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Abstract
Background: Circadian syndrome (CircS) may be closely linked to lifestyle, psychological, and occupational factors, but evidence 
is lacking. This study aimed to explore complex associations between lifestyle, psychological, and occupational factors and CircS 
among employed people in southwestern China.
Methods: In this study, network analysis was used to identify complex associations between lifestyle, psychological, and occupa-
tional factors and CircS in employed people from the Chinese Cohort of Working Adults (CCWA). The centrality of each variable 
was estimated by strength centrality index, which was calculated by the sum of edge weights connected to the variable. Bridge 
in the network was identified as the variables in the top 80th percentile of overall bridge strength, which was defined as the most 
strongly connected variables across lifestyle, psychological, and occupational factors and CircS. The differences were assessed in 
network structures between subgroups divided by the median score of the variable with the strongest bridge strengthen.
Results: Among 31,105 participants from CCWA, 5213 (16.76%) had CircS. In the constructed network, anxiety (edge weights: 
0.28), smoking (edge weights: 0.15), drinking (edge weights: 0.10), perceived noise at work (edge weights: 0.08), and implicit 
health attitude (edge weights: –0.02) were directly related to CircS, with 83.31% of the variance for CircS explained by these 
neighboring factors. Anxiety was the most central variable (strength centrality: 1.20) in the network and the strongest bridge 
(bridge strength: 0.84) connecting all domains of variables. A stronger association between anxiety and CircS was observed in 
the network of participants with more severe anxiety (edge weight: 0.23) than those with less severe anxiety (edge weight: 0.03).
Conclusion: Anxiety had the strongest association with CircS and was the central factor with the highest strength centrality, also 
the bridge with the highest bridge strength in the network.
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Introduction

Circadian syndrome (CircS) is an emerging syndrome 
linking metabolic syndrome (MetS) components such 
as obesity, hypertension, dyslipidemia, and impaired 
glucose tolerance with circadian disruptions, sleep disor-
ders, and depression.[1] While MetS serves as an early 
indicator of cardiovascular diseases (CVDs), the inclusion 
of circadian and mental health factors in CircS offers a 
more comprehensive pathophysiological model for CVD 
risk prediction.[2,3] Research has shown that circadian 

disruption and depression are associated with CVDs, such 
as heart failure and ischemic stroke,[4,5] and contribute to 
poorer cardiovascular outcomes.[6] In a cohort study of 
9360 adults, prevalence of CircS(39.0%) was lower than 
MetS (44.7%), yet the 5-year CVD risk (15.1%) of Circs 
patients was higher than Mets patients, suggesting that 
CircS may hold greater public health implications for 
CVD prevention.[2]

Understanding modifiable determinants of CircS, includ-
ing lifestyle and psychological factors, is crucial.[1] 
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Sedentary behavior, sleep deprivation, and poor dietary 
habits would increase both MetS and CircS risk,[7,8] while 
psychological factors like anxiety exacerbate sleep disor-
ders and depression.[9,10] Occupational factors, especially 
irregular work schedules, may disproportionately impact 
employees, elevating their CircS risk.[11,12] Despite the 
known impact of lifestyle and psychological factors on 
MetS, research specifically targeting CircS determinants 
remains sparse. In addition, CircS may conversely affect 
lifestyle and psychological factors, which has made their 
complex associations become a system of reciprocal interac-
tions.

The complexity of interactions among lifestyle, psy-
chological, and occupational factors requires advanced 
analytical methods. Network analysis, which captures 
multifaceted associations within complex systems, offers 
a promising approach.[13] Previous studies have employed 
this method to explore behavioral and psychological fac-
tors in relation to health outcomes, revealing reciprocal 
relationships and highlighting central variables.[14–16] 
This study aimed to apply network analysis to explore 
the associations between these factors and CircS among 
employed people, provide insights for targeted interven-
tions and policy-making to reduce CircS risk and the 
burden of non-communicable diseases in the workforce.

Methods

Ethical approval

This study was approved by the Ethics Committee of West 
China Fourth Hospital and West China School of Public 
Health, Sichuan University (No. Gwll2021064). All par-
ticipants provided informed consent on the cover page of 
the online questionnaire before taking part.

Study design and participants

The CCWA was established based on the staff in the 
Chengdu Bureau of the National Railway Administration 
of China, a giant system covering about 120 kinds of occu-
pations in China,[11] including officers, engineers, drivers, 
doctors, nurses, railway policemen, field workers, and 
service workers. These employed people mainly resided in 
the Sichuan, Chongqing, and Guizhou Provinces of south-
west China. A systematic random sampling method was 
used to recruit the participants, using unique job identi-
fication numbers as the sampling frame. In the baseline 
survey between October 1, 2021 and December 31, 2021, 
39,926 participants out of 119,780 staff were invited 
for an investigation. The investigation was conducted 
with reference to the Checklist for Reporting Results of 
Internet E-Surveys.[17] Briefly, an online questionnaire 
was designed by an expert panel to collect participants’ 
demographic, lifestyle, psychological, and occupational 
characteristics. The usability and technical functionality 
of the electronic questionnaire were tested with 50 par-
ticipants before deploying it. The questionnaire items 
were designed with logical branching (e.g., participants 
with a smoking history would not be further asked about 
the duration of smoking cessation), and the response 

values were restricted within reasonable ranges (e.g., the 
daily sleep time cannot be entered with a value greater 
than 16 h). The questionnaire was distributed through 
the personnel management website information system 
and required about 25–35 min to complete. During the 
survey process, health management personnel at each site 
encouraged participants to complete the questionnaire. To 
assess the validity of the collected questionnaires, three 
commonsense questions (e.g., which city is the capital of 
China?) were placed at the beginning, middle, and end of 
the questionnaire, and only those with all three questions 
correctly answered were considered valid.

Finally, 31,105 people participated in the CCWA, with a 
response rate of 77.91% (31,105/39,926) and all com-
plete questionnaires were valid. All of them also received 
a physical examination at the designated health care 
centers run by the Chengdu Bureau of the National Rail-
way Administration of China, which had unified medical 
examination equipment and clinical laboratory tests. An 
overview of data collection is shown in Supplementary 
Figure 1, http://links.lww.com/CM9/C352.

CircS definition

CircS was defined based on the joint statement “Har-
monizing the Metabolic Syndrome”.[18] Considering the 
potential association between circadian rhythm disrup-
tion and MetS, Zimmet et al[1] further proposed the term 
“circadian rhythm syndrome”. According to previous 
studies,[1–3,19,20] the CircS was defined as the presence 
of four or more of the following seven symptoms/con-
ditions: (1) obesity, defined as body mass index (BMI)  
≥25 kg/m2;[21] (2) elevated blood pressure, defined as sys-
tolic ≥130 mmHg and/or diastolic ≥85 mmHg; (3) high 
fasting blood glucose (FBG), defined as FBG ≥100 mg/dL; 
(4) decreased high-density lipoprotein cholesterol (HDL-
C), defined as HDL-C <40 mg/dL in men or <50 mg/dL 
in women; (5) elevated triglycerides (TG), defined as TG 
≥150 mg/dL; (6) short sleep, defined as sleep time <6 h/day;  
and (7) depression, defined as moderate, moderately 
severe, or severe depression, defined as the depression 
score ≥10.[2,18,22] Among them, body weight and height 
used to calculate BMI were measured in light clothing 
and barefoot. Blood pressure was averaged over the three 
measurements made at a resting state. FBG, HDL-C, and 
TG were measured in venous blood samples collected 
after fasting for at least 8 h at night. Sleep time was  
measured by one item, i.e., “How many hours of actual 
sleep at night did you get on average in the past month?” 
The depression score was calculated from the Patient 
Health Questionnaire-9 (PHQ-9),[22] a self-administered 
version of the Primary Care Evaluation of Mental Disor-
ders diagnostic instrument for common mental disorders.

Candidate determinants of CircS

According to the previous literature,[2,19] we selected 
a comprehensive set of lifestyles, psychological, and 
occupational factors as candidate determinants of CircS 
[Supplementary Table 1, http://links.lww.com/CM9/C352]. 
The four lifestyle factors were selected. Drinking status 

http://links.lww.com/CM9/C352
http://links.lww.com/CM9/C352


Chinese Medical Journal 2025;XX(XX) www.cmj.org

3

(never, current, or former) and smoking status (never, 
current, or former) were defined according to the China 
Kadoorie Biobank Study.[23,24] Dietary pattern was measured 
by a food frequency questionnaire (FFQ) scale with a 
healthy eating index, with a higher score indicating more 
healthy dietary behavior.[25,26] Physical activity (PA) was 
measured by the total value of the metabolic equivalent 
for tasks (METs) for occupational, traffic-related, chore, 
and leisure-time activities, with a higher score indicating 
a higher level of PA one was engaged in.[27]

The three psychological factors were selected. Well-being 
was assessed by a Short Scales of Flourishing and Positive 
and Negative Feelings,[28] with a total score ranging from 
8 to 56 and a higher score indicating better well-being. 
Anxiety was evaluated by a 7-item self-reported Generalized 
Anxiety Disorder (GAD-7),[29] with a total score from 
0 to 21 and a higher score indicating a higher level of 
anxiety. The implicit health attitudes, representing one’s 
attitude toward his/her health based on implicit assess-
ment strategies,[30] were evaluated by a Lay Theory of 
Health Measure,[31] with a total score from 6 to 36 and 
a higher score indicating a stronger health-promoting  
intention.

The two occupational factors were selected. The regularity 
of work was categorized as irregular and regular. The 
perceived noise at work was measured by the three items 
designed in previous research[32,33]: “The noise in your 
work environment is too loud”, “The noise in your work 
environment has affected your physical health”, and “The 
noise in your work environment has affected your mental 
health”. A five-point Likert scale ranging from 1 (strongly 
disagree) to 5 (strongly agree) was used to rate each item, 
with a total score from 3 to 15 and a higher score indicat-
ing a higher level of perceived noise at work.

Some sociodemographic characteristics were considered 
the covariates or confounders, according to the previous 
studies,[2,12] including age, sex (male, female), ethnicity 
(Chinese Han, minorities), marital status (unmarried, 
married/cohabitation, separated/divorced/widowed), liv-
ing status (living alone, living with non-family members, 
and living with family members), educational level (senior 
high school or below, junior college, bachelor degree or 
above), and monthly household income (<RMB 6000 
yuan, RMB 6000–9999 yuan, ≥RMB 10,000 yuan).

Statistical analyses

Descriptive statistics

Continuous and categorical variables were summarized 
by n (%) or mean ± standard deviation (SD), respectively, 
with values compared by Student’s t-test or chi-squared 
test. Multiple imputation with chained equations on 
25 sets was applied to handle missing values before 
modeling.[34] R software version 4.1.0 (R Foundation for 
Statistical Computing, Vienna, Austria) was used to con-
duct all statistical analyses, and the statistical significance 
was defined as P <0.05.

Network construction and estimation

Network analysis based on mixed graphical models (MGM) 
was conducted to identify connections (edges) among varia-
bles (nodes).[35] In the network, edge thickness represented 
the strength of association (i.e., absolute partial correlation 
coefficient), with green and red edges indicating positive 
and negative correlations, respectively [Supplementary  
Figure 2, http://links.lww.com/CM9/C352]. A least absolute 
shrinkage and selection operator (LASSO) was applied to 
minimize spurious edges, resulting in a sparse, interpretable 
network.[36] An extended Bayesian Information Criterion 
(EBIC) with a tuning parameter of 0.5 selected the model,[37] 
and a Fruchterman–Reingold algorithm visualized the net-
work. The strength centrality index was used to evaluate the 
centrality of factors in the network,[37] defined as the sum of 
edge weights connected to a variable.

The bridge in the network was defined as the most 
strongly connected variable in different domains (i.e., 
lifestyle, psychological, and occupational factors and 
CircS domains).[38] Bridges can impact network structure 
and may be related to the spread of intervention effects 
among domains.[38] The bridge strength was calculated by 
summing the absolute values of all edge weights connect-
ing a given variable with variables in different domains. 
Bridges were identified with the top 80th percentile of the 
overall bridge strengths, i.e., variables for which deactiva-
tion would result in preventing the activation of variables 
in the other domains. Besides, we divided the strongest 
bridge into two subgroups by the median score of the 
bridge to explore network structure differences.

Network stability was analyzed using non-parametric 
bootstrapping (1000 times) with confidence intervals 
(CIs) to test the reliability of edge weights.[37] A correla-
tion stability coefficient was used to evaluate the stability 
of the strength centrality, with values >0.5 indicating 
a well-fitting model.[37] In addition, we calculated the 
percentage of explained variance (R2) for each node in 
the network by predictability index.[38] An overview 
of network construction and estimation is shown in  
Supplementary Figure 1, http://links.lww.com/CM9/C352.

Sensitivity analyses

We estimated the network excluding participants with 
missing data and compared it with the network includ-
ing all participants to assess robustness. Spearman 
correlations of edge weights and strength centrality were 
computed to assess similarity.[39,40] Besides, permutation 
tests were used to estimate differences between networks 
in their global strength (the sum of absolute values of 
all edge weights).[39] We also used post-hoc analysis to 
test edge weight differences with the false discovery rate 
(FDR) corrected P values.[41]

Results

Basic characteristics of the participants

A total of 31,105 employed adults were included, with an  
overall CircS prevalence of 16.76% (5213/31,105) [Table 1].  
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Table 1: Basic characteristics of all participants in the CCWA.

Variables
Overall  

(n = 31,105)
Non-CircS  

(n = 25,892)
CircS  

(n = 5213) P value

Demographic characteristics
Age (years) 36.64 ± 10.49 35.64 ± 10.30 41.48 ± 10.07 <0.001
Sex <0.001

Male 25,518 (82.04) 20,632 (79.68) 4886 (93.73)
Female 5587 (17.96) 5260 (20.32) 327 (6.27)

Ethnicity 0.021
Chinese Han 28,969 (93.13) 24,075 (92.98) 4894 (93.88)
Minorities 2136 (6.87) 1817 (7.02) 319 (6.12)

Marital status <0.001
Unmarried 8217 (26.42) 7494 (28.94) 723 (13.87)
Married/cohabitation 21,194 (68.14) 17,072 (65.94) 4122 (79.07)
Separated/divorced/widowed 1694 (5.45) 1326 (5.12) 368 (7.06)

Living status <0.001
Living alone 5573 (17.92) 4602 (17.77) 971 (18.63)
Living with non-family members 5256 (16.90) 4537 (17.52) 719 (13.79)
Living with family members 20,276 (65.19) 16,753 (64.70) 3523 (67.58)

Educational level <0.001
Senior high school or below 9329 (29.99) 6878 (26.56) 2451 (47.02)
Junior college 14,218 (45.71) 12,269 (47.39) 1949 (37.39)
Bachelor’s degree or above 7558 (24.30) 6745 (26.05) 813 (15.60)
Monthly household income (Chinese yuan) <0.001
<6000 11,369 (36.55) 9326 (36.03) 2040 (39.13)
6000–9999 13,774 (44.28) 11,465 (44.28) 2309 (44.29)
≥10,000 5962 (19.17) 5098 (19.69) 864 (16.57)

Lifestyle characteristics
Drinking <0.001

Never 12,836 (41.27) 11,371 (43.92) 1465 (28.10)
Current or former 18,269 (58.73) 14,521 (56.08) 3748 (71.90)

Smoking <0.001
Never 14,226 (45.74) 12,744 (49.22) 1482 (28.43)
Current or former 16,879 (54.26) 13,148 (50.78) 3731 (71.57)

Dietary pattern <0.001
Poor 1227 (3.94) 922 (3.56) 305 (5.85)
Average 18,135 (58.30) 14,943 (57.71) 3192 (61.23)
Ideal 11,743 (37.75) 10,027 (38.73) 1716 (32.92)

PA intensity <0.001
Low level 9338 (30.02) 7659 (29.58) 1679 (32.21)
Medium level 10,961 (35.24) 9239 (35.68) 1722 (33.03)
High level 10,806 (34.74) 8994 (34.74) 1812 (34.76)

Psychological factors
Well-being 36.50 ± 10.57 36.94 ± 10.50 34.34 ± 10.62 <0.001
Anxiety 5.55 ± 5.57 5.09 ± 5.29 7.87 ± 6.30 <0.001
Implicit health attitude 25.04 ± 5.99 25.19 ± 6.04 24.31 ± 5.68 <0.001

Occupational characteristics
Regularity of work <0.001

Irregular 17,626 (56.67) 14,799 (57.16) 2827 (54.23)
Regular 13,479 (43.33) 11,093 (42.84) 2386 (45.77)

Perceived noise at work 10.30 ± 2.69 10.14 ± 2.66 11.10 ± 2.69 <0.001
Components of CircS

Obesity 11,292 (36.30) 9405 (36.32) 1887 (36.20) 0.875
High blood pressure 9852 (31.67) 8177 (31.58) 1675 (32.13) 0.446
Elevated blood glucose 6502 (20.90) 5367 (20.73) 1135 (21.77) 0.094
Decreased HDL-C 4047 (13.01) 3343 (12.91) 704 (13.50) 0.255
Elevated TG 12,862 (41.35) 10,708 (41.36) 2154 (41.32) 0.973
Short sleep 7057 (22.69) 5856 (22.62) 1201 (23.04) 0.519
Depression 9382 (30.16) 7805 (30.14) 1577 (30.25) 0.891

Data are shown as mean ± standard deviation or n (%). CircS: Circadian syndrome; HDL-C: High-density lipoprotein cholesterol; PA: Physical 
activity; SD: Standard deviation; TG: Triglycerides.
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The prevalence of CircS symptoms/conditions ranged 
from 13.01% (4047/31,105, decreased HDL-C) to 
41.35% (12,862/31,105, elevated TG). The participants 
had a mean age of 36.64 ± 10.49 years, with 82.04% 
(25,518/31,105) being male. Less than half (43.33%, 
13,479/31,105) of the participants had regular work. 
The perceived noise at work scored 10.30 ± 2.69 on 
average. More than half of them were current or former 
drinkers (58.73%, 18,269/31,105) and smokers (54.26%, 
16,879/31,105). Most participants had an average diet 
quality (58.30%, 18,135/31,105) and a medium level 
of PA (35.24%, 10,961/31,105). The mean scores for 
well-being, anxiety, and implicit health attitude were 
36.50 ± 10.57, 5.55 ± 5.57, and 25.04 ± 5.99, respectively.

Association among variables in networks

The MGM-identified network [Figure 1] and the corre-
sponding adjacency matrix of edge weights [Supplementary 
Figure 3, http://links.lww.com/CM9/C352], based on all 
participants, were shown. We found that anxiety (edge 
weight: 0.28), smoking (0.15), drinking (0.10), perceived 
noise at work (0.08), and implicit health attitude (–0.02) 
were directly associated with CircS. The nodewise pre-
dictability showed that 83.31% of the variance for CircS 
could be interpreted by these directly associated variables  
[Supplementary Table 2, http://links.lww.com/CM9/C352].  
Lifestyle, psychological, and occupational factors interacted 
with one another, with strong associations observed 
between perceived noise at work and anxiety (edge weight: 
0.24), between perceived noise at work and well-being 

(–0.18), and between dietary pattern and anxiety (–0.18). 
The edge weights of the network in all participants were 
close to bootstrapped values of edge weights, with nar-
rower CIs of edge weights indicating better accuracy of 
the results [Supplementary Figure 4, http://links.lww.com/
CM9/C352].

Key variables in the network

We found that anxiety was the most central variable (with 
the highest strength centrality of 1.20) in the network 
[Figure 2]. Among all lifestyle, psychological, and occupa-
tional variables directly related to CircS, anxiety (strength: 
1.20), smoking (strength: 1.02), and drinking (strength: 
0.83) ranked top three in strength centrality. The strength 
centrality indices remained highly stable [Supplementary 
Figure 5, http://links.lww.com/CM9/C352]. In the net-
work, we found anxiety (bridge strength: 0.84) was the 
strongest bridge connecting lifestyle, psychological, and 
occupational factors and CircS [Figure 1], indicating that 
anxiety may be the most important variable impacting 
network structure and influencing the spread of interven-
tion effects across domains. The specific bridge strength 
of each variable can be found in Figure 2.

Since anxiety was the strongest bridge in the network, 
we proceeded to compare network structures among 
participants with less and more severe anxiety, as deter-
mined by the median score of anxiety (median value = 5)  
[Figure 3]. The edge weights of the two networks were 
close to their respective bootstrapped values of edge 
weights [Supplementary Figure 6, http://links.lww.com/
CM9/C352]. We found that perceived noise at work, 
drinking, smoking, well-being, and anxiety were directly 
associated with CircS in the networks [Figure 3], and 
the edge weight between anxiety and CircS in partici-
pants with more severe anxiety (edge weight: 0.23) was 
stronger than that in participants with less severe anxiety 
(edge weight: 0.03) [Supplementary Tables 3 and 4, http://
links.lww.com/CM9/C352]. Besides, anxiety (strength: 
1.51) was the most central variable in the network of 
participants with less severe anxiety, with well-being as 
the strongest bridge; smoking (strength: 1.63) was the 
most central variable in the network of participants with 
more severe anxiety, with anxiety as the strongest bridge 
(except for CircS). The specific strength centrality and 
bridge strength can be found in Supplementary Figure 7, 
http://links.lww.com/CM9/C352. The strength centrality 
indices remained highly stable [Supplementary Figure 8, 
http://links.lww.com/CM9/C352].

Replicability of the findings

After excluding 6916 participants with at least one miss-
ing variable, the remaining 24,189 participants were used 
for replicability of the findings. The basic information 
can be found in Supplementary Table 5, http://links.lww.
com/CM9/C352. Network structure, adjacency matrix, 
strength centrality, and bridges based on the participants 
without missing data can be found in Supplementary  
Figures 9–11, http://links.lww.com/CM9/C352. The net-
work of participants without missing data was robust, 

Figure 1: Network of all participants in the CCWA. Green edges indicate positive rela-
tionships, while red edges indicate negative relationships. The thickness of the edges 
is proportional to the absolute value of the edge weights. Rings around colored parts 
display prediction functions, including explained variance for continuous variables and 
correct classification for categorical variables. The variable framed by the square is the 
strongest bridge (with the highest bridge strength) among all lifestyle, psychological, and 
occupational factors. Demographics were adjusted in the networks while were not plotted.

http://links.lww.com/CM9/C352
http://links.lww.com/CM9/C352
http://links.lww.com/CM9/C352
http://links.lww.com/CM9/C352
http://links.lww.com/CM9/C352
http://links.lww.com/CM9/C352
http://links.lww.com/CM9/C352
http://links.lww.com/CM9/C352
http://links.lww.com/CM9/C352
http://links.lww.com/CM9/C352
http://links.lww.com/CM9/C352
http://links.lww.com/CM9/C352
http://links.lww.com/CM9/C352
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with high correlation stability coefficients of strength 
centrality [Supplementary Figures 12 and 13, http://
links.lww.com/CM9/C352]. Besides, a high correlation 
was observed in strength centrality (r = 0.97) and bridge 
strength (r = 0.99) between networks of all participants 
and of those without missing data. The permutation test 
showed no significant differences in the two networks’ 
global strengths (test statistic S = 0.01, P = 0.93). Among 
136 non-zero edges, post- hoc comparison showed that 
only 10 (7.35%) were significantly different between 

these two networks, which meant that the networks were 
generally similar.

Discussion

This study used network analysis, from a systematic per-
spective, to unravel complex associations between lifestyle, 
psychological, and occupational factors and CircS among 
employed people. Anxiety, smoking, drinking, perceived 
noise at work, and implicit health attitude were found 

Figure 3: Networks of participants with less severe and more severe anxiety. The network structure constructed by circadian syndrome and lifestyle, psychological, and occupational 
factors in participants with anxiety scores equal to or below the median (A) and above the median (B). Green edges indicate positive correlations, while red edges indicate negative 
correlations. The thickness of the edges is proportional to the absolute value of the edge weights. Rings around colored parts display prediction functions, including explained variance for 
continuous variables and correct classification for categorical variables. The variable framed by the square is the strongest bridge (with the highest bridge strength) among all lifestyle, 
psychological, and occupational factors. Demographics were adjusted in the networks while were not plotted.

Figure 2: Strength centrality indices and bridge strength of variables in the network of all participants in the CCWA.

http://links.lww.com/CM9/C352
http://links.lww.com/CM9/C352


Chinese Medical Journal 2025;XX(XX) www.cmj.org

7

directly associated with CircS in the network, among 
which anxiety was the most central variable and served 
as the strongest bridge connecting lifestyle, psychological, 
and occupational factors and CircS. Furthermore, the 
association between anxiety and CircS was found stronger 
in the network of the employed with more severe anxiety 
than of those with less severe anxiety, also with different 
central variables and bridges observed in networks.

Some common lifestyle and psychological risk factors of 
CircS and MetS were observed. For example, smoking 
and drinking, the two well-known lifestyle risk factors of 
Mets,[42,43] were also found directly associated with CircS. 
Psychological risk factors of MetS were also strongly 
associated with CircS, such as anxiety. This was similar 
to the previous finding that depression was found to be 
a risk factor of both comorbidities associated with MetS 
and CircS, as anxiety was considered a predetermined 
factor or a common syndrome of depression.[42,43]

From a practical perspective, lifestyle and psychological 
variables that played central roles in the network, includ-
ing anxiety, smoking, and drinking, may deserve special 
attention for reducing the CircS risk. Central nodes could 
spread influences of interventions to peripheral nodes of 
the network, so interventions designed more for central 
nodes may have the maximum efficiency.[44,45] Hence, 
grouping patterns of variables (i.e., variables connected 
with wider, also darker, edges in the network) may imply 
the design of optimal, joint interventions. For example, 
we found that perceived noise at work was closely 
associated with well-being and anxiety, which was also 
consistent with previous findings.[32,33,46] Perceived noise 
at work can measure the personal perception of auditory 
with consideration of their own noise sensitivity,[47] so 
it may affect CircS through circadian dysfunction, sleep 
quality, and noise-induced mental health problems. Such 
mechanisms possibly underlying observed connections in 
the network should be considered in public health policy- 
making.

Anxiety was identified as the most important bridge 
connecting variables in the whole network, which implied 
that interventions that could reduce anxiety might overall 
improve related lifestyle and psychological factors and 
directly and indirectly contribute to CircS prevention.[48] 
It is noted that a stronger association between anxiety and 
CircS was observed in the network of participants with 
more severe anxiety than that of participants with less 
severe anxiety. The observation that the stronger anxiety–
CircS association was in the network of those with more 
severe anxiety suggested that the employed with more 
severe anxiety disorders were more likely to suffer from 
CircS than their counterparts with less severe or without 
anxiety disorders. Thus, further investigation on the effect 
modification of anxiety on the associations of lifestyle, 
other psychological, and occupational factors with CircS, 
also such effect modification of other potential modifying 
factors, are warranted. Given potential reciprocal relation-
ships between anxiety and CircS, interventions for CircS 
may also decrease anxiety. In addition, different bridges in 
networks of the employed with different levels of anxiety 
implied that bridges may vary during the implementation 

of interventions. Therefore, it is vital to maintain dynamic 
reconstruction and monitoring of the network.

Despite the strong capacity of network analysis in 
handling various domains of variables and hence pro-
posing the comprehensive design of non-pharmacological  
interventions, some limitations remain in this study. First, 
the cross-sectional design may hinder causal inference 
between determinants and CircS development. For exam-
ple, those with CircS may feel anxious about their health 
status, which may result in reverse causality. Therefore, 
combining network analysis with cohort studies or ran-
domized controlled trials is needed for future researchers 
seeking solid evidence and efficient interventions on CircS 
mitigation and prevention. Second, obesity was measured 
by BMI rather than waist circumference, which may fail 
to fully estimate cardiometabolic risk. However, a prior 
study found that BMI and a waist circumference-based 
score were comparable in terms of predicting the develop-
ment of type 2 diabetes mellitus and coronary heart 
disease.[49] Third, the data used in this study, although 
covering a large number of occupations, were collected 
only from the employed in the three provinces in the 
southwestern China, so the findings from this study should 
be generalized to all populations with caution. Fourth, net-
work analysis may obscure differences between individuals,  
and it is impossible to infer the directionality of asso-
ciations among the modifiable determinants of CircS. 
Fifth, some important variables may not be considered 
due to a lack of information. For example, our study 
only considered two occupational factors (i.e., regular-
ity of work and perceived noise at work), which may 
not fully reflect the distinctive risk factors of employed  
individuals.

In conclusion, this study used network analysis to iden-
tify direct associations of anxiety, smoking, drinking, 
perceived noise at work, and implicit health attitude 
with CircS. Interventions targeting these preventable and  
modifiable factors, especially anxiety, a central variable 
and bridge in the network, may contribute to CircS preven-
tion in employed people.

Funding

This work was supported by grants from the Key  
Research & Development Project of Sichuan Province 
(No. 2023YFS0251), “0 to 1” Innovation Research 
Project of Sichuan University (No. 2023CX21), National 
Natural Science Foundation of China (Nos. 723B2017 
and 42271433), National Key Research &Development 
Program of China (No. 2023YFC3604702).

Conflicts of interest

None.

References
 1. Zimmet P, Alberti K, Stern N, Bilu C, El-Osta A, Einat H, et al. The 

circadian syndrome: Is the metabolic syndrome and much more! J 
Intern Med 2019;286:181–191. doi: 10.1111/joim.12924.

 2. Shi Z, Tuomilehto J, Kronfeld-Schor N, Alberti GK, Stern N, 
El-Osta A, et al. The circadian syndrome predicts cardiovascular 



Chinese Medical Journal 2025;XX(XX) www.cmj.org

8

disease better than metabolic syndrome in Chinese adults. J Intern 
Med 2021;289:851–860. doi: 10.1111/joim.13204.

 3. Shi Z, Tuomilehto J, Kronfeld-Schor N, Alberti G, Stern N, El-Osta 
A, et al. The circadian syndrome is a significant and stronger predic-
tor for cardiovascular disease than the metabolic syndrome – The 
NHANES survey during 2005-2016. Nutrients 2022;14:5317. doi: 
10.3390/nu14245317.

 4. Allada R, Bass J. Circadian mechanisms in medicine. N Engl J Med 
2021;384:550–561. doi: 10.1056/NEJMra1802337.

 5. Gottlieb E, Landau E, Baxter H, Werden E, Howard ME, Brodt-
mann A. The bidirectional impact of sleep and circadian rhythm 
dysfunction in human ischaemic stroke: A systematic review. Sleep 
Med Rev 2019;45:54–69. doi: 10.1016/j.smrv.2019.03.003.

 6. Plante GE. Sleep and vascular disorders. Metabolism 2006;55(Suppl 
2):S45–S49. doi: 10.1016/j.metabol.2006.07.013.

 7. Panda S. The arrival of circadian medicine. Nat Rev Endocrinol 
2019;15:67–69. doi: 10.1038/s41574-018-0142-x.

 8. Crnko S, Du Pré BC, Sluijter J, Van Laake LW. Circadian rhythms 
and the molecular clock in cardiovascular biology and disease. Nat 
Rev Cardiol 2019;16:437–447. doi: 10.1038/s41569-019-0167-4.

 9. Alachkar A, Lee J, Asthana K, Vakil Monfared R, Chen J, Alhassen 
S, et al. The hidden link between circadian entropy and mental 
health disorders. Transl Psychiatry 2022;12:281. doi: 10.1038/
s41398-022-02028-3.

 10. Hoffmann MS, Brunoni AR, Stringaris A, Viana MC, Lotufo 
PA, Benseñor IM, et al. Common and specific aspects of anxi-
ety and depression and the metabolic syndrome. J Psychiatr Res 
2021;137:117–125. doi: 10.1016/j.jpsychires.2021.02.052.

 11. Strauss M, Lavie CJ, Lippi G, Brzęk A, Vollenberg R, Sanchis-Go-
mar F, et al. A systematic review of prevalence of metabolic 
syndrome in occupational groups – Does occupation matter in 
the global epidemic of metabolic syndrome? Prog Cardiovasc Dis 
2022;75:69–77. doi: 10.1016/j.pcad.2022.09.003.

 12. Khosravipour M, Khanlari P, Khazaie S, Khosravipour H, Khaz-
aie H. A systematic review and meta-analysis of the association 
between shift work and metabolic syndrome: The roles of sleep, 
gender, and type of shift work. Sleep Med Rev 2021;57:101427. 
doi: 10.1016/j.smrv.2021.101427.

 13. Triolo F, Belvederi Murri M, Calderón-Larrañaga A, Vetrano DL, 
Sjöberg L, Fratiglioni L, et al. Bridging late-life depression and 
chronic somatic diseases: A network analysis. Transl Psychiatry 
2021;11:557. doi: 10.1038/s41398-021-01686-z.

 14. van Buitenen N, van den Berg C, Meijers J, Harte JM. The preva-
lence of mental disorders and patterns of comorbidity within a 
large sample of mentally ill prisoners: A network analysis. Eur Psy-
chiatry 2020;63:e63. doi: 10.1192/j.eurpsy.2020.63.

 15. de Vos JA, Radstaak M, Bohlmeijer ET, Westerhof GJ. The psy-
chometric network structure of mental health in eating disorder 
patients. Eur Eat Disord Rev 2021;29:559–574. doi: 10.1002/
erv.2832.

 16. Fried EI, von Stockert S, Haslbeck J, Lamers F, Schoevers RA, 
Penninx B. Using network analysis to examine links between 
individual depressive symptoms, inflammatory markers, and 
covariates. Psychol Med 2020;50:2682–2690. doi: 10.1017/
S0033291719002770.

 17. Eysenbach G. Improving the quality of Web surveys: The Checklist 
for Reporting Results of Internet E-Surveys (CHERRIES). J Med 
Internet Res 2004;6:e34. doi: 10.2196/jmir.6.3.e34.

 18. Alberti KG, Eckel RH, Grundy SM, Zimmet PZ, Cleeman JI, 
Donato KA, et al. Harmonizing the metabolic syndrome: A joint 
interim statement of the International Diabetes Federation Task 
Force on Epidemiology and Prevention; National Heart, Lung, and 
Blood Institute; American Heart Association; World Heart Feder-
ation; International Atherosclerosis Society; and International 
Association for the Study of Obesity. Circulation 2009;120:1640–
1645. doi: 10.1161/CIRCULATIONAHA.109.192644.

 19. Xiong Y, Zhang F, Wu C, Zhang Y, Huang X, Qin F, et al. The cir-
cadian syndrome predicts lower urinary tract symptoms suggestive 
of benign prostatic hyperplasia better than metabolic syndrome 
in aging males: A 4-year follow-up study. Front Med (Lausanne) 
2021;8:715830. doi: 10.3389/fmed.2021.715830.

 20. Zhu X, Ding L, Zhang X, Wang H, Chen N. Association between 
physical frailty, circadian syndrome and cardiovascular disease 
among middle-aged and older adults: A longitudinal study. BMC 
Geriatr 2024;24:199. doi: 10.1186/s12877-024-04787-8.

 21. Itani L, El Ghoch M. Waist-to-Height Ratio Cut-Off Points for 
Central Obesity in Individuals with Overweight Across Different 

Ethnic Groups in NHANES 2011-2018. Nutrients. 2024 Nov 
8;16(22):3838. doi: 10.3390/nu16223838.

 22. Kroenke K, Spitzer RL, Williams JB. The PHQ-9: Validity of a brief 
depression severity measure. J Gen Intern Med 2001;16:606–613. 
doi: 10.1046/j.1525-1497.2001.016009606.x.

 23. Lv J, Chen W, Sun D, Li S, Millwood IY, Smith M, et al. Gen-
der-specific association between tobacco smoking and central 
obesity among 0.5 million Chinese people: The China Kadoorie 
Biobank Study. PLoS One 2015;10:e0124586. doi: 10.1371/jour-
nal.pone.0124586.

 24. Millwood IY, Walters RG, Mei XW, Guo Y, Yang L, Bian Z, et al. 
Conventional and genetic evidence on alcohol and vascular dis-
ease aetiology: A prospective study of 500 000 men and women 
in China. Lancet 2019;393:1831–1842. doi: 10.1016/s0140-
6736(18)31772-0.

 25. Wang M, Zhou T, Song Q, Ma H, Hu Y, Heianza Y, et al. Ambient 
air pollution, healthy diet and vegetable intakes, and mortality: 
A prospective UK Biobank study. Int J Epidemiol 2022;51:1243–
1253. doi: 10.1093/ije/dyac022.

 26. Lloyd-Jones DM, Hong Y, Labarthe D, Mozaffarian D, Appel 
LJ, Van Horn L, et al. Defining and setting national goals for 
cardiovascular health promotion and disease reduction: The Amer-
ican Heart Association’s strategic impact goal through 2020 and 
beyond. Circulation 2010;121:586–613. doi: 10.1161/CIRCULA-
TIONAHA.109.192703.

 27. Ainsworth BE, Haskell WL, Herrmann SD, Meckes N, Bassett DR 
Jr., Tudor-Locke C, et al. 2011 Compendium of Physical Activities: 
A second update of codes and MET values. Med Sci Sports Exerc 
2011;43:1575–1581. doi: 10.1249/MSS.0b013e31821ece12.

 28. Tong KK, Wang YY. Validation of the flourishing scale and scale 
of positive and negative experience in a Chinese community 
sample. PLoS One. 2017;12:e0181616. doi: 10.1371/journal.
pone.0181616.

 29. Spitzer RL, Kroenke K, Williams JB, Löwe B. A brief measure for 
assessing generalized anxiety disorder: The GAD-7. Arch Intern 
Med 2006;166:1092–1097. doi: 10.1001/archinte.166.10.1092.

 30. Weck F, Höfling V. Assessment of implicit health attitudes: A mul-
titrait-multimethod approach and a comparison between patients 
with hypochondriasis and patients with anxiety disorders. J Pers 
Assess 2015;97:55–65. doi: 10.1080/00223891.2014.913253.

 31. Bunda K, Busseri MA. Lay theories of health, self-rated health, and 
health behavior intentions. J Health Psychol 2019;24:979–988. 
doi: 10.1177/1359105316689143.

 32. Ma J, Li C, Kwan MP, Chai Y. A multilevel analysis of perceived 
noise pollution, geographic contexts and mental health in Beijing. 
Int J Environ Res Public Health 2018;15:1479. doi: 10.3390/
ijerph15071479.

 33. Rahman MM, Tasnim F, Quader MA, Bhuiyan MN, Sakib MS, 
Tabassum R, et al. Perceived noise pollution and self-reported 
health status among adult population of Bangladesh. Int J Environ 
Res Public Health 2022;19:2394. doi: 10.3390/ijerph19042394.

 34. Pedersen AB, Mikkelsen EM, Cronin-Fenton D, Kristensen NR, 
Pham TM, Pedersen L, et al. Missing data and multiple imputation 
in clinical epidemiological research. Clin Epidemiol 2017;9:157–
166. doi: 10.2147/CLEP.S129785.

 35. Sedgewick AJ, Shi I, Donovan RM, Benos PV. Learning mixed 
graphical models with separate sparsity parameters and stabil-
ity-based model selection. BMC Bioinformatics. 2016 Jun 6;17 
Suppl 5(Suppl 5):175. doi: 10.1186/s12859-016-1039-0.

 36. Friedman J, Hastie T, Tibshirani R. Sparse inverse covariance esti-
mation with the graphical lasso. Biostatistics 2008;9:432–441. doi: 
10.1093/biostatistics/kxm045.

 37. Epskamp S, Borsboom D, Fried EI. Estimating psychological net-
works and their accuracy: A tutorial paper. Behav Res Methods 
2018;50:195–212. doi: 10.3758/s13428-017-0862-1.

 38. Haslbeck J, Waldorp LJ. How well do network models predict 
observations? On the importance of predictability in network 
models. Behav Res Methods 2018;50:853–861. doi: 10.3758/
s13428-017-0910-x.

 39. van Borkulo CD, van Bork R, Boschloo L, Kossakowski JJ, Tio 
P, Schoevers RA, et al. Comparing network structures on three 
aspects: A permutation test. Psychol Methods 2023;28:1273–
1285. doi: 10.1037/met0000476.

 40. Borsboom D, Robinaugh DJ, Psychosystems Group, Rhemtulla 
M, Cramer A. Robustness and replicability of psychopathology 
networks. World Psychiatry 2018;17:143–144. doi: 10.1002/
wps.20515.



Chinese Medical Journal 2025;XX(XX) www.cmj.org

9

 41. Glickman ME, Rao SR, Schultz MR. False discovery rate control 
is a recommended alternative to Bonferroni-type adjustments in 
health studies. J Clin Epidemiol. 2014;67:850–857. doi: 10.1016/j.
jclinepi.2014.03.012.

 42. Cornier MA, Dabelea D, Hernandez TL, Lindstrom RC, Steig AJ, 
Stob NR, et al. The metabolic syndrome. Endocr Rev 2008;29:777–
822. doi: 10.1210/er.2008-0024.

 43. Shan Z, Li Y, Zong G, Guo Y, Li J, Manson JE, et al. Rotating night 
shift work and adherence to unhealthy lifestyle in predicting risk 
of type 2 diabetes: Results from two large US cohorts of female 
nurses. BMJ 2018;363:k4641. doi: 10.1136/bmj.k4641.

 44. Borsboom D, Cramer AO. Network analysis: An integrative 
approach to the structure of psychopathology. Annu Rev Clin Psychol 
2013;9:91–121. doi: 10.1146/annurev-clinpsy-050212-185608.

 45. Montazeri F, de Bildt A, Dekker V, Anderson GM. Network 
analysis of behaviors in the depression and autism realms: 
Inter-relationships and clinical implications. J Autism Dev Disord 
2020;50:1580–1595. doi: 10.1007/s10803-019-03914-4.

 46. Gong X, Fenech B, Blackmore C, Chen Y, Rodgers G, Gulliver J, 
et al. Association between noise annoyance and mental health out-
comes: A systematic review and meta-analysis. Int J Environ Res 
Public Health 2022;19:2696. doi: 10.3390/ijerph19052696.

 47. Kou L, Tao Y, Kwan MP, Chai Y. Understanding the relationships 
among individual-based momentary measured noise, perceived 
noise, and psychological stress: A geographic ecological momen-
tary assessment (GEMA) approach. Health Place 2020;64:102285. 
doi: 10.1016/j.healthplace.2020.102285.

 48. Triolo F, Belvederi Murri M, Calderón-Larrañaga A, Vetrano DL, 
Sjöberg L, Fratiglioni L, et al. Bridging late-life depression and 
chronic somatic diseases: A network analysis. Transl Psychiatry 
2021;11:557. doi: 10.1038/s41398-021-01686-z.

 49. Gurka MJ, Filipp SL, Musani SK, Sims M, DeBoer MD. Use of 
BMI as the marker of adiposity in a metabolic syndrome sever-
ity score: Derivation and validation in predicting long-term 
disease outcomes. Metabolism 2018;83:68–74. doi: 10.1016/j.
metabol.2018.01.015.

How to cite this article: Yang SJ, Jia P, Zhang L, Li YC, Yu P, Yang 
JQ, Wang SH, Zeng HL, Yang B, Yu B. Complex associations among 
modifiable determinants of circadian syndrome among employed peo-
ple in southwestern China. Chin Med J 2025;XXX:1–9. doi: 10.1097/
CM9.0000000000003518


	﻿Complex associations among modifiable determinants of circadian syndrome among employed people in southwestern China
	﻿Introduction
	﻿Methods
	﻿Ethical approval
	﻿Study design and participants
	﻿CircS definition
	﻿Candidate determinants of CircS
	﻿Statistical analyses
	﻿Descriptive statistics
	﻿Network construction and estimation

	﻿Sensitivity analyses

	﻿Results
	﻿Basic characteristics of the participants
	﻿Association among variables in networks
	﻿Key variables in the network
	﻿Replicability of the findings

	﻿Discussion
	﻿Funding
	﻿Conflicts of interest
	﻿References


