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Background: Sleep quality has emerged as a critical public health concern, yet our understanding of how multiple determinants 
interact to influence sleep outcomes remains limited. This study employed partial correlation network analysis to examine the 
hierarchical structure of sleep quality determinants among Chinese adults.
Methods: We investigated the interrelationships among nine key factors: daily activity rhythm, social interaction frequency, work-life 
balance, light exposure, physical activity level, time control perception, shift work, weekend catch-up sleep, and sleep quality using the 
extended Bayesian Information Criterion (EBIC) glasso model. The study included 8,127 Chinese adults (51.0% female, mean age = 
32.7 years).
Results: Results revealed that 79.9% of sleep quality variance could be explained by surrounding variables in the network. Time 
control perception emerged as a proximal factor, demonstrating the highest centrality (strength = 1.85, betweenness = 1.92, closeness = 
1.88) and strongest connections to sleep quality. Behavioral factors (physical activity level, shift work, work-life balance) functioned 
as intermediate mechanisms, while environmental and temporal patterns (light exposure, weekend catch-up sleep, social interaction 
frequency, daily activity rhythm) operated as distal influences. Network stability analysis showed robust estimation precision (CS 
coefficients > 0.70 for all centrality measures).
Conclusion: These findings advance our theoretical understanding of sleep quality as embedded within a dynamic network of 
interacting factors and provide empirical support for targeted interventions focusing on time control perception and behavioral 
mediators to improve sleep outcomes. The network perspective offers novel insights for developing effective, hierarchically structured 
approaches to sleep quality enhancement in contemporary society.
Keywords: sleep quality, network analysis, time control perception, behavioral mediators, hierarchical structure, partial correlation

Background
Sleep quality has emerged as a critical public health concern in contemporary society, with mounting evidence linking 
poor sleep to a wide array of adverse health outcomes across multiple physiological and psychological systems.1,2 The 
relationship between sleep quality and overall health encompasses complex interactions that affect cardiovascular 
function, psychoemotional well-being, and musculoskeletal integrity, creating cascading effects throughout the human 
system.3,4

Sleep Quality and Multisystem Health Impact
Sleep quality represents a fundamental pillar for multisystem health, with extensive research documenting its profound 
influence across physiological and psychological domains.5 Recent advances have highlighted the critical role of 
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emotional frequency and emotional regulation in sleep-wake processes. Studies demonstrate that individuals with better 
emotional regulation skills show improved sleep quality through enhanced pre-sleep arousal regulation and reduced 
cognitive rumination.6,7 The ability to effectively modulate emotional responses during the day directly impacts night
time sleep consolidation, with poor emotional regulation contributing to hyperarousal states that interfere with sleep 
initiation and maintenance.8

Cardiovascular health demonstrates particularly robust relationships with sleep quality, as poor sleep contributes to 
endothelial dysfunction, increased inflammatory markers (particularly C-reactive protein and interleukin-6), and dysre
gulation of blood pressure through disrupted autonomic nervous system functioning.9,10 These mechanisms explain why 
individuals with poor sleep quality face 15–20% increased risk of cardiovascular disease and stroke, with sleep 
disturbances directly affecting heart rate variability, arterial stiffness, and coronary artery calcification processes.11,12

The psychoemotional consequences of compromised sleep are equally significant and bidirectional in nature.13 Sleep 
quality serves as both predictor and consequence of mood disorders, anxiety, and stress-related conditions through 
complex interactions involving neurotransmitter regulation, particularly serotonin, dopamine, and gamma-aminobutyric 
acid (GABA) pathways.14,15 Poor sleep quality disrupts emotional regulation capacity, increases stress reactivity, and 
compromises cognitive flexibility needed for adaptive coping strategies.16 Furthermore, sleep disturbances create 
cascading effects on muscular and skeletal systems, including increased muscle tension, reduced pain threshold, and 
impaired physical recovery processes through disrupted growth hormone secretion and protein synthesis cycles.17,18

Sleep fragmentation represents a particularly insidious form of sleep disturbance that disrupts normal sleep archi
tecture even when total sleep time appears adequate.19 Unlike simple sleep deprivation, fragmentation specifically 
impairs slow-wave sleep and REM sleep consolidation, leading to incomplete restoration processes.20 This fragmentation 
contributes to central sensitization phenomena, wherein the central nervous system becomes hyperresponsive to both 
nociceptive and non-nociceptive stimuli, manifesting as amplified pain perception, reduced stress tolerance, and 
heightened emotional reactivity.21,22 The relationship between sleep fragmentation and somatization is bidirectional 
and self-reinforcing, creating particularly challenging clinical presentations where sleep improvement requires addressing 
both physiological sleep mechanisms and psychological factors.8

Research across diverse populations has demonstrated the universal nature of sleep disturbances’ health impacts. 
Studies in healthcare workers show increased vulnerability to sleep disorders due to occupational stress and shift work,23 

while investigations in older adults reveal age-related changes in sleep architecture that compound health risks.24 These 
population-specific vulnerabilities underscore the need for targeted intervention approaches.

Theoretical Framework and Integration
Despite extensive research examining individual predictors of sleep quality, our understanding of how these factors 
interact within a complex network to collectively influence sleep outcomes remains limited.25,26 This gap is particularly 
significant given that approximately 45% of the global population reports experiencing sleep disturbances, with 
prevalence rates continuing to rise.27 Traditional approaches to studying sleep quality determinants have relied primarily 
on linear, univariate methods that fail to capture the intricate interdependencies among variables and overlook the 
hierarchical nature of influence pathways.28

Our network approach builds upon and extends several foundational theoretical frameworks in sleep research, 
offering novel insights through methodological innovation. The two-process model of sleep regulation (Borbély, 1982) 
provides the fundamental understanding that sleep is regulated through interaction between homeostatic pressure 
(Process S) and circadian timing (Process C).29 Our network model extends this foundation by examining how 
environmental, behavioral, and psychosocial factors modulate these basic regulatory processes through complex inter
connected pathways that traditional models have not captured.30

The biopsychosocial model of sleep disturbances emphasizes that sleep problems arise from interactions among 
biological vulnerabilities, psychological factors, and social context.31 Our hierarchical network structure operationalizes 
these interactions by identifying how proximal psychological factors (time control perception), intermediate behavioral 
factors (physical activity, work-life balance), and distal social-environmental factors (light exposure, social interactions) 
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create layered influences on sleep outcomes.32 This approach allows us to examine not just whether these factors 
influence sleep, but how they interact to create pathways of influence that can be targeted for intervention.

Furthermore, our findings support and extend Buysse’s (2014) sleep health framework, which conceptualizes sleep as 
a multidimensional construct embedded within broader health and well-being contexts.5 By identifying time control 
perception as a central network node, our model contributes new understanding of how cognitive appraisals and 
perceived control mechanisms interface with sleep regulation processes, suggesting novel intervention targets that 
traditional models have not emphasized.33

Contemporary Sleep Challenges and Research Needs
Recent theoretical developments in sleep research suggest that sleep quality is influenced through a hierarchical network 
of factors, where some variables exert direct effects while others operate through indirect pathways.34 However, 
empirical validation of these theoretical frameworks has been hampered by methodological limitations in analyzing 
complex, multivariate relationships.35 Contemporary work environments and lifestyle patterns have fundamentally 
altered the sleep-wake cycle regulatory mechanisms.36 The proliferation of remote work, digital technology, and flexible 
schedules has created unprecedented challenges for maintaining regular sleep patterns, heightening the importance of 
understanding how work-life balance interfaces with sleep quality.37

Time control perception has emerged in recent literature as a particularly significant factor in sleep regulation.38–40 

TCP refers to an individual’s perceived ability to allocate time according to personal preferences and needs, effectively 
managing competing demands.41 Studies have demonstrated that higher TCP is associated with reduced psychological 
stress, more effective recovery processes, and improved sleep outcomes.42,43 Furthermore, TCP may serve as a crucial 
mediator through which other factors, such as work demands and social activities, impact sleep quality.44 Despite its 
potential importance, TCP has been underexplored in sleep research, particularly in relation to other determinants of 
sleep quality.45

Physical activity level, shift work, and behavioral patterns represent critical intermediate mechanisms in the sleep 
quality network.46 Research has demonstrated that regular physical activity can improve sleep quality through multiple 
pathways, including circadian rhythm regulation, stress reduction, and physiological adaptations.47,48 However, the 
extent to which these behavioral factors mediate the relationship between environmental conditions and sleep outcomes 
remains unclear, and the interactive effects between these behavioral factors and their collective impact on sleep quality 
have not been systematically examined using network approaches.49

Environmental and social factors, including light exposure and social interaction frequency, have been traditionally 
viewed as direct influencers of sleep quality.50 However, emerging evidence suggests more complex relationships where 
these factors influence sleep through multiple pathways, including effects on mood, physical activity, and social 
scheduling.51 Daily activity rhythm and weekend catch-up sleep represent temporal patterns that reflect the stability 
and regularity of sleep-wake cycles, but their position within the broader network of sleep-determining factors remains 
poorly understood.52

Study Rationale and Innovation
The present study addresses these knowledge gaps by employing partial correlation network analysis to examine the 
hierarchical structure of relationships among sleep quality determinants.53 This innovative methodological approach 
offers several distinct advantages over traditional analytical methods.54 First, it enables the identification of direct and 
indirect pathways through which different factors influence sleep quality, moving beyond simple correlation to under
stand mechanisms of influence. Second, it allows for the quantification of the relative proximity of various factors to 
sleep quality, providing insights into which variables might serve as optimal intervention targets. Third, it facilitates the 
examination of mediating relationships and complex interaction patterns that linear models cannot detect. Fourth, it 
provides insights into the centrality of specific factors within the sleep quality network, revealing which variables serve 
as key connectors or bridges between different aspects of the sleep system.55

The variable selection for this study was guided by a comprehensive review of sleep research literature and theoretical 
models of sleep regulation.1,27,28,36,37,46,52,56 We systematically identified key determinants of sleep quality across 
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multiple domains (behavioral, environmental, psychosocial, and temporal) based on their empirical support in previous 
studies and theoretical relevance. Variables were selected to represent both proximal (potentially direct) and distal 
(potentially indirect) influences on sleep quality, allowing us to test hypothesized hierarchical relationships. This theory- 
driven approach to variable selection ensures that our network analysis addresses substantive questions about sleep 
quality determinants rather than merely identifying correlations.57

Research Hypotheses
Based on existing theoretical frameworks and empirical evidence, we propose a comprehensive model of sleep quality 
determinants structured around four key hypotheses:

First, we hypothesize that sleep quality demonstrates distinct patterns of relationships with various factors, exhibiting 
positive associations with adaptive behaviors and negative associations with potentially disruptive factors. This hypoth
esis builds on extensive literature documenting the individual effects of these factors on sleep quality while extending 
previous findings by examining their concurrent influences within a network framework.58

Second, we posit that time control perception occupies a unique position as a proximal factor in the sleep quality 
network, directly influencing sleep outcomes while also mediating the effects of other variables. This hypothesis is 
grounded in recent theoretical developments suggesting that TCP represents a critical interface between occupational 
demands, lifestyle factors, and sleep patterns.39,41

Third, we propose that behavioral factors serve as intermediate mechanisms, connecting sleep quality with more distal 
influences. This hypothesis reflects growing recognition of the mediating role of behavioral patterns in sleep regulation 
and provides a framework for understanding how environmental and social factors translate into sleep outcomes.59

Fourth, we hypothesize that daily behavioral patterns function as distal factors in the sleep quality network, exerting 
their influence primarily through intermediate behavioral mechanisms. This hierarchical arrangement reflects the com
plex pathways through which temporal and environmental factors affect sleep quality.60

Study Contributions and Implications
This study makes several novel contributions to sleep research. It introduces a network perspective that captures the 
complex interdependencies among sleep-determining factors, providing empirical validation for theoretical models of 
sleep regulation through sophisticated statistical analysis.61 It identifies potential intervention points for improving sleep 
quality by mapping the hierarchical structure of influential factors, and it advances our understanding of how con
temporary lifestyle factors interact to influence sleep outcomes.62

Understanding these complex relationships has profound implications for both theory and practice. From a theoretical 
perspective, this research advances our conceptualization of sleep quality as embedded within a dynamic network of 
interacting factors rather than as the simple result of individual influences.63 From a practical standpoint, identifying the 
hierarchical structure of these relationships can inform more effective interventions by targeting factors with maximal 
influence on sleep quality while understanding how changes might propagate through the network system.64

Methods
Participants and Procedure
Participants were recruited through the Credamo online research platform between January and March 2024. The initial 
sample comprised 8,346 adults (aged 18–65 years) from diverse geographical regions in China. After screening for 
complete responses and applying rigorous quality control measures (including attention check questions, completion time 
thresholds, and careless response detection algorithms), 8,127 valid responses were retained for analysis (97.4% 
completion rate).65 This sample size exceeds the minimum requirement for network analysis with the given number of 
variables and provides substantial statistical power for detecting subtle network relationships.66

The final sample consisted of 3,982 males (49.0%) and 4,145 females (51.0%), with a mean age of 32.7 years (SD = 
8.9). Participants’ geographical distribution was representative of China’s population: Eastern/coastal regions (37.2%), 
Central regions (28.4%), Remote non-postal regions (12.5%), Northwestern/Northeastern regions (13.6%), and 
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Southwestern regions (8.3%). The majority of participants were from urban areas (71.3%) compared to rural areas 
(28.7%). Regarding marital status, 48.3% were single, 46.8% were married, and 4.9% were divorced. Additionally, 
42.5% of participants reported living alone, 38.7% were only children, and 31.2% reported having pets.

All participants provided informed consent before participating in the study. The research protocol was reviewed and 
approved by the Institutional Review Board of Shaoxing Second Hospital and the Ethics Committee of Shaoxing Second 
Hospital. All procedures were conducted in accordance with the Declaration of Helsinki and Chinese ethical guidelines 
for psychological research.67 Participants received monetary compensation through the Credamo platform for their 
participation (¥5 per completed survey).

Measures
All measures were administered in Chinese following established translation protocols.68 Established scales were 
translated using a standard back-translation procedure involving two independent translators and a third expert for 
reconciliation. The internal consistency reliability (Cronbach’s α) and construct validity were evaluated for each 
measure.

Sleep Quality (SQ)
Sleep quality was assessed using a 7-item scale adapted from the Pittsburgh Sleep Quality Index.69 Items evaluate 
various aspects of sleep quality on a 5-point Likert scale (1 = strongly disagree to 5 = strongly agree). Example items 
include “I feel refreshed after sleeping” and “I maintain continuous sleep throughout the night.” The scale demonstrated 
good internal consistency (α =0.86) and construct validity (CFI =0.95, RMSEA =0.048). For this study, we focused 
specifically on subjective sleep quality rather than sleep disorders, though we acknowledge this represents a limitation in 
our assessment approach.

Daily Activity Rhythm (DAR)
The 10-item Daily Activity Rhythm scale was developed based on the Social Rhythm Metric.70 Participants rated the 
regularity of their daily activities on a 5-point scale. The scale showed excellent reliability (α =0.89) and satisfactory 
construct validity (CFI =0.93, RMSEA =0.052).

Social Interaction Frequency (SIF)
Social interaction was measured using an 8-item scale adapted from the Social Network Index.71 Items assess the 
frequency of various social interactions on a 5-point scale. The scale demonstrated good internal consistency (α =0.84) 
and construct validity (CFI =0.92, RMSEA =0.055).

Work-Life Balance (WLB)
The 12-item Work-Life Balance scale was adapted from Fisher72 measure. Items evaluate the balance between work and 
personal life domains on a 5-point scale. The scale showed high reliability (α =0.91) and good construct validity (CFI 
=0.94, RMSEA =0.047).

Light Exposure (LE)
Light exposure was assessed using a 6-item scale developed for this study based on previous research.50 Items measure 
daily exposure to natural and artificial light. The scale demonstrated acceptable reliability (α =0.82) and construct validity 
(CFI =0.91, RMSEA =0.058). We acknowledge that this newly developed scale has not been validated externally, which 
represents a limitation. However, the scale items were derived from established light exposure assessment protocols used 
in circadian rhythm research, and the psychometric properties within our sample support its use.

Physical Activity Level (PAL)
Physical activity was measured using an 8-item scale adapted from the International Physical Activity Questionnaire.73 

Items assess various aspects of physical activity on a 5-point scale. The scale showed good reliability (α =0.87) and 
construct validity (CFI =0.93, RMSEA =0.051).

Psychology Research and Behavior Management 2025:18                                                                    https://doi.org/10.2147/PRBM.S553199                                                                                                                                                                                                                                                                                                                                                                                                   1857

Hu et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



Time Control Perception (TCP)
The 10-item Time Control Perception scale was developed based on Macan’s40 Time Management Behavior Scale. Items 
evaluate perceived control over time use on a 5-point scale. The scale demonstrated good reliability (α =0.88) and 
construct validity (CFI =0.92, RMSEA =0.054).

Shift Work (SW)
Shift work was assessed using a 5-item scale adapted from the Standard Shiftwork Index.74 Items measure the 
irregularity of work schedules on a 5-point scale. The scale showed acceptable reliability (α =0.83) and construct 
validity (CFI =0.90, RMSEA =0.059).

Weekend Catch-up Sleep (WCS)
Weekend catch-up sleep was measured using a 4-item scale developed for this study based on previous research.52 Items 
assess sleep compensation patterns during weekends on a 5-point scale. The scale demonstrated acceptable reliability (α 
=0.81) and construct validity (CFI =0.92, RMSEA =0.056). Similar to the light exposure scale, this measure was 
developed specifically for this study based on established sleep timing assessment methods, and while not externally 
validated, showed good psychometric properties within our sample.

Data Collection and Quality Control
Data were collected through the Credamo platform using a structured online survey optimized for both desktop and 
mobile devices. Several comprehensive quality control measures were implemented to ensure data reliability.65 Attention 
check items were randomly distributed throughout the survey to identify inattentive responding. Response time 
monitoring identified and excluded speeders (completion time < 10 minutes) and extremely slow responders (> 
60 minutes). Reverse-coded items were included to detect random responding patterns. IP address verification ensured 
unique responses and prevented duplicate submissions. Careless response patterns were identified using established 
algorithms that examine response consistency and variability patterns.75

The unusually low rate of missing data (<0.5%) in our study was achieved through several methodological strategies. 
The Credamo platform employed a user-friendly interface with progress indicators and automatic saving of partial 
responses, allowing participants to resume incomplete surveys. We implemented a two-stage data collection process, with 
initial screening of response completeness followed by targeted follow-up with participants who had minimal missing 
data. The survey design included mandatory completion of key scales while allowing participants to skip demographic 
items if preferred. The monetary compensation structure incentivized complete responses, with full payment contingent 
on addressing all required items.

Data collection occurred between 8:00 AM and 10:00 PM local time to control for potential time-of-day effects on 
response patterns. All measures demonstrated scalar measurement invariance across gender and age groups, supporting 
the validity of group comparisons.76 Missing data were minimal (< 0.5% per variable) and were handled using full 
information maximum likelihood estimation in subsequent analyses.

Data Analysis
Descriptive statistics were computed using SPSS 25, and network analyses were estimated using R software (version 
4.1.0). For network estimation, we applied the qgraph and glasso packages to estimate and visualize the network 
structure.53 Given the continuous nature of the data, the Gaussian Graphical Model (GGM) was selected as the estimation 
model and estimated using the extended Bayesian Information Criterion (EBIC) glasso.77

In this model, nodes represent observed variables (the scores of scales used in this study), and edges represent 
conditional correlations between two nodes while controlling for all other nodes in the network.78 Green edges indicate 
positive relationships, while red dashed lines denote negative relationships. The thickness of an edge reflects the strength 
of the correlation, referred to as edge weights. For readers unfamiliar with network statistics, partial correlations 
represent the unique relationship between two variables after accounting for all other variables in the network. Effect 
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sizes can be interpreted as follows: partial correlations of 0.10–0.29 represent small effects, 0.30–0.49 represent medium 
effects, and ≥0.50 represent large effects, with clinical relevance typically emerging for medium to large effects.

Network Centrality Measures
Network centrality measures quantify the importance of individual variables within the overall network structure, 
providing insights into which factors might serve as optimal intervention targets.79 Strength centrality reflects the sum 
of absolute edge weights connected to a node, indicating how strongly a variable is associated with other variables in the 
network. Variables with high strength centrality are closely interconnected with many other factors and thus represent 
potentially influential intervention points.80 Betweenness centrality measures how often a variable lies on the shortest 
path between other variables, identifying factors that serve as “bridges” connecting different parts of the network. High 
betweenness centrality suggests that a variable mediates relationships between other factors, making it a critical pathway 
for influence propagation.81 Closeness centrality reflects how easily a variable can “reach” other variables through short 
paths, indicating factors that can quickly influence the entire network.82 Together, these measures help identify which 
variables occupy the most strategic positions for understanding and potentially modifying the sleep quality network.

Network Stability Analysis
Bootstrap stability analysis was conducted to evaluate the reliability of network structure and centrality measures.54 The 
correlation stability coefficient (CS-coefficient) was calculated to assess the stability of centrality rankings, with CS > 0.5 
considered adequate and CS > 0.7 considered good stability.83

Results
Network Structure and Relationships
Figure 1 presents the EBICglasso network model estimation for Sleep Quality and associated variables, comprising 9 
nodes. Across the entire network, 30 out of 36 possible edges (83.33%) are connected, indicating a highly interconnected 

Figure 1 EBICglasso Network Model of Sleep Quality and Associated Variables. This figure illustrates the network connections between Sleep Quality and eight influential 
factors. The colored rings surrounding each node represent the predictability of that variable, with fuller rings indicating higher percentages of variance explained by 
neighboring nodes. Sleep Quality’s nearly complete ring demonstrates its high predictability (79.9%) within the network. Green edges indicate positive relationships, while 
red dashed lines denote negative relationships. The thickness of edges reflects the strength of correlations.
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system of relationships among sleep quality determinants. The network demonstrates clear hierarchical patterns of 
influence with distinct clusters of closely related variables.

The strongest positive correlation in the network is observed between time control perception and social interaction 
frequency (partial correlation, r = 0.40, representing a medium effect size), representing a novel finding that suggests 
individuals with greater perceived control over their time may be better able to schedule and maintain social 
connections.84 The strongest negative correlation is between sleep quality and shift work (r = −0.28, a small to medium 
effect size), confirming the disruptive effects of irregular work schedules on sleep outcomes.74

Among all nonzero edges connected to the sleep quality node, the strongest positive correlations are with daily 
activity rhythm (r = 0.26) and work-life balance (r = 0.23), followed by light exposure (r = 0.22), time control perception 
(r = 0.19), and physical activity level (r = 0.19). These relationships suggest that sleep quality is most directly influenced 
by behavioral regularity, work-life integration, and environmental factors.2 Among the negative correlations, sleep 
quality shows strong negative associations with shift work (r = −0.28) and weekend catch-up sleep (r = −0.20), indicating 
that irregular schedules and compensatory sleep patterns are particularly detrimental to sleep quality.52,85

Compared to the correlation matrix, the values in the weight matrix are significantly reduced, suggesting that the 
associations between sleep quality and many variables are mediated by other variables within the network rather than 
representing direct relationships.86 This finding supports our hierarchical model of sleep quality determinants and 
highlights the importance of considering indirect pathways of influence.

Network Predictability and Variance Explanation
As shown in Table 1, the predictability of the sleep quality node was 0.799, indicating that 79.9% of the variance in sleep 
quality could be explained by its surrounding nodes in the network. This exceptionally high explained variance 
substantially exceeds typical values in sleep quality research (which often range from 30–50%) and suggests that our 
comprehensive selection of variables captures the majority of factors influencing sleep outcomes.1,27,37 The mean node 
predictability was 0.59, indicating that, on average, 59% of the variance of each node could be explained by its neighbors 
in this network model.

Centrality Analysis and Key Network Nodes
Figures 1 and 2 present the centrality measures of each node in the EBICglasso network model. The results reveal a clear 
hierarchy of influence within the sleep quality network. Sleep quality (strength = 2.10, betweenness = 2.58, closeness = 
2.41) demonstrates the highest centrality across all measures, confirming its position as the core node in the network 
around which other variables organize.87

Time control perception (strength = 1.85, betweenness = 1.92, closeness = 1.88) emerges as the second most central 
variable, exhibiting high centrality across all three measures. This finding suggests that TCP serves not only as a strong 
predictor of sleep quality but also as a key bridging factor that connects different aspects of the sleep network.39,41 The 

Table 1 Network Variables: Predictability and Centrality Measures

Variable Predictability (R²) Strength Betweenness Closeness

Sleep Quality (SQ) 0.80 2.10 2.58 2.41
Time Control Perception (TCP) 0.68 1.85 1.92 1.88

Physical Activity Level (PAL) 0.59 1.73 1.80 1.76

Work-Life Balance (WLB) 0.64 0.89 0.22 0.22
Shift Work (SW) 0.56 0.67 −0.01 −0.17

Social Interaction Frequency (SIF) 0.49 0.45 −0.42 −0.11

Daily Activity Rhythm (DAR) 0.53 0.32 −0.62 −0.84
Light Exposure (LE) 0.50 −0.14 −0.51 −1.02

Weekend Catch-up Sleep (WCS) 0.50 −0.35 −1.13 −0.99

Note: Predictability (R²) values show the percentage of variance in each node explained by neighboring nodes. Centrality 
measures are presented as standardized z-scores. Sleep Quality shows the highest predictability (80%) and centrality across 
all measures. TCP and PAL also demonstrate high centrality, indicating their importance as connecting nodes.
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high betweenness centrality of TCP indicates that it frequently lies on the shortest paths between other variables, 
suggesting a mediating role in the network.88

Physical activity level (strength = 1.73, betweenness = 1.80, closeness = 1.76) also exhibits relatively high centrality, 
particularly in strength and betweenness measures, suggesting its function as an important intermediate mechanism 
connecting sleep quality with other behavioral and environmental factors.47,73

Work-life balance shows moderate centrality, particularly in strength measures, while shift work demonstrates 
negative effects but lower overall network centrality.72,74 The environmental and temporal factors (light exposure, 
weekend catch-up sleep, daily activity rhythm, social interaction frequency) generally show lower centrality measures, 
suggesting they operate more as peripheral or distal influences in the network structure.89

Network Stability and Reliability
The bootstrap analysis of edge weights revealed relatively narrow confidence intervals, indicating high level of 
estimation precision and supporting the reliability of the identified network connections.90 The bootstrap stability 
analysis of centrality measures demonstrated overall good network stability.91 The correlation stability coefficients for 
strength, betweenness, and closeness centrality were 0.72, 0.75, and 0.79, respectively, all exceeding the threshold for 
good stability (CS > 0.7) and suggesting that the centrality rankings of nodes are reliable and would likely be replicated 
in different samples.54,83

Figure 2 Centrality Measures of Variables in the Sleep Quality Network. Higher values indicate greater centrality, meaning the variable plays a more central role in 
connecting other nodes within the network. Sleep Quality shows the highest centrality across all measures, followed by Time Control Perception and Physical Activity Level 
as key bridging nodes. The three panels display strength, betweenness, and closeness centrality measures respectively.
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Discussion
Overview of Key Findings
This study successfully demonstrates that sleep quality operates within a complex network of interconnected factors that 
can be organized into a meaningful hierarchical structure. The network analysis revealed that 79.9% of sleep quality 
variance could be explained by surrounding variables, providing compelling evidence that our comprehensive model 
captures the majority of factors influencing sleep outcomes.92 The identification of time control perception as a proximal 
factor, behavioral variables as intermediate mechanisms, and environmental factors as distal influences offers a new 
theoretical framework for understanding and intervening in sleep quality problems.93

Strengths and Contributions of the Present Study
Several methodological and theoretical strengths enhance confidence in our findings and their implications for sleep 
research and practice. First, our large sample size (N=8,127) provides substantial statistical power for detecting subtle 
network relationships and enables precise estimation of centrality measures that smaller studies might miss or estimate 
unreliably.66 The comprehensive geographic and demographic representation enhances the generalizability of our 
findings across diverse populations.

Second, our comprehensive variable selection represents one of the most holistic examinations of sleep quality 
determinants, spanning behavioral, environmental, temporal, and psychosocial domains based on systematic literature 
review and theoretical relevance.57 This theory-driven approach ensures that our network analysis addresses substantive 
questions about sleep quality determinants rather than merely identifying correlations.

Third, the network analysis approach offers distinct methodological advantages over traditional regression methods 
by capturing complex interaction patterns, identifying mediating pathways, and revealing hierarchical relationships that 
linear models cannot detect.54,55 The ability to quantify both direct and indirect influences provides insights into 
intervention priorities that conventional analyses cannot offer.

Fourth, our rigorous quality control procedures, including multiple attention checks, response time monitoring, and 
careless response detection algorithms, enhance data reliability and reduce measurement error.65,75 The unusually high 
completion rate (97.4%) and minimal missing data (<0.5%) support the robustness of our findings.

Fifth, the exceptionally high explained variance (79.9%) in sleep quality suggests our model captures the majority of 
factors influencing sleep outcomes, providing a robust foundation for intervention development and theoretical 
advancement.92 This finding substantially exceeds typical explained variance values in sleep quality research and 
demonstrates the value of comprehensive, network-based approaches.1,27,37

Finally, our integration of proximal, intermediate, and distal factor categorization offers a novel theoretical framework 
that bridges individual-level interventions with broader environmental and policy approaches to sleep health promotion, 
providing practical guidance for multi-level intervention strategies.93

Time Control Perception as a Proximal Factor
The emergence of time control perception as the most central variable in the sleep quality network represents a significant 
theoretical and practical finding.39,41 TCP not only exhibits the highest centrality measures but also demonstrates the 
strongest positive correlation with social interaction frequency (r = 0.40), suggesting that individuals with greater 
perceived control over their time may be better able to schedule and maintain social connections, which in turn 
contributes to better sleep quality through multiple pathways.84

This relationship extends existing literature by suggesting that time management skills could potentially enhance 
social support networks, creating a dual pathway to improved sleep quality.94 Previous research has established that 
social support can buffer against stress and promote psychological well-being, which indirectly benefits sleep quality.71,95 

Our finding suggests that time control perception may serve as a key mechanism through which individuals maintain 
beneficial social connections.

The strong association between time control perception and sleep quality aligns with extensive research demonstrat
ing that TCP serves as a critical determinant of sleep outcomes through multiple mechanisms.38,39 By allowing 
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individuals to align their daily activities with their biological rhythms, time control perception directly optimizes both 
sleep quality and duration.96 Flexibility in adjusting work hours or scheduling breaks has been linked to improvements in 
circadian alignment, reduced sleep onset latency, and higher sleep efficiency.97

Furthermore, time control perception facilitates recovery by enabling individuals to proactively manage fatigue, 
a mechanism particularly critical in high-demand occupational settings.42,43 From a network perspective, the centrality of 
time control perception highlights its pivotal role in mediating the effects of other factors on sleep quality.88 Beyond its 
direct pathways, TCP interacts with more distal variables, such as daily activity rhythm and light exposure, by enabling 
behavioral adjustments that promote better sleep.98 This central role underscores the importance of time control 
perception as a proximal factor and provides foundation for targeted interventions.

Behavioral Factors as Intermediate Mechanisms
Behavioral mediators, including physical activity level, work-life balance, and shift work, serve as critical links between 
sleep quality and other variables in the network, translating distal influences into more direct impacts on sleep 
outcomes.99 Among these, physical activity plays a particularly prominent role with high centrality measures across 
all three indices.

Regular physical activity has been consistently associated with better sleep outcomes, including higher sleep 
efficiency, reduced nighttime awakenings, and longer total sleep duration, through mechanisms such as circadian rhythm 
regulation, stress reduction, and physiological adaptations including improved cardiovascular fitness and reduced 
inflammation.47,48,73 Physical activity also alleviates depressive symptoms and enhances emotional well-being, creating 
positive feedback loops that further support sleep quality.100

Work-life balance represents another vital intermediate factor in our network model.72 Imbalances caused by long 
work hours and rigid schedules disrupt sleep by increasing psychological strain and reducing opportunities for recovery, 
while flexible work arrangements have been shown to improve both balance and sleep outcomes.41 The network position 
of work-life balance suggests it serves as a crucial bridge between occupational demands and sleep quality outcomes.101

Shift work introduces unique challenges to sleep quality, with irregular rotations and night shifts exacerbating 
circadian misalignment and fatigue, leading to shorter, less efficient sleep.74,102,103 However, the network analysis 
reveals that the effects of shift work on sleep quality may be partially mediated through other behavioral factors, 
suggesting that comprehensive interventions addressing multiple behavioral pathways may be more effective than 
targeting shift work in isolation.101

Environmental and Temporal Factors as Distal Influences
Distal factors, including light exposure, weekend catch-up sleep, social interaction frequency, and daily activity rhythm, 
form the broader environmental and lifestyle context that shapes sleep quality through indirect pathways and interactions 
with more proximal factors.104

Light exposure demonstrates complex relationships within the network.50 Morning exposure to natural light facilitates 
melatonin secretion and circadian synchronization, leading to earlier sleep onset and improved sleep efficiency.59 In 
contrast, excessive artificial light exposure during evening hours, particularly blue light from electronic devices, 
suppresses melatonin production and delays sleep onset, ultimately reducing sleep quality.105 The network analysis 
suggests that light exposure influences sleep quality primarily through its interactions with behavioral factors rather than 
through direct pathways.

Weekend catch-up sleep highlights the complex dynamics of compensatory sleep behaviors.52 While it temporarily 
restores cognitive function and mood, its efficacy in addressing long-term sleep deficits is limited.106 Moreover, 
significant shifts in weekend sleep timing disrupt circadian rhythms, perpetuating inconsistencies in weekday sleep 
patterns.60 The negative correlation between weekend catch-up sleep and sleep quality in our network supports research 
suggesting that sleep regularity is more important than total sleep amount for optimal sleep quality.107

Social interaction frequency demonstrates interesting network relationships, showing strong connections to time 
control perception while having more indirect effects on sleep quality.71 Positive social interactions enhance emotional 
stability and reduce stress, indirectly improving sleep through improved mood and reduced anxiety.95 However, the 

Psychology Research and Behavior Management 2025:18                                                                    https://doi.org/10.2147/PRBM.S553199                                                                                                                                                                                                                                                                                                                                                                                                   1863

Hu et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



timing and nature of social interactions can also disrupt sleep when they interfere with regular sleep schedules or involve 
late-night activities.108

Daily activity rhythm, as measured by the regularity of daily activities, shows moderate relationships within the 
network.70 Consistent daily activity patterns help stabilize circadian alignment, reducing nocturnal awakenings and 
enhancing sleep depth, whereas irregular routines disrupt these processes and compromise sleep quality.109

Clinical and Practical Implications
Our network findings suggest several specific intervention strategies organized around the hierarchical structure we 
identified, providing concrete guidance for healthcare providers, employers, and individuals seeking to improve sleep 
quality.110

Proximal Factor Interventions
Time control perception can be enhanced through structured interventions combining time management training with 
mindfulness-based approaches.111 We recommend an 8-week program including: (1) priority-setting and goal-alignment 
exercises to help individuals identify and focus on activities that align with their values and long-term objectives; (2) 
boundary management skills training to establish clear distinctions between work and personal time; (3) flexible 
scheduling techniques that accommodate individual circadian preferences and energy patterns; and (4) mindfulness 
practices for present-moment awareness that reduce time-related anxiety and improve focus.112

Given the strong connection between time control perception and social interaction frequency identified in our 
network, interventions should also include social scheduling strategies that optimize both time use and relationship 
maintenance.84 This might involve teaching individuals how to efficiently combine social activities with other necessary 
tasks, or how to communicate time boundaries effectively with family and friends.113

Intermediate Factor Interventions
Physical activity interventions should emphasize circadian rhythm entrainment through morning exercise exposure, 
combining outdoor light exposure between 6–9 AM with moderate-intensity activity for 20–30 minutes.114 This approach 
leverages both the direct benefits of physical activity and the circadian benefits of morning light exposure.115 Work-life 
balance interventions should focus on boundary-setting skills, recovery practices during work breaks, and negotiating 
flexible work arrangements when possible.41

For shift workers, evidence-based chronotherapy protocols should combine strategic light therapy (10,000 lux 
exposure during work periods to maintain alertness), timed melatonin administration (0.5–3mg, 2–3 hours before desired 
sleep time to facilitate sleep onset), and caffeine optimization (strategic use during work periods while avoiding caffeine 
6 hours before sleep periods).116,117

Distal Factor Interventions
Light exposure optimization should include morning bright light therapy for circadian entrainment (30 minutes of 10,000 
lux exposure within 2 hours of waking) and evening blue light reduction through device filters or amber glasses 2–3 hours 
before bedtime.118 Weekend catch-up sleep should be limited to 1–2 hours beyond typical weekday sleep duration to 
prevent circadian disruption while allowing some recovery.119

Social interaction scheduling should emphasize daytime and early evening activities that support rather than interfere 
with regular sleep schedules.120 Healthcare providers should prioritize time control perception assessment using validated 
measures and consider this factor as a key leverage point for improving multiple aspects of sleep health 
simultaneously.121

Methodological Considerations and Validation
To address concerns about self-report measurement bias, we conducted validation efforts with subsets of our 
participants.122 A substudy with 487 participants who completed 14-day actigraphy monitoring (ActiGraph wGT3X- 
BT) alongside our self-report sleep quality measure showed moderate but significant correlation (r =0.64, p <0.001), 
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supporting the validity of our self-report measure while acknowledging that objective measures capture different aspects 
of sleep experience.123

For physical activity assessment, we validated our self-report measure against accelerometer data in 312 participants, 
finding acceptable correspondence (r =0.58, p <0.001).124 These validation efforts support the reliability of our key 
measures while acknowledging the ongoing need for objective measurement approaches in sleep research.

We addressed potential confounding through several analytical strategies.125 Sensitivity analyses controlling for key 
demographic variables (age, gender, education, income, geographic region, urban/rural residence) yielded highly similar 
network structures (correlation between original and controlled centrality measures >0.95). Robustness checks using 
geographic region as an instrumental variable for certain lifestyle factors found consistent results, supporting the stability 
of our findings across different analytical approaches.126

Limitations and Future Research Directions
Several important limitations must be considered when interpreting our findings. The cross-sectional design prevents 
causal inference regarding the relationships identified in our network model.127 While our findings suggest that time 
control perception occupies a proximal position relative to sleep quality, we cannot determine definitively whether poor 
time control perception leads to decreased sleep quality, whether sleep difficulties impair cognitive resources needed for 
effective time management, or whether bidirectional relationships exist.

To address this fundamental limitation, we have initiated a 12-month longitudinal follow-up study with 2,000 
participants from our original sample, employing monthly assessments to examine temporal precedence and potential 
bidirectional relationships among network variables.128 Preliminary analyses from the first 6 months of follow-up data 
(n = 1,847 retained participants) provide initial support for the temporal stability of our network structure while revealing 
evidence for some bidirectional relationships, particularly between time control perception and sleep quality. Complete 
longitudinal analyses will be reported in a separate manuscript currently in preparation.

The reliance on self-report measures introduces several potential biases, including recall bias affecting retrospective reports of 
sleep quality and behavioral patterns, social desirability bias potentially leading to over-reporting of healthy behaviors, and 
common method variance from using self-report measures for all variables that may artificially inflate relationships among 
variables.129,130 While our validation studies partially address these concerns, future research should incorporate comprehensive 
objective assessment including actigraphy, physiological stress indicators, and behavioral monitoring.

Additionally, while we excluded participants with self-reported sleep disorders, we did not conduct comprehensive 
clinical screening for undiagnosed sleep disorders, which could influence the relationships observed in our network.131 

The generalizability of our findings may be limited by cultural, socioeconomic, and occupational factors specific to our 
Chinese sample.132 Future research should examine network structures across different populations and cultural contexts.

The remarkably high explained variance (79.9%) in sleep quality, while strengthening confidence in our model’s 
comprehensiveness, may partially result from common method variance and should be interpreted cautiously.133 

Replication with objective measures and diverse samples will be important for confirming these findings.
Future research should focus on several key areas: longitudinal investigation of causal relationships and temporal 

dynamics among network variables;134 integration of objective measures for key constructs including sleep, physical 
activity, and physiological stress indicators;135 cross-cultural validation of network structures across diverse 
populations;136 examination of individual differences in network structures based on factors such as age, occupation, 
and health status;137 and development and testing of network-informed interventions that target multiple levels of the 
hierarchical structure simultaneously.138

Conclusions
This study advances our understanding of sleep quality by applying a network analysis framework to identify the 
hierarchical roles of proximal, intermediate, and distal factors in determining sleep outcomes.139 The findings highlight 
the centrality of time control perception as a proximal factor directly influencing sleep quality while serving as a key 
mediator connecting other variables in the network. Behavioral mediators, including physical activity level, work-life 
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balance, and shift work, bridge the effects of environmental and lifestyle dynamics, while distal factors provide the 
broader context in which sleep quality is shaped.140

The identification of these interconnected pathways underscores the importance of developing multi-level interven
tion approaches that target key nodes within the network rather than addressing individual factors in isolation.141 The 
exceptionally high explained variance (79.9%) in sleep quality suggests that our comprehensive model captures the 
majority of factors influencing sleep outcomes, providing a robust foundation for both theoretical advancement and 
practical intervention development.142

By elucidating these complex relationships, our study contributes to both theoretical understanding and practical 
application. The network perspective enriches existing models of sleep regulation by revealing how cognitive, beha
vioral, and environmental factors interact to influence sleep quality through multiple pathways.143 For practical applica
tion, our findings provide specific guidance for healthcare providers, employers, and individuals seeking to improve sleep 
quality through targeted interventions that leverage the hierarchical structure of influence we identified.144

Future research building on this foundation should employ longitudinal designs to confirm causal relationships, 
integrate objective measurement approaches to reduce bias, and test network-informed interventions that target multiple 
levels of influence simultaneously.145 This network perspective represents a significant advance in sleep research metho
dology and provides a comprehensive framework for understanding and improving sleep quality in contemporary society.5
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