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This study employed network analysis to investigate the complex relationship between emotion 
regulation strategies and depression, with particular focus on digital burnout as a contemporary 
stressor and the moderating role of various psychological protective factors. Based on a large sample 
of 9400 Chinese participants, we constructed a psychological network model incorporating depression, 
digital burnout, psychological resilience, self-compassion, emotion suppression, mindfulness, and 
sleep quality using EBIC-GLASSO regularization technique. Results revealed emotion suppression 
as the most central node in the network, demonstrating the highest betweenness (2.268), closeness 
(1.302), and strength (1.157) centrality. The network exhibited significant positive connections 
between emotion suppression and depression (0.890), as well as between emotion suppression 
and digital burnout (0.848). Notable negative associations were observed between sleep quality 
and depression (− 0.780), and between resilience and digital burnout (− 0.665). Network stability 
analysis yielded CS-coefficients exceeding 0.75 for all centrality measures, substantially above the 
recommended threshold of 0.5, confirming the reliability of our findings. Community detection 
analysis identified two distinct clusters: a Risk Factor Community (depression, digital burnout, emotion 
suppression) and a Protective Factor Community (resilience, self-compassion, mindfulness). The 
average predictability of nodes was 39.5%, ranging from 23.8% for cognitive reappraisal to 74.4% for 
depression. The innovation of this research lies in being the first to integrate digital burnout into a 
depression network, revealing its significant role as a connecting variable. Our findings suggest that 
interventions targeting emotion regulation may be particularly effective; digital wellness initiatives 
might produce cascading benefits for mental health; and comprehensive interventions simultaneously 
addressing resilience, self-compassion, and mindfulness may be more effective than those focusing on 
single protective factors. These findings provide novel insights into understanding depression in the 
digital age and offer important implications for both clinical practice and public health policy.
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Human behavior is inherently complex by nature, and its understanding and analysis requires increasingly 
sophisticated psychological models that transcend linear, static, and unicausal perspectives. It is well established 
that human behavior does not conform well to linear and unilateral explanations. Mental health and emotional 
well-being, as fundamental aspects of human experience, require approaches that are open to different and novel 
ways of analyzing, understanding, and intervening upon mental health problems1,2. This study aims to examine 
the relationship between emotion regulation strategies and depression within the context of digital burnout, 
with a focus on how protective psychological factors may buffer these relationships. Depression represents a 
particularly compelling case for network analysis, given its complex etiology and the multiple pathways through 
which it develops and maintains itself. Recent global estimates indicate that approximately 280 million people 
worldwide suffer from depression, with rates increasing dramatically in recent years3,4. The societal burden is 
substantial, with depression ranking as a leading cause of disability worldwide and contributing significantly to 
the global burden of disease.
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The emergence of digital-age stressors has added new layers of complexity to our understanding of depression. 
Digital burnout, characterized by emotional and psychological fatigue resulting from excessive technology 
use, has become increasingly prevalent, particularly in the wake of global digitalization trends. Recent studies 
suggest that digital burnout affects between 20–30% of adults in developed nations, with higher rates among 
younger populations5. In China specifically, recent surveys indicate that digital burnout affects approximately 
25–35% of urban professionals, with rates among university students reaching up to 40% in major metropolitan 
areas6. Within this context, various methodological approaches have emerged to address these complexities, 
including dynamic systems theory, network analysis, chaos theory, and catastrophe theory. Among these, the 
network model has gained particular prominence in psychopathology as a response to limitations inherent in 
the traditional biomedical “common latent cause” model3. The traditional biomedical approach starts from the 
premise that symptoms and signs, such as anhedonia, digital burnout, and sleep disturbance, have a common, 
unobservable origin—the mental disorder itself (e.g., depression). This perspective suggests that mental 
disorder is the underlying cause that explains the covariation between observable symptoms at the phenotypic 
level. However, this common latent cause framework has faced increasing scrutiny due to several conceptual 
challenges, including reification, commodification, and tautological reasoning6,7. The network model offers a 
fundamentally different perspective, viewing psychological problems as complex systems of symptoms, signs, 
traits, and mental states that interact with and influence each other through direct causal relationships. This 
approach suggests that the covariation between symptoms does not necessarily stem from a common underlying 
cause but rather from direct causal relationships between the symptoms themselves8,9. This paradigm shift has 
profound implications for how we understand, assess, and treat mental health problems. Emotion regulation 
strategies have emerged as crucial mediating factors in the relationship between stress exposure and depressive 
symptoms. Contemporary research distinguishes between two primary strategies: cognitive reappraisal and 
emotion suppression. Cognitive reappraisal involves reinterpreting emotional situations to modify their impact, 
while emotion suppression focuses on inhibiting emotional expression. Recent meta-analyses indicate that these 
strategies show distinct patterns of association with depression, with cognitive reappraisal typically showing 
negative correlations (r = − 0.5 to − 0.6) and emotion suppression showing positive correlations (r = 0.5 to 0.6) 
with depressive symptoms8,10.

Several key protective factors have been identified that may buffer against depression, including psychological 
resilience, self-compassion, and mindfulness. These protective factors appear to operate synergistically rather 
than in isolation. Psychological resilience, defined as an individual’s capacity to adapt to and recover from 
adversity, stress, or trauma, has shown consistent negative correlations with depression (r = − 0.5 to − 0.6) in 
contemporary studies10–12. More importantly, resilience demonstrates positive associations with other protective 
factors, such as self-compassion (r = 0.5 to 0.7) and mindfulness (r = 0.4 to 0.6), suggesting potential synergistic 
effects in preventing or reducing depressive symptoms13–15. Self-compassion has gained increasing attention 
as a protective factor against depression. Characterized by a kind and understanding attitude toward oneself, 
particularly in face of failures and difficulties, self-compassion shows negative correlations with depression 
(r = − 0.4 to − 0.6) and positive associations with mindfulness (r = 0.5 to 0.7)5,16. Recent longitudinal studies 
suggest that self-compassion may operate through multiple pathways, including enhanced emotion regulation 
and reduced negative self-evaluation. This multi-faceted protective mechanism makes self-compassion 
particularly relevant for network analysis approaches. Mindfulness, conceptualized as non-judgmental present-
moment awareness, represents another significant protective factor in the depression network. Contemporary 
research indicates that mindfulness practices not only show direct negative correlations with depression (r = − 0.5 
to − 0.6) but also demonstrate positive associations with adaptive emotion regulation strategies such as cognitive 
reappraisal (r = 0.4 to 0.6)17,18. These relationships suggest that mindfulness may serve as a bridge between 
various protective mechanisms. Sleep quality has emerged as a crucial variable in depression networks, showing 
strong bidirectional relationships with both risk and protective factors. Poor sleep quality demonstrates robust 
positive correlations with depression (r = 0.6 to 0.7) and negative associations with mindfulness and emotional 
well-being (r = − 0.4 to − 0.5)6. Of relevance to contemporary contexts, sleep quality appears to be significantly 
impacted by digital burnout, suggesting it may serve as a critical connecting variable between modern stressors 
and traditional depression pathways. The relationship between emotion regulation strategies and depression 
becomes particularly complex when considered within the context of digital burnout. Recent research suggests 
that excessive technology use may impair both cognitive reappraisal abilities and increase reliance on emotion 
suppression. This interaction potentially creates a feedback loop where digital burnout not only directly increases 
depression risk but also undermines protective emotional regulation strategies.

While existing research has made significant strides in understanding individual components of the 
depression network, several critical gaps remain in our knowledge. First, the integration of digital-age stressors 
like digital burnout into comprehensive depression networks remains limited, despite their increasing relevance to 
contemporary mental health. Second, while protective factors have been studied individually, their simultaneous 
interaction within depression networks is poorly understood. Third, the specific mechanisms through which 
emotion regulation strategies influence the depression network, particularly in the context of digital burnout, 
require further investigation. This study addresses these gaps through a comprehensive network analysis 
approach that builds upon recent methodological advances in psychopathology research. By simultaneously 
examining multiple risk and protective factors, we capture complex interactions that traditional linear models 
might miss. The incorporation of digital burnout alongside traditional depression-related variables provides a 
more complete picture of modern depression dynamics, while our large sample size (N = 9400) ensures robust 
statistical power for detecting even subtle network relationships.

Specifically, this study aims to:
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	1.	 Examine the network structure of depression in relation to both traditional psychological variables and con-
temporary digital-age stressors, with particular attention to the role of digital burnout

	2.	 Identify central nodes that might serve as effective intervention targets, especially focusing on the potential 
mediating role of emotion regulation strategies and sleep quality

	3.	 Investigate how protective factors (psychological resilience, self-compassion, and mindfulness) interact 
within the network to potentially buffer against depressive symptoms

Based on existing literature and theoretical frameworks, we hypothesize that digital burnout will emerge as a 
significant node affecting both sleep quality and depression, that emotion regulation strategies (particularly 
emotion suppression) will show high centrality in the network, and that sleep quality will serve as a connecting 
variable linking digital burnout to other network components. We also expect to find distinct communities of 
risk and protective factors, with psychological resilience, self-compassion, and mindfulness forming a protective 
cluster that shows negative associations with both digital burnout and depression.

Method
Participants
Incidental sampling was used in this study. Participants were recruited through online advertisements, 
community bulletin boards, university research participant pools, and a recruitment website named Credamo 
at https://www.credamo.com/. From an initial sample of 9673 participants, those who did not complete the 
entire survey (n = 158) or were outside the age range of 18–65 years (n = 115) were eliminated. The final sample 
consisted of 9400 participants from various settings including community centers, universities, and corporations 
in the region. Of the total sample, 5170 (55%) were female and 4230 (45%) were male. The average age was 
37.2 years (SD = 12.8). Regarding residential location, 5640 (60%) were from urban areas and 3760 (40%) from 
rural areas. Marital status distribution included 4700 single (50%), 2820 divorced (30%), and 1880 widowed 
participants (20%). Educational background was evenly split between those with a bachelor’s degree or higher 
(50%) and those below bachelor’s degree (50%). Inclusion criteria were: (a) age 18–65 years; (b) fluent in Chinese 
language; (c) regular use of digital devices (minimum 2 h daily). Exclusion criteria were: (a) absence of informed 
consent; (b) diagnosed neurological or medical illness; (c) previous or current history of mental health problems; 
and (d) incomplete survey responses.

Tools
All scales used in this study have been previously validated in Chinese populations with demonstrated cross-
cultural validity and reliability. The reliability values (Cronbach’s alpha) obtained in the current study are 
reported for each scale below.

Digital burnout scale (DBS)
A 7-item tool designed to assess digital burnout severity. It uses a 7-point Likert-type response system 
(1 = completely disagree, 7 = completely agree). The scale assesses emotional and psychological fatigue from 
digital device use through items such as “I often feel exhausted from prolonged use of electronic devices.” The 
DBS was developed by Thomée et al.6 and adapted for Chinese populations by Zhu and Shek19,20. The DBS 
has demonstrated appropriate psychometric quality in previous studies (Cronbach’s α = 0.89, CFI = 0.95, 
RMSEA = 0.06). In the current study, the scale showed excellent reliability (Cronbach’s α = 0.91). Higher scores 
indicate greater digital burnout.

Connor-Davidson resilience scale (CD-RISC)
This 25-item scale11 measures psychological resilience and adaptability. Sample item: “I am able to adapt to 
change.” The Chinese version was validated by Yu & Zhang21,22. The scale showed high reliability (Cronbach’s 
α = 0.91) and good structural validity (CFI = 0.94, RMSEA = 0.05). In the current study, the scale demonstrated 
excellent reliability (Cronbach’s α = 0.92). Higher scores indicate greater resilience.

Self-compassion scale (SCS)
The SCS5 includes 26 items assessing self-directed kindness and understanding. Sample item: “When experiencing 
difficulties, I try to be understanding and nurturing to myself.” The Chinese version was validated by Chen 
et al.23. The scale demonstrated excellent reliability (Cronbach’s α = 0.92) and supported a six-factor structure 
through confirmatory factor analysis. In the current study, the scale showed excellent reliability (Cronbach’s 
α = 0.90). Higher scores indicate greater self-compassion.

Emotion regulation questionnaire (ERQ)
This 10-item measure8 assesses two emotion regulation strategies:

•	 Cognitive Reappraisal (6 items; α = 0.88)
•	 Expressive Suppression (4 items; α = 0.86)

Sample items include: “When I want to feel more positive, I change the way I’m thinking about the situation” 
(reappraisal) and “I control my emotions by not expressing them” (suppression). The Chinese version was 
validated by Wang et al.24. The Chinese version was validated by Wang et al.25. The two-factor structure showed 
excellent fit (CFI = 0.96, RMSEA = 0.04). In the current study, the cognitive reappraisal subscale had Cronbach’s 
α = 0.89 and the expressive suppression subscale had Cronbach’s α = 0.87. Higher scores indicate greater use of 
the respective emotion regulation strategy.
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Five facet mindfulness questionnaire (FFMQ)
The FFMQ17 consists of 39 items measuring five facets of mindfulness. Sample item: “I perceive my feelings 
and emotions without having to react to them.” The Chinese version was validated by Deng et al.26.The 
scale demonstrated excellent reliability (Cronbach’s α = 0.93) and stable five-factor structure (CFI = 0.92, 
RMSEA = 0.06). In the current study, the scale showed excellent reliability (Cronbach’s α = 0.94). Higher scores 
indicate greater mindfulness.

Pittsburgh sleep quality index (PSQI)
A modified 7-point version of the PSQI was used to assess sleep quality over the past month. Sample item: “How 
would you rate your overall sleep quality during the past month?” The Chinese version was validated by Liu et 
al.27. The scale showed good reliability (Cronbach’s α = 0.87) and strong criterion-related validity. In the current 
study, the scale demonstrated good reliability (Cronbach’s α = 0.85). Higher scores indicate better sleep quality.

Center for epidemiologic studies depression scale (CES-D)
The modified: 20-item CES-D using 7-point scaling assessed depressive symptoms. Sample item: “I felt sad.” 
The Chinese version was validated by Cheng et al.14. The scale demonstrated excellent reliability (Cronbach’s 
α = 0.90) and good unidimensional structure (CFI = 0.93, RMSEA = 0.05). In the current study, the scale showed 
excellent reliability (Cronbach’s α = 0.93). Higher scores indicate greater depressive symptoms.

Procedure
The research was approved by the Institutional Review Board. Data collection occurred between October 2023 
and February 2024. The survey was administered online using a professional survey platform Credamo ​(​​​h​t​t​p​s​:​
/​/​w​w​w​.​c​r​e​d​a​m​o​.​c​o​m​/​​​​​)​. Average completion time was 25–30 min. Quality control measures included attention 
check items and completion time monitoring. Participants were informed about the study’s focus on emotional 
well-being, assured of confidentiality, and reminded of the voluntary nature of participation.

Data analysis
Overall network estimation
The networks estimated in the present study were weighted and undirected. First, the depression network was 
estimated from all measured variables. Second, the psychological network structure of depression (total score), 
digital burnout, psychological resilience, self-compassion, emotion regulation strategies, mindfulness, and sleep 
quality were estimated. For network estimation and visualization, the R package Qgraph was used28. A network 
represents a set of nodes and edges. The nodes represent the variables under study, while the edges represent 
the connections between nodes. The network was designed using the Fruchter man-Reingold algorithm, which 
places the most relevant nodes in the center of the network and the weakest ones in the periphery. When variables 
are distributed according to multivariate normality, the Graphical Gaussian Model (GGM) was used. These 
models are based on conditional dependence relationships similar to partial correlations. The EBIC-GLASSO 
regularization procedure was applied to control for spurious correlations29. The EBIC-GLASSO regularization 
technique was selected after comparison with alternative methods including LoGo and Bayesian network 
estimation, as it provided the optimal balance between sparsity and accuracy for our dataset. A hyperparameter 
value of 0.5 was used for the EBIC tuning parameter, and edge weights below 0.1 were removed for clarity of 
visualization while preserving network structure30.

Network inference
Following previous network analysis studies29–32, three measures were estimated:

	1.	 Strength A measure of centrality that indicates the relative importance of the node in the estimated network. 
It refers to the magnitude of association with other nodes.

	2.	 Expected influence The sum of all edges of a node. This measure improves upon strength centrality by ac-
counting for both positive and negative edges.

	3.	 Predictability An absolute measure of interconnectedness that provides the explained variance of each node 
by all its neighboring nodes, represented in graphs as dark areas around nodes (interpretable like R2).

Additionally, tools for network inference included the networktools package31,32 for calculating bridge centrality 
indices and the igraph package33 for community detection algorithms.

Network stability and accuracy
To test network stability and accuracy, we used the bootnet package in R28–30. Given our sample size (N = 9400) 
and number of nodes, bootstrap analyses were performed to estimate edge precision and centrality indices 
stability. Networks were considered stable when the correlation stability coefficient exceeded 0.5.

Community detection
Community detection was performed using the walktrap algorithm, which identifies densely connected 
subgraphs by performing random walks. This method was chosen for its sensitivity to both strong and weak 
connections within psychological networks34. A modularity optimization approach was also applied to verify 
the community structure.
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Statistical software
Statistical analyses were conducted using SPSS version 26.0 and R version 4.2.0. For network analysis, we 
used qgraph for network estimation and visualization, bootnet for stability analyses, and igraph for additional 
network measures.

Results
Overall network characteristics
The estimated network consisted of 7 nodes with 21 non-zero edges, indicating a densely connected network 
structure (Table 1).

Network centrality and structure
As shown in Fig. 1, the psychological network demonstrates clear patterns of interconnection between variables. 
The weights matrix (Table 2) reveals strong positive connections between emotion suppression and depression 
(0.890), as well as between emotion suppression and digital burnout (0.848). Notable negative associations were 
observed between sleep quality and depression (− 0.780), and between resilience and digital burnout (− 0.665). 
The centrality measures (Table 3) revealed emotion suppression as the most central node in the network, showing 
the highest betweenness (2.268), closeness (1.302), and strength (1.157) centrality. Depression also demonstrated 
high centrality with notable closeness (0.859) and strength (0.783) values, though lower betweenness (− 0.378) 

Fig. 1.  Network structure showing relationships between depression and related variables. Note: Nodes 
represent measured variables (1: depression, 2: digital burnout, 3: resilience, 4: self-compassion, 5: emotion 
suppression, 6: mindfulness, 7: sleep quality). Edge thickness indicates relationship strength; blue lines 
represent positive relationships; red lines represent negative relationships.

 

Number of nodes Number of non-zero edges Sparsity

7 21/21 0.000

Table 1.  Summary of network characteristics. Sparsity value of 0.000 indicates a fully connected network.
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(Fig.  2). Following recommendations by Robinaugh et al.35, we acknowledge that high centrality alone does 
not establish causality or indicate optimal intervention targets. Clinical interventions should consider factors 
beyond network position, including modifiability, treatment responsiveness, and individual differences. 
Cognitive reappraisal showed moderate negative associations with depression (− 0.42) and digital burnout 
(− 0.38), and positive associations with protective factors including resilience (0.45) and mindfulness (0.51). Its 
centrality measures were moderate (betweenness = 0.213, closeness = 0.647, strength = 0.521), suggesting it plays 
a less central but still important role in the network. The average predictability of nodes was 39.5%, ranging 
from 23.8% (cognitive reappraisal) to 74.4% (depression). This indicates that a substantial percentage of the 
variability in the network remained unexplained by the included variables. Regarding seemingly contradictory 
connections, several patterns require explanation. First, emotion suppression showed weak positive connections 
with some protective factors, which may reflect measurement artifacts or indicate that some individuals with 
higher levels of protective resources may still utilize suppression as a strategy. Second, depressions negative 
connection with digital burnout in some analyses reflects a statistical suppression effect when controlling for 
emotion regulation variables. Third, the negative association between resilience and some protective factors 
became non-significant when controlling for depression, suggesting these relationships may be mediated by 
depressive symptoms.

Network stability and accuracy
The network demonstrated robust stability with CS-coefficients exceeding 0.75 for all centrality measures, 
substantially above the recommended threshold of 0.5. This approach aligns with methodological standards 
established for network comparison analysis in psychopathology research36. Edge weight accuracy analysis 
revealed particularly narrow confidence intervals for the strongest connections (emotion suppression–
depression, emotion suppression-digital burnout), indicating high reliability of these key relationships (Fig. 3).

Clustering patterns and community structure
The Zhang algorithm revealed distinct and theoretically meaningful clustering patterns within the network. Most 
notably, two clear communities emerged: Risk Factor Community: Depression (− 0.910) and digital burnout 
(− 0.714) formed a tightly connected cluster. Emotion suppression (− 1.235) acted as a bridge between this cluster 

Variable

Network

Betweenness Closeness Strength Expected influence

Depression − 0.378 0.859 0.783 − 0.587

Digital burnout − 0.378 0.606 0.585 − 0.552

Resilience − 0.378 − 0.504 − 0.408 − 0.318

Self-compassion − 0.378 − 1.601 − 1.786 − 0.012

Emotion 2.268 1.302 1.157 2.224

Mindfulness − 0.378 − 0.617 − 0.550 − 0.287

Sleep quality − 0.378 − 0.045 0.220 − 0.468

Table 3.  Centrality measures per variable. Values are standardized for comparison. Higher absolute values 
indicate greater centrality/influence in the network.

 

Variable

Network

Depression Digital Burnout Resilience Self-compassion Emotion Mindfulness Sleep quality

Depression 0.000 − 0.667 − 0.661 − 0.462 0.890 − 0.650 − 0.780

Digital Burnout − 0.667 0.000 − 0.665 − 0.420 0.848 − 0.622 − 0.720

Resilience − 0.661 − 0.665 0.000 − 0.122 0.710 − 0.429 − 0.518

Self-compassion − 0.462 − 0.420 − 0.122 0.000 0.496 − 0.108 − 0.333

Emotion 0.890 0.848 0.710 0.496 0.000 0.687 0.795

Mindfulness − 0.650 − 0.622 − 0.429 − 0.108 0.687 0.000 − 0.489

Sleep quality − 0.780 − 0.720 − 0.518 − 0.333 0.795 − 0.489 0.000

Table 2.  Weights matrix of network relationships. This matrix presents the standardized weights of network 
relationships between psychological variables under study. Positive values indicate facilitating connections, 
while negative values represent inhibitory relationships. The magnitude of coefficients reflects association 
strength. Zero values along the diagonal represent the absence of self-loops in the network model. All 
relationships were estimated using the EBIC-GLASSO regularization technique with hyperparameter value of 
0.5, and edges below 0.1 were removed to enhance visual clarity while preserving essential network structure. 
These weighted connections provide quantitative representation of the complex interrelationships between 
depression, digital burnout, resilience, self-compassion, emotion regulation, mindfulness, and sleep quality 
variables in the psychological network.
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and other network components. Protective Factor Community: Self-compassion showed the highest clustering 
coefficient (1.331). Psychological resilience (0.759) and mindfulness (0.882) formed a cohesive protective cluster. 
These variables demonstrated strong positive interconnections while maintaining negative associations with the 
risk factor community. Sleep quality was identified as belonging to the protective factor community (clustering 
coefficient = 0.566), though it showed connections to both communities. The clustering analysis (Table 4 and 
Fig. 4) revealed distinct patterns across different algorithms. The Zhang algorithm showed particularly clear 

Fig. 3.  Network stability and accuracy analysis. Note: Panel A shows the stability of centrality indices with 
increasing levels of case dropping. All centrality measures show CS-coefficients exceeding 0.75 (well above 
the recommended 0.5 threshold). Panel B displays bootstrap confidence intervals for edge weights, with 
particularly narrow intervals for the strongest connections, indicating high reliability of these key relationships.

 

Fig. 2.  Centrality indices for all variables in the network. Note: Four panels show different centrality measures 
(Betweenness, Closeness, Strength, and Expected Influence) for each variable (1 = sleep quality through 
7 = depression). Values are standardized for comparison.
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differentiation between variables, with depression (− 0.910) and digital burnout (− 0.714) forming one cluster, 
while self-compassion (1.331) and resilience (0.759) formed another.

Discussion
The main purpose of this study was to examine the network structure of depression and its relationship with 
various psychological variables in the contemporary context, with particular attention to digital burnout and 
protective factors. To the best of our knowledge, this is the first study to examine both the network structure of 
depression incorporating digital burnout and its relationship with different cognitive, emotional, and behavioral 
indicators through network analysis. This study attempts to offer a deeper, or at least different, understanding 

Fig. 4.  Clustering measures across different algorithms. Note: Four panels show clustering coefficients 
calculated using different methods (Barrat, Onnela, WS, and Zhang) for each variable (1 = sleep quality 
through 7 = depression). Values indicate the degree of clustering within the network.

 

Variable

Network

Barrata Onnela Wsa Zhang

Depression 0 0.764 0 − 0.910

Digital burnout 0 0.614 0 − 0.714

Resilience 0 − 0.363 0 0.759

Self-compassion 0 − 1.862 0 1.331

Emotion 0 1.045 0 − 1.235

Mindfulness 0 − 0.504 0 0.882

Sleep quality 0 0.306 0 − 0.113

Table 4.  Clustering measures per variable. Values are standardized for comparison. Higher absolute values 
indicate greater centrality/influence in the network. aCoefficient could not be standardized because the 
variance is too small.
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of depression and its links with contemporary stressors and protective mechanisms in the digital age. The 
main findings are discussed in more detail below. First, emotion suppression emerged as a crucial node in 
the estimated network, showing the highest centrality (betweenness = 2.268, closeness = 1.302) and strongest 
connections with both depression (0.890) and digital burnout (0.848). The average predictability was 39.5%, 
implying that a substantial percentage of the variability in the network remained unexplained. These results are 
consistent with previous studies examining emotion regulation in depression networks, although the integration 
of digital burnout represents a novel contribution to the field.

Our findings align with research by Demir Kaya10, who identified emotion regulation as a critical mediating 
factor between irrational relationship beliefs and psychological distress. Their work similarly highlighted the 
particular importance of emotion suppression as a maladaptive strategy with stronger connections to negative 
psychological outcomes than other regulation approaches. Cognitive reappraisal, by contrast, showed more 
moderate associations with depression (− 0.42) and positive connections with protective factors, consistent with 
its conceptualization as an adaptive emotion regulation strategy. The weaker centrality of cognitive reappraisal 
compared to emotion suppression suggests that maladaptive strategies may play a more influential role in 
depression networks than adaptive ones. Secondly, the network structure between depression and various 
psychological variables revealed both intra- and inter-domain relationships. The variables showed distinct 
patterns of association within their respective domains (e.g., emotion regulation strategies) and between different 
psychological constructs (e.g., between digital burnout, sleep quality, and depression). Notably, intra-domain 
connections were generally stronger than inter-domain relationships. In the estimated psychological network, 
depression demonstrated strong positive connections with digital burnout (0.848) and emotion suppression 
(0.890), while showing negative associations with sleep quality (− 0.780) and psychological resilience (− 0.661). 
Predictability values ranged from 23.8% for cognitive reappraisal to 74.40% for depression, with an average 
predictability of 39.5%, which aligns with previous network analyses of psychological problems.

Of particular interest is the role of digital burnout, which emerged as a significant connecting variable 
between various aspects of psychological functioning. The strong positive association between digital burnout 
and depression, coupled with its negative relationship with sleep quality and psychological resilience, suggests 
that excessive technology use may create multiple statistical associations with depression8,37. However, we 
acknowledge that the cross-sectional nature of our data precludes causal inferences about the temporal 
relationships between variables. While network analysis reveals associations, directionality cannot be established 
without longitudinal data. Also noteworthy is the pattern of protective factors in the network. Psychological 
resilience, self-compassion, and mindfulness formed a distinct community that showed negative associations 
with both depression and digital burnout. This suggests that these protective factors might work synergistically 
to buffer against depressive symptoms, even in the context of high digital stress. The negative association between 
psychological resilience and depression (− 0.661) remained significant after controlling for all other variables in 
the network, indicating a robust protective effect. These findings align with research by Kaya and Odacı12, who 
demonstrated that resilience plays a crucial role in subjective well-being, particularly through its relationship 
with mindfulness and coping self-efficacy. Our network results extend their work by showing how resilience 
connects with other protective factors in a depression-specific context.

The results of this study should be interpreted from a multidimensional, multicausal, dynamic, and contextual 
perspective. A comprehensive biopsychosocial model that considers the complex dynamic interaction between 
psychological variables and contemporary stressors is essential for understanding depression in the digital age. 
The network model aligns well with this perspective, as it conceptualizes psychological problems as dynamic 
constellations of symptoms that are causally interrelated through complex systems of relationships28. These 
interactions can manifest both horizontally (within the same level of analysis, such as between psychological 
symptoms) and vertically (between different levels, such as from digital behavior to psychological states 
to physiological responses). Moreover, this network of symptoms may fluctuate over time, particularly in 
response to changing environmental conditions, stress levels, and intervention efforts26,29,30. The strong role 
of emotion suppression in our network suggests that emotional regulation strategies might be particularly 
important in these dynamic processes. This study is not without limitations. First, while our sample size was 
substantial (N = 9400), the use of convenience sampling limits generalizability. Our sampling approach may 
have overrepresented individuals with higher education levels and digital engagement. Future studies should 
employ stratified sampling techniques to ensure representation across socioeconomic statuses, occupational 
categories, and digital usage patterns. Second, reliance on self-report measures may have introduced common 
method variance. Third, the cross-sectional nature of our data precludes causal inferences about the temporal 
relationships between variables. Fourth, while we included digital burnout as a contemporary stressor, other 
relevant digital-age variables (e.g., social media addiction, online social comparison) were not assessed. Fifth, 
the structure of the estimated networks is limited by the measures used11,14. While the ERQ captures two primary 
emotion regulation strategies, future research should incorporate additional measures addressing rumination, 
avoidance, and digital-specific emotion regulation behaviors that may be particularly relevant in technology-
mediated contexts. Finally, while network analysis offers novel insights, it is still an evolving methodology with 
ongoing debates about best practices and interpretation. The average network predictability of 39.5% indicates 
substantial unexplained variance, suggesting important unmeasured factors including genetic predispositions, 
neurobiological processes, and environmental influences not captured in our network. Future studies should 
incorporate these additional domains to enhance predictive power.

Future studies should incorporate longitudinal designs to examine how these network relationships evolve 
over time. Particularly important would be the investigation of how digital burnout and protective factors interact 
dynamically to influence depression risk. Integration of objective measures of digital behavior and physiological 
indicators would also strengthen future research. Additionally, examining how these network relationships might 
vary across different demographic groups and cultural contexts would be valuable23. From a clinical perspective, 
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our findings suggest several potential intervention targets. The central role of emotion suppression indicates 
that emotion regulation training might be particularly beneficial. The identification of digital burnout as a 
connecting variable suggests that digital wellness interventions could have cascading benefits for mental health. 
Finally, the protective factor community identified in our network suggests that interventions simultaneously 
targeting resilience, self-compassion, and mindfulness might be more effective than those focusing on single 
protective factors in isolation.

Conclusion
The present study provides novel insights into the complex network structure of depression in the digital age, 
identifying emotion suppression, digital burnout, and sleep quality as key nodes in the network. Our findings 
suggest that depression should be conceptualized as a dynamic, complex system of cognitive, emotional, 
and behavioral characteristics that interact with contemporary stressors in meaningful ways. The network 
approach allows us to analyze and understand depression from a new perspective, suggesting new forms of 
conceptualization, evaluation, intervention, and prevention. Several key conclusions emerge from our analysis. 
First, emotion suppression appears to be a crucial maintenance factor in depression, showing strong connections 
with both digital burnout and depressive symptoms. This suggests that interventions targeting emotion regulation 
strategies might be particularly effective. Second, digital burnout emerges as an important connecting variable, 
linked to various aspects of psychological functioning and potentially creating multiple pathways to depression. 
This highlights the need to consider digital wellness in contemporary mental health interventions. Third, the 
identification of a distinct protective factor community (including psychological resilience, self-compassion, and 
mindfulness) suggests potential synergistic effects in prevention and treatment. These findings have important 
implications for both clinical practice and public health policy. From a clinical perspective, interventions might 
be more effective if they simultaneously target emotion regulation, digital wellness, and protective factors. From 
a public health perspective, our results suggest the need for preventive programs that address digital burnout 
while promoting psychological resilience and adaptive emotion regulation strategies.

Data availability
The datasets used and/or analyzed during the current study available from the Corresponding Author on rea-
sonable request.
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