholds denote the symptom’s tendency to be 
activated (deactivated) if all other symptoms are absent. 
A larger absolute threshold value signifies a stronger ten-
dency toward activation or deactivation. The Ising net-
work was visualized using the qgraph package [25]. In 
the network, nodes represented symptoms, and edges 
represented their interrelationships. Blue edges denoted 
positive relationships, while red edges indicated negative 
relationships, with thicker edges representing stronger 

https://www.wjx.cn
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associations [8]. For clarity, the thresholds of each 
symptom were depicted individually. Notably, we also 
estimated a partial correlation network based on the con-
tinuous scores of each symptom and used Mantel’s statis-
tic to assess its correlation with the Ising network. This 
helped us examine whether binary data could similarly 
capture symptom relationships [26]. A high correlation 
between the two network matrices would suggest that 
binarizing the data did not affect the network’s sensitivity.

The Expected Influence (EI) and bridge EI centrality 
indices for each node were estimated using the centrali-
tyPlot function [27]. Here, EI assessed the influence or 
significance of each symptom on the anxiety-depression 
network, and bridge EI assessed the role of each symp-
tom in linking anxiety and depression, acting as a bridge 
[24]. According to previous studies, we focused on symp-
toms with centrality values exceeding 1 [19, 28].

Estimate network accuracy and stability
The accuracy and stability of the Ising network were 
assessed using the R package bootnet [29]. A bootstrap-
ping test for the edges was performed to compute the 95% 
confidence intervals (CIs) for edge weights, with greater 
overlap indicating higher accuracy. The case-dropping 
bootstrap tests were performed to evaluate the stability 
of EI and bridge EI centralities, reflected by the correla-
tion stability coefficient (CS-C). The CS-C quantifies the 
maximum number of cases that can be removed while still 
maintaining, with 95% probability, a correlation of at least 
0.7 (default) between the statistics from the original net-
work and those from the reduced dataset. A CS-C value 
above 0.25 is acceptable, above 0.5 is preferred, and above 
0.75 is excellent [30]. In addition, we also conducted boot-
strapped difference tests for edge weights and node cen-
trality to examine their differences or uniqueness.

Simulated alleviating and aggravating interventions 
of network
Simulation intervention analyses were conducted using 
the NodeIdentifyR algorithm (NIRA) within the IsingSam-
pler package [7]. NIRA simulates interventions by sys-
tematically altering the threshold parameters of the Ising 
network. Two types of interventions are applied: alleviat-
ing and aggravating, achieved by decreasing or increasing 
each symptom’s threshold by two standard deviations, 
respectively—representing symptom improvement or 
worsening. To evaluate the impact of these perturbations, 
NIRA calculates the sum score that reflects the overall 
state of the dynamic network; higher sum scores indi-
cating greater levels of psychopathology. The symptom 
with the largest absolute difference between pre- and 
post-intervention sum scores (i.e., the NIRA outcome) is 
considered the most efficient intervention target in the 

network. Alleviating interventions identify the thera-
peutic targets whose alleviation most effectively reduces 
overall symptom severity, while aggravating interventions 
identify the preventive targets whose aggravation most 
strongly increases overall severity [7].

Results
Descriptive statistics
Table  1 presented descriptive statistics for the original 
continuous total scores of the GAD-7 and PHQ-9, as well 
as the scores for each symptom. A cutoff score of > 4 on 
both the PHQ-9 and GAD-7 was used to indicate the 
presence of at least mild depressive or anxiety symptoms, 
respectively. As shown in Fig. 1 A, 367 healthcare workers 
(51.8%) had neither anxiety nor depression symptoms. Of 
the remaining 341 healthcare workers (48.2%), 140 (19.8%) 
had depression symptoms only, 83 (11.7%) reported anxi-
ety symptoms only, and 118 (16.2%) had comorbid depres-
sive and anxiety symptoms. Figure 1B further showed the 
distribution of continuous scores (0–3) for each symptom 
in the sample. The symptoms with prevalence rates greater 
than 0.5 included two depressive symptoms: PHQ1 (Anhe-
donia; 68.6%), PHQ2 (Depressed or sad mood; 67.8%), as 
well as for two symptoms of anxiety: GAD1 (Anxiousness; 
55.2%) and GAD5 (Restlessness; 51.0%).

Comorbidity network of anxiety and depression
As shown in Fig.  2A, depressive and anxiety symptoms 
formed two interconnected clusters within the network1 
(see the edge-weight matrix and threshold parameters in 
Tables S2). Figure 2B indicated that all symptom had nega-
tive thresholds and thus tended to be deactivated when 
all other symptoms were absent. GAD2 (Uncontrollable 
worry) had the threshold closest to zero and was therefore 
the most likely to be activated, whereas PHQ6 (Guilt), with 
the lowest threshold, was the least likely to be activated.

As shown in Fig. 2C and Table 2, PHQ6 (Guilt; bridge 
EI = 2.28) and GAD3 (Excessive worry; bridge EI = 1.72) 
had the highest bridge EI values and were identified as 
the primary bridge symptoms. Among the connections 
between depression and anxiety, the connection between 
PHQ6 (Guilt) and GAD3 (Excessive worry; edge weight = 
1.12) was the most significant. Additionally, PHQ6 
(Guilt) was positively connected with GAD2 (Uncontrol-
lable worry) and GAD4 (Trouble relaxing), while GAD3 
(Excessive worry) was also positively connected with 

1 The additional partial correlation network based on continuous scores for 
each symptom was shown in Figure S1). Mantel’s statistic further suggested 
a high similarity between the two network matrices (r =.78, p =.001). Thus, 
the Ising network accurately reflects the relationships between symptoms 
similar to partial correlation network and did not impact the network’s sen-
sitivity.
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PHQ3 (Sleep difficulties). Furthermore, PHQ6 (Guilt; 
EI = 2.41) and PHQ5 (Appetite changes; EI = 1.35) were 
identified as the central symptoms with the highest 
EI values in the network. Besides its external connec-
tions to anxiety symptoms, PHQ6 (Guilt) also displayed 

strong positive internal connections with other depres-
sive symptoms, with the strongest connection being with 
PHQ4 (Fatigue; edge weight = 3.07). Meanwhile, PHQ5 
(Appetite changes) exhibited strong positive connections 
with five depressive symptoms (but not with any anxiety 

Table 1 Descriptive Statistics for Anxiety (GAD-7) and Depression (PHQ-9)

Higher scores in GAD-7 and PHQ-9 are indicated in bold. Standardized EI and bridge EI were shown. Highlight EI and Bridge EI above 1 in bold

Symptom Descriptive Statistics Centrality

M SD Skewness Kurtosis EI Bridge EI

Anxiety (GAD-7) 3.81 3.53 1.52 2.38

GAD1: Anxiousness 0.63 0.64 0.78 0.70 −0.85 0.22

GAD2: Uncontrollable worry 0.54 0.69 1.14 0.96 −1.47 −0.26

GAD3: Excessive worry 0.47 0.74 1.70 2.59 −0.58 1.72

GAD4: Trouble relaxing 0.60 0.71 1.12 1.21 −1.00 0.17

GAD5: Restlessness 0.58 0.64 0.83 0.53 −1.13 −0.89

GAD6: Irritability 0.53 0.68 1.23 1.52 −0.32 −0.89

GAD7: Felling afraid 0.45 0.64 1.31 1.36 0.46 0.82

Depression (PHQ-9) 4.05 4.22 1.80 3.73

PHQ1: Anhedonia 0.76 0.59 0.27 0.37 0.72 −0.89

PHQ2: Depressed or sad mood 0.80 0.68 0.73 1.10 −0.07 −0.89

PHQ3: Sleep difficulties 0.36 0.69 2.08 3.94 0.01 0.24

PHQ4: Fatigue 0.53 0.68 1.22 1.36 0.60 −0.35

PHQ5: Appetite changes 0.51 0.68 1.42 2.38 1.35 −0.89

PHQ6: Guilt 0.23 0.57 2.59 6.35 2.41 2.28
PHQ7: Concentration difficulties 0.32 0.63 2.31 5.88 −0.32 −0.89

PHQ8: Motor disturbances 0.31 0.57 1.77 2.79 0.61 −0.44

PHQ9: Suicide ideation 0.22 0.53 2.76 8.49 −0.43 0.94

Fig. 1 Prevalence Rates of Anxiety, Depression, and Comorbidity (A), and Prevalence Rate of Each Symptom (B). Note. the full name of each 
symptom in the panel B was listed in Table 1
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Fig. 2 Comorbidity Network of Anxiety and Depression (A), Thresholds (B), and Standardized Centrality measures (C) of each symptom. Note. (A) 
In the network, blue/red edges represent positive/negative associations. (B) In the panel B, negative threshold reflects a tendency for the symptom 
to be deactivated when other symptoms are absent, with value closer to zero indicating greater likelihood of activation
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symptoms), particularly with PHQ8 (Motor disturbances; 
edge weight = 1.93).

Network accuracy and stability
The bootstrap analysis for network accuracy indicated 
that the edge-weights achieved acceptable levels of accu-
racy with narrow 95% CIs (see Figure S2). The case-
dropping bootstrapping analysis revealed that EI (CS-C 
= 0.52) and bridge EI (CS-C = 0.28) indices obtained sta-
ble results (see Figure S3). Moreover, the bootstrapped 
difference tests for edge weights and centrality suggested 
that the majority of comparisons of edge weights (see 
Figure S4) and EIs (see Figure S5 A) were significant, sug-
gesting that the estimates of edges and EIs are specific. 
In contrast, there are fewer significant differences in the 
comparisons of bridge EIs (see Figure S5B).

Simulation of alleviating and aggravating interventions
As shown in Fig. 3 and Table 2, different symptoms had 
varying projected influences on the entire network when 
targeted with interventions. In the alleviating interven-
tions (Fig.  3A), alleviating PHQ1 (Anhedonia) could 
significantly reduce the projected sum score from 6.17 
to 4.10 (NIRA = 2.07), which was the max decreases of 
overall symptom levels of the network. In the aggravat-
ing interventions (Fig. 3B), aggravating PHQ6 (Guilt) sig-
nificantly increased the projected sum score from 6.17 
to 8.89 (NIRA = 2.72), which was the max increases of 

overall symptom levels. Therefore, these two symptoms 
may be the most effective targets for treatment and pre-
vention, respectively. Furthermore, as shown in Fig. 3C, 
the same node played distinct roles in spread or hinder 
symptom activity. For instance, symptom PHQ1 (Anhe-
donia) was the most suitable target for clinical interven-
tions, as an alleviating intervention on it could furthest 
lower overall depressive and anxiety levels. However, it 
might be not suitable for prevention, since it would not 
have a significant impact on network even if it worsened.

Figure 4 exhibited the relationships between NIRA and 
the threshold and EI centrality of each symptom. In Fig. 4A, 
the NIRA outcomes in alleviating interventions were asso-
ciated with thresholds (r = 0.54, p < 0.05) rather than EI val-
ues (r = 0.07, p = 0.81). Symptoms with higher thresholds 
(more likely to be absent) were more likely to be targeted 
for alleviating interventions. In Fig. 4B, the NIRA outcomes 
for aggravating interventions were largely related to thresh-
olds (r = −0.95, p < 0.001) and EI values (r = 0.61, p < 0.05). 
Symptoms with lower thresholds (more likely to be absent) 
or higher EI values (more influential in the network) were 
more likely to be targeted for aggravating interventions.

Discussion
This study used network analysis to explore the comorbid-
ity of anxiety and depression among Chinese healthcare 
workers one year after the end of the dynamic zero-COVID 
policy and identified effective targets for intervention. In 

Table 2 The Results of Simulated Weakening and Enhancing Interventions

The highest NIRA was highlighted in bold. NIRA outcome was the absolute difference between pre- and post-intervention sum scores

Symptom Original Sum 
score

Alleviating Intervention Aggravating Intervention

Sum score NIRAoutcome Sum score NIRAoutcome

Anxiety (GAD-7)
 GAD1: Anxiousness 6.17 4.90 1.27 7.43 1.26

 GAD2: Uncontrollable worry 6.17 5.02 1.15 7.26 1.09

 GAD3: Excessive worry 6.17 5.11 1.06 7.86 1.69

 GAD4: Trouble relaxing 6.17 4.87 1.30 7.38 1.21

 GAD5: Restlessness 6.17 5.10 1.07 7.38 1.21

 GAD6: Irritability 6.17 4.98 1.19 7.66 1.49

 GAD7: Felling afraid 6.17 5.05 1.12 8.04 1.87

Depression (PHQ-9)
 PHQ1: Anhedonia 6.17 4.10 2.07 7.21 1.04

 PHQ2: Depressed or sad mood 6.17 4.34 1.83 7.33 1.16

 PHQ3: Sleep difficulties 6.17 5.60 0.56 8.42 2.25

 PHQ4: Fatigue 6.17 4.63 1.54 7.73 1.57

 PHQ5: Appetite changes 6.17 4.70 1.47 7.88 1.71

 PHQ6: Guilt 6.17 5.34 0.82 8.89 2.72
 PHQ7: Concentration difficulties 6.17 5.71 0.46 8.05 1.88

 PHQ8: Motor disturbances 6.17 5.69 0.48 8.12 1.95

 PHQ9: Suicide ideation 6.17 5.71 0.46 8.24 2.07
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our anxiety-depression Ising network, we identified central 
symptoms such as “guilt” and “appetite changes”, as well as 
bridge symptoms like “guilt” and “excessive worry”. Simula-
tion interventions pointed to “Anhedonia” as a key target 
for treatment and “guilt” as a key target for prevention. 
These findings shed light on the ongoing psychological 
challenges healthcare workers faced post-zero-COVID and 
offer valuable insights for targeted interventions.

Central symptoms in the anxiety-depression network: guilt 
and appetite changes
“Guilt,” affecting around 20% of healthcare workers, 
emerged as a central symptom in the anxiety-depression 
network. This differs from previous studies during the 
dynamic zero-COVID period [10, 11], but guilt remains a 
central symptom in anxiety-depression network in various 

groups, including adolescents [31] and young adults [32]. 
According to the Diagnostic and Statistical Manual of Men-
tal Disorders, Fifth Edition (DSM-5), guilt is one of the 
common symptoms of depression, typically manifesting as 
excessive self-blame or feelings of failure, worthlessness, and 
the belief that one has let oneself or others down [33]. As the 
unique characterizes of their profession, healthcare work-
ers often experienced guilty for various complex reasons. 
During the pandemic, they felt guilt related to family, work, 
and the risk of infection during the pandemic [34]. Fam-
ily- and work-related guilt persisted even after the crisis, 
as long working hours and heavy workloads created work-
to-family conflict, making them feel guilty for not meeting 
family needs [35]. Additionally, empathy for patients led to 
pathogenic guilt, with healthcare workers feeling responsi-
ble for patients’ suffering, even when they were powerless to 

Fig. 3 Simulation of Alleviating (A) and Aggravating (B) Interventions and Comparison (C). Note. Dots represent the network sum scores, 
while the lines represent the 95% confidence intervals. The symptoms are listed based on the size of the intervention’s effects, along with the 
original total score before the intervention
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help [36, 37]. This prolonged guilt worsened when patients’ 
conditions deteriorated [38], when deaths occurred [39], or 
after medical errors happened [40]. Along with guilt, shame, 
anger, disgust, anxiety, loss of confidence, and sadness were 
also common emotions related to moral injury in health-
care [41]. Consequently, healthcare workers had to engage 
in extra emotional labor and prioritize the needs and emo-
tions of patients over their own [42, 43]. Over time, this 
prolonged guilt led to physical and emotional exhaustion 
[36], worsening other depression and anxiety symptoms, 
and even contributing to suicidal thoughts [44, 45]. These 
dynamics explain the associations between guilt and symp-
toms like sleep difficulties, fatigue, motor disturbances, and 
suicidal ideation in our network. Our findings also align 
with Zou et al., who found the mutually reinforcing relation-
ships between guilt and depressive symptoms [46].

“Appetite changes,” recognized as a common depressive 
symptom [33], also emerged as a central symptom in the 

network. Unlike previous studies that highlighted pan-
demic-related anxiety [10, 11], our finding indicated that 
disrupted eating habits might be a core symptom lead-
ing to depression and anxiety among healthcare work-
ers in the post-dynamic zero-COVID policy era. About 
40% of healthcare workers in our sample reported abnor-
mal increases or decreases in appetite, which might be 
explained by the high levels of work pressures during this 
period [47, 48]. Irregular work schedules often disrupted 
normal eating patterns and sleep routines, leading to hor-
monal imbalances and altered energy metabolism [49–
51]. Our research found significant connections between 
appetite changes, anhedonia, depressed or sad mood, and 
motor disturbances, which supported earlier findings. 
Studies have regarded appetite changes as a direct mani-
festation of anhedonia [52–54]. Keränen et al. found that 
anhedonia was associated with uncontrolled eating, emo-
tional eating, and binge eating [55]. Additionally, Mason 

Fig. 4 The Relations between Thresholds (A) and EIs (B) and NIRA Outcomes from Simulated Interventions. Note. The x-axis represents 
the magnitudes of the threshold parameters (panel A) and EI values (panel B). The y-axis displays the NIRA outcome, calculated as the absolute 
difference between the network’s original sum score and the sum score following each intervention. The shaded region indicates the 95% 
confidence interval
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et  al. proposed a model of binge-eating disorder (BED), 
explaining how anhedonia, low mood, and lack of moti-
vation interact to maintain binge-eating behavior [56].

Bridge symptoms of the anxiety-depression network: guilt 
and excessive worry
“Guilt” within depressive symptoms and “Excessive worry” 
within anxiety symptoms emerged as two bridge symptoms 
in the network, linking clusters of depression and anxiety 
symptoms. In our sample, approximately 35% of healthcare 
workers reported experiencing “excessive worry” about 
everyday events or activities. These newly identified bridge 
symptoms differ from those reported in previous stud-
ies conducted during the dynamic zero-COVID period 
[10, 13, 57]. However, our results aligned with Chen et al. 
[14], who found guilt to be a key bridge symptom between 
depression and anxiety among Chinese mental health pro-
fessionals after the zero-COVID period. These changes 
reflect a new pattern of comorbid anxiety and depression 
as the pandemic eased and work returned to normal. Dur-
ing this period, healthcare workers commonly felt guilt and 
worry due to family-work conflict rather than infection. 
In their daily work, healthcare workers often felt guilt and 
anger for not providing optimal care, worried about treat-
ment failures, and felt frustrated by unmet outcomes [58]. 
Their empathy-based guilt towards patients made them 
especially concerned about future medical errors [45]. 
When errors occurred, they might suffer severe emotional 
distress, such as guilt, insomnia, anxiety, and concentration 
difficulties, and some even risked job loss or contemplated 
suicide [44, 59]. Contradictorily, even when returning home 
after work, these feelings seemed difficult to improve and 
might even continue to worsen [60]. Regardless of the pan-
demic, healthcare workers often faced family conflicts and 
impaired family functioning [17], which further increased 
their feelings of guilt, worry, or shame for not being present 
in their family roles [35, 60]. Moreover, guilt and excessive 
worry were highly related to rumination [61, 62], which is 
a critical factor contributing to the comorbidity of anxiety 
and depression [63].

More concerningly, stigma, fear of negative career con-
sequences, and lack of time commonly hinder health-
care workers from seeking mental health support [64, 
65], potentially exacerbating feelings of guilt and worry. 
Despite their medical expertise, many healthcare workers 
remain affected by mental illness stigma and view men-
tal health diagnoses and treatment as embarrassing and 
shameful [66, 67]. Perceived stigma often led to their self-
stigma, leading to self-blame for perceived failures as car-
egivers and concerns about damage to their professional 
image [68, 69]. Healthcare workers also worry that dis-
closing mental health could harm their job applications, 

medical license, and career advancement [64, 70, 71]. 
Additionally, taking time off to prioritize mental health 
may evoke guilt toward colleagues and patients due to 
staff shortages and a strong sense of duty [65, 69]. Lim-
ited time also reduce their willingness to participate in 
therapies such as counseling or cognitive behavioral ther-
apy, which typically require multiple sessions to be effec-
tive [67]. In sum, these barriers undermine help-seeking 
behaviors and may accelerate the progression of comorbid 
depression and anxiety.

Target symptoms for the treatment and prevention 
of depressive and anxiety symptoms
Using the NIRA, this study identified effective targets for 
both alleviating and aggravating interventions in the anx-
iety-depression network. First, “Anhedonia” was the most 
effective target for treatment, as alleviating it decreased 
the overall severity of the network to an extreme. This 
could be explained by the threshold of “Anhedonia” (nat-
ural disposition for manifestation) rather than EI (influ-
ence on other symptoms). “Anhedonia” had a negative 
threshold close to 0 (albeit not the closest), suggesting it 
tended to remain absent but was near activated. Anhedo-
nia affected nearly 70% of healthcare workers and was the 
most prevalent symptom in our sample. Although not the 
core or bridge symptom in our network, anhedonia has 
been found to promote the anxiety-depression comorbid-
ity in adults [72]. Healthcare workers often face work pres-
sure, promotion and evaluation challenges, and difficulty 
balancing family and career, which weaken their response 
to rewards and led to anhedonia. Therefore, it is necessary 
for hospitals to provide systematic support for healthcare 
workers, including optimizing working conditions, reduc-
ing workloads, and strengthening reward mechanisms [73, 
74]. Sufficient time outside of work can help them develop 
personalized lifestyles to alleviate anhedonia. Social activi-
ties, outdoor physical exercise, and spending time on tel-
evision, the internet, or social media, have been found 
effective in improving pleasure and positive affects among 
anhedonic adults [75, 76]. Moreover, hospitals should 
organize psychological intervention programs to help 
manage anhedonia, such as behavioral activation, mindful-
ness, and gratitude writing [77, 78].

In addition to being a central and bridge symptom, 
“guilt” was the most effective target for prevention, as 
aggravating it furthest increased the overall severity of the 
network. This result fitted the target for prevention, which 
is often something that hasn’t happened yet but could 
led serious consequence. Due to its lowest threshold and 
prevalence among all symptoms, guilt is the least likely 
to be activated, acting as a “last safe zone”. However, it 
plays a key role in linking symptoms and driving anxiety-
depression comorbidity. If guilt worsens, it can cause the 
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entire network to deteriorate. To prevent this, healthcare 
workers should engage in surface-level emotional labor 
to prevent burnout, such as showing concern for patients 
without excessive empathy [79]. Hospitals should reduce 
their workloads to ensure they have time to care for both 
their families and their own mental well-being [35, 65]. 
Furthermore, organizing lectures or science outreach pro-
grams concerning mental health can help normalize the 
need for psychological support and reduce stigma among 
healthcare workers [65]. Additionally, contemplative prac-
tices, such as mindfulness, Tibetan, and Theravada, may 
also help prevent pathological guilt [80].

Implications
This study examined the mental health of Chinese health-
care workers in the post-zero-COVID era, revealing new 
mechanisms of anxiety and depression comorbidity. Our 
findings highlighted the role of guilt and excessive worry 
in reinforcing comorbidity, as well as the central roles of 
guilt and appetite changes. As the impact of the pan-
demic decreased, the focus of these symptoms shifted 
to family and work-related issues. Our study also high-
lights the psychological effects of pandemic-related policy 
changes on healthcare professionals and emphasizes the 
need for timely, context-specific psychological interven-
tions. By using the NIRA algorithm based on the Ising 
network, we identified practical intervention strategies. 
Depression and anxiety symptoms in healthcare workers 
are often dismissed as mere occupational fatigue, mak-
ing effective intervention difficult. However, our network 
analysis approach identifies specific targets for interven-
tion, such as guilty and anhedonia. Experimental evidence 
supports that behavioral activation therapy (BATA) and 
mindfulness-based cognitive therapy (MBCT) can effec-
tively reduce anhedonia and guilt [81, 82]. In addition 
to individual interventions, establishing comprehensive 
support systems—including emotional regulation pro-
grams, early screening mechanisms, and a supportive 
work environment—is crucial for enhancing healthcare 
workers’resilience and well-being.

Limitations
Some limitations of this study should be noted. First, the 
cross-sectional Ising network reveals the correlations 
between symptoms rather than causal relationships. 
Future research should employ longitudinal designs to 
model cross-lagged panel network (CLPN) of anxiety 
and depression symptoms among healthcare workers, 
in order to determine whether these relationships are 
unidirectional or bidirectional [83]. Furthermore, future 
studies could incorporate simulated interventions tar-
geting identified symptoms and assess the alleviation 

effects over time. Specifically, researchers might aim to 
reduce the severity of the target symptom (e.g., anhedo-
nia), or weaken the associations between that symptom 
and others (e.g., anhedonia and appetite changes) to 
disrupt the overall symptom network [84]. Second, the 
findings are based on a single-region sample, which may 
be influenced by local geographic, economic, and cul-
tural factors, thus limiting the generalizability. However, 
healthcare workers, regardless of region or culture, were 
among the most affected groups during the pandemic, 
highlighting the importance of addressing their men-
tal health [85]. Future studies should examine health-
care workers’ mental health across diverse regions and 
cultures to provide more comprehensive insights and 
inform the development of targeted interventions. 
Third, the current sample included clinical doctors and 
nurses as well as non-clinical staff (e.g., technicians and 
administrators). However, we did not collect detailed 
information on occupational categories, and therefore 
cannot compare mental health outcomes across differ-
ent roles. This limitation highlights the need for cau-
tion when generalizing the findings to specific clinical 
groups. Future research should examine how different 
healthcare roles experience psychological distress to 
inform more targeted interventions.

Conclusion
Although the COVID-19 situation in China has eased 
after the end of the dynamic zero-COVID policy, health-
care workers still face immense pressure from the 
aftermath of the pandemic, new threats, and emerging 
health challenges. Using network analysis, this study 
explored the comorbidity of anxiety and depression 
among healthcare workers in this new period and fur-
ther identified effective targets for intervention. In the 
anxiety-depression Ising network, we identified central 
symptoms such as “guilt” and “appetite changes”, as well 
as bridge symptoms like “guilt” and “excessive worry”. 
Using NIRA, simulated interventions pointed to “Anhe-
donia” as a key target for treatment and “guilt” as a key 
target for prevention. These findings shed light on the 
ongoing psychological challenges healthcare workers 
faced post-zero-COVID and offer valuable insights for 
targeted interventions.
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