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ABSTRACT: Depression is a heterogeneous disease, with individual symptoms uniquely associated with negative cognitive pro-
cessing bias and self-control. However, studies on the relationships among them from a fine-grained level are lacking. The present 
study employed network analysis to explore the specific connections among the three constructs based on the dual-process model. 
Recruiting 1168 Chinese university students, the study estimated a regularized partial correlation network. Depression, negative 
cognitive processing bias, and self-control were assessed with the nine-item Patient Health Questionnaire (PHQ-9), the Negative 
Cognitive Processing Bias Questionnaire (NCPBQ), and the Brief Self-Control Scale (BSCS), respectively. Depression nodes fa-
tigue, sad mood, and guilt were the most central symptoms. Negative memory bias, negative attention bias, and guilt were the bridge 
nodes. Network revealed distinct relations between different negative cognitive processing bias dimensions and depression symp-
toms, self-control and depression symptoms, and direct antagonistic effects between negative cognitive processing bias and self-
control. The current study showed specific pathways between the three communities, and highlighted the role of dual-process model 
variables in depression development. Focusing on the identified critical depression nodes and related pathways could be effective 
for depression prevention and intervention. 
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1. Introduction 

Depression is one of the most common mental disorders. According to estimates from the Institute for Health 
Metrics and Evaluation, approximately 280 million people worldwide suffer from depression [1]. Empirical evidence 
emphasizes that the depression prevalence among university students is gradually increased [2], and the detection rate 
of depression among college students is 24.17%, which is much higher than the 10.6% depression detection rate of the 
general population [3]. Continuous academic pressure, changes in living environment and lifestyle, and economic or 
employment stress make university students more vulnerable to depression [4]. Depression is significantly negatively 
related to academic performance [5], and students with moderate levels of depressive symptoms demonstrated lower 
academic performance than normal students [6]. Besides, depression could lead to decreased physical health, difficulties 
in social functioning [7,8], and ultimately increased suicide risk [9]. Therefore, unraveling the underlying mechanisms 
of depression among university students could provide evidence for the prevention and intervention of depression. 

Over the past two decades, the dual-process model has been applied extensively in the study of various mental 
disorders, including depression [10–12]. This model suggests that behavior is controlled by two systems: a reflexive 
system and a reflective system, which function and compete with each other. The reflexive system engages in bottom-
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up, automatic activation through associative processes, requiring minimal cognitive resources. In contrast, the reflective 
system involves top-down, conscious decision-making processes based on goals and potential consequences, 
necessitating cognitive resource allocation [13,14]. Beevers [15] utilized the dual-process model to explain depression, 
suggesting that individuals with negative associative processes exhibit a negative bias toward self-relevant information, 
leading to susceptibility to depression. When cognitive resources are sufficient, the reflective system could rectify these 
associative processes. However, if negative cognitive processing bias is not fully corrected, it will lead to irritability, 
cognitive resource depletion, reinforcement of associative processing, and creating a vicious cycle that ultimately 
contributes to depression [15]. Negative cognitive processing bias describes the inclination of individuals to choose, 
memorize, and interpret information negatively during the information processing phase [16–18]. The reflective process 
is linked to self-control [19]. Insufficient self-control may result in emotion dysregulation, persistent negative mood, 
and subsequently depression [20]. Therefore, grounded in the dual-process model, this study takes negative cognitive 
processing bias and self-control as reflexive and reflective system variables to investigate their synergistic antagonistic 
mechanisms on depression. 

Negative cognitive processing bias is closely related to depression. Negative cognitive processing bias indicates 
the involuntary inclination to prioritize attention, memory, and interpretation of negative information [20,21]. Previous 
research has shown that individuals at risk for depression or depressed patients both exhibit negative cognitive 
processing bias [22], and this bias is a pivotal predisposing factor for depression development, maintenance, and 
recurrence [23–25]. However, the significance of distinct dimensions of negative cognitive processing bias for 
depression could be different. Notably, the most relevant aspect of depression is memory bias [26], and depressed 
individuals exhibit a bias in memory that aligns with their mood [21]. According to Marchetti’s study, negative memory 
bias is strongly related to various depression symptoms, including sad mood, feelings of worthlessness, and pessimism 
[27]. Relatively consistent conclusions have also been yielded in studies examining the connection between 
interpretation bias and depression. Negative interpretation bias has been identified in both adult and adolescent 
depression samples [28]. Additionally, those individuals with severe depression interpret ambiguous emotional 
information more negatively compared with mild and moderate individuals [29]. Nevertheless, concerning negative 
attention bias, its association with depression remains controversial. Some studies have suggested a lack of significant 
correlation between negative attention bias and depression symptoms [30,31]. However, a 6-week longitudinal study 
has identified negative attention bias as the most reliable predictor of changes in depression symptoms [32].  

Self-control refers to the capacity to restrain undesirable thoughts or behaviors in pursuit of long-term 
achievements [33], serves as an effective protective factor against depression [34]. Individuals with high self-control 
are more likely to build more harmonious interpersonal relationships to reduce depression risk [33,35–37]. Moreover, 
enhancing the ability of self-control among university students experiencing major depressive disorder has been 
identified helpful to mitigate the severity of depression symptoms [38]. Conversely, lack of self-control weakens the 
capacity to regulate emotions and behaviors [39]. Chronic control failure increases restlessness and anxiety, elevating 
the risk of depression [40]. In addition, anhedonia makes depressed individuals lack motivation to pursue goals, and 
low self-control will amplify this problem, hindering action-taking [13].  

Negative cognitive processing bias and self-control have a mutually inhibitory relationship. On one hand, self-
control could suppress the maladaptive pattern of negative cognitive processing bias. By regulating thoughts and 
emotions, self-control enables individuals to better adapt to their environment [33]. On the other hand, negative 
cognitive processing bias tends to diminish self-control capability. It may lead individuals to rumination, depleting the 
psychological resources necessary for problem-solving [41], thereby weakening self-control. Additionally, negative 
cognitive processing bias can elevate negative emotions and deepen individual dysregulated responses, ultimately 
reducing self-control [42,43].  

However, concerning depression, there are few studies investigating the relationship between negative cognitive 
processing bias, self-control, and depression based on the dual-process model. In addition, previous studies primarily 
concentrated on the overall level of depression, neglecting exploration at the symptom level. Empirical studies have 
indicated that as a heterogeneous disorder, depression consists of core and peripheral symptoms [44], with specific 
individual symptom differing in underlying biological mechanisms, predisposing factors, and damaging effects. 
Specific life events predict the occurrence of distinct depression symptoms and there may be potential direct causal 
relationships between these symptoms [45]. Assessing the severity of depression using a total score might obscure the 
associations between symptoms, impeding the exploration of the interplay of different symptoms and their respective 
associated risk and protective factors. Therefore, a focused inquiry into the relationships between diverse dimensions 
of negative cognitive processing bias, self-control, and specific depression symptoms, employing the dimension-
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symptom paradigm rooted in the dual-process model, is important to get a more accurate comprehension of the 
mechanism of depression. 

Consequently, the network analysis method was adopted in order to address these gaps. Network analysis theory 
interprets mental disorders as results of interactions among symptoms [46,47] to identify possible transmissibility and 
potential causality between symptoms [48]. The network comprises symptoms of disorders or factors influencing 
symptoms (nodes) and the edges connecting them. It visualizes relationships between symptoms and influencing factors, 
aiding researchers in identifying which symptom is most closely associated with each influencing factor [49]. 
Furthermore, network analysis provides new indicators to identify central nodes that have the greatest impact on the 
entire network, as well as bridge nodes that facilitate transmission between communities. These nodes are identified as 
potential targets for more effective disease prevention and intervention [50]. Thus, the present study employed network 
analysis to explore the relationships between negative cognitive processing bias, self-control, and depression at a fine-
grained level. By estimating node expected influences, bridge expected influences, and the network structure, our aim 
was to examine: (1) which symptom or influencing factor dimension plays an important role in maintaining the entire 
network and the co-occurrence of these constructs; (2) how the unique connection pathways link different negative 
cognitive processing biases to depression symptoms, as well as dimensions of self-control to depression symptoms; (3) 
how negative cognitive processing bias and self-control interact with each other in the manifestation of depression. 
Based on previous research that increased interpretation of negative information, difficulties in distracting from mood-
congruent negative materials, and cognitive control deficits in processing negative information are characters of 
depression [20], we hypothesized that negative cognitive processing biases and self-control are primarily associated 
with emotional and cognitive symptoms of depression. According to the antagonistic relationship between the reflexive 
system and the reflective system of the dual-process model, we hypothesized that negative cognitive processing bias 
and self-control counteract each other in the manifestation of depression. There were no specific hypotheses about 
central and bridge symptoms formulated on account of the novelty of the network constructed by the three variables. 

2. Methods 

2.1. Participants 

This cross-sectional study was conducted through an online survey from September 2022 to October 2022. A 
convenience sampling method was adopted to recruit participants from a university in Tianjin, China. A total of 1211 
students participated in the study, and 43 were excluded for answering the questionnaire incompletely (the effective 
rate is 96.4%). Thus, data from 1168 participants (M = 17.98 years, SD = 0.72 years, age range: 16–30 years) was 
analyzed, with females comprising the majority (61.04%). Prior to participation, informed consent was obtained from 
all individuals, and the study received approval from the Ethics Committee of Tianjin Medical University (study number: 
TMuhMEC2022019). 

2.2. Measures 

Depression symptoms were evaluated using the Chinese version of the nine-item Patient Health Questionnaire 
(PHQ-9) [51,52]. Participants were asked to recall the past two weeks when answering the questionnaire. The scale 
comprises 9 items, and each is rated from 0 (not at all) to 3 (nearly every day). The total score ranges from 0 to 27, and 
higher scores reflect greater severity of depression symptoms. Total scores of 5, 10, 15, and 20 represent mild, moderate, 
moderately severe, and severe depression, respectively. The Chinese version of the PHQ-9 has demonstrated good 
reliability and validity, with a Cronbach’s alpha coefficient of 0.84 in the present sample. 

The negative Cognitive Processing Bias Questionnaire (NCPBQ) was administered to assess the negative bias 
when processing information. This study focused on three subscales of the NCPBQ: negative attention bias, negative 
memory bias, and negative interpretation bias [53,54]. Each subscale consists of 5 items, with responses rated on a 4-
point Likert scale ranging from 1 (complete nonconformity) to 4 (complete conformity). A higher score indicates a 
stronger negative cognitive processing bias. The present study demonstrated preferable internal consistency, with 
Cronbach’s α values of 0.86, 0.88, and 0.83 for negative attention bias, negative memory bias, and negative 
interpretation bias, respectively.  

The Chinese version of the Brief Self-Control Scale (BSCS) was applied to measure the capability of self-control 
[33,55]. The scale comprises 7 items, rated on a 5-point Likert scale ranging from 1 (complete nonconformity) to 5 
(complete conformity). The BSCS consists of two subscales: self-discipline (items 1, 3, and 5) and impulse control 
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(items 2, 4, 6, and 7), with the latter being reverse-scored. The total score ranges from 7 to 35, with higher scores 
indicating greater self-control ability. The Cronbach’s α values of the two subscales were 0.73 and 0.76, respectively. 

2.3. Statistical Analysis 

2.3.1. Network Estimation 

All data analyses were conducted using R (version 4.2.0) [56], and R packages qgraph (version 1.9.2), bootnet 
(version 1.5), and networktools (version 1.5.0) were applied. The network model utilizes a node and edge representation, 
with nodes indicating variables, and edges indicating their associations. Grey edges represent positive associations, 
while red edges represent negative associations. The thickness of an edge reflects the strength of the association between 
two variables. To achieve a sparser and more interpretable network, the least absolute shrinkage and selection operator 
(LASSO) [57] and extended Bayesian information criteria (EBIC) [58] were applied, with tuning parameters setting 
0.5. Given the skewed distribution of depression scores, the Spearman Correlation was used to calculate correlation 
coefficients. The R packages qgraph (version 1.9.2) [59] and bootnet (version 1.5) [60] were utilized to estimate and 
visualize the network model. 

2.3.2. Estimation of Network Centrality, Accuracy, and Stability 

To determine which symptom played a significant role in the network structure, the R package qgraph (version 
1.9.2) [59] was employed to calculate the expected influence (EI) of nodes. EI evaluates a node’s impact on others [50], 
and nodes with high EI values are regarded as central symptoms of the network. Additionally, bridge expected influence 
(BEI) was computed via the R package networktools (version 1.5.0). Nodes with higher BEI values are considered to 
have a stronger connection with nodes of other communities. If BEI ranks in the top 20 percent, the node is identified 
as the bridge symptom [61]. 

To evaluate the reliability of the network, we utilized the R package bootnet (version 1.5) [60]. In order to calculate 
the accuracy of edge weights, the non-parametric method was adopted to compute 95% confidence intervals (CIs). A 
narrow range of 95% CIs indicates that the network is reliable. Additionally, 1000 bootstrap tests were performed to 
examine differences between edge weights and nodes’ EI [60]. 

To evaluate the stability of centrality indexes, we employed a case-dropping bootstrap procedure to compute 
correlation stability (CS) coefficients. If most samples can be removed without significantly differing in centrality indices 
with the primary dataset, the network is considered stable. CS-coefficient values reflect the maximum proportion of 
samples that can be excluded. Ideally, the CS-coefficient values should be above 0.25, and preferably exceed 0.50 [60]. 

3. Results 

3.1. Study Sample 

A cohort of 1211 undergraduate students were invited to participate in this study, and 1168 participants completed 
the assessments. Among all participants, 23.03% showed mild depressive symptoms, 4.11% moderate, 0.94% 
moderately severe, and 0.34% severe depressive symptoms. The range, mean, and standard deviation scores are shown 
in Table 1. 

Table 1. Sample descriptive statistics. 

Variables 
Whole Sample (n = 1168) 

Range M SD 
Age 16–30 17.98 0.72 
PHQ 0–21 3.17 3.53 

NCPBQ 15–60 32.49 9.34 
BSCS 7–35 21.51 4.50 

Note: PHQ, nine-item Patient Health Questionnaire; NCPBQ, Negative Cognitive Processing Bias Questionnaire; BSCS, Brief 
Self-Control Scale; M, mean; SD, standard deviation. 
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3.2. Network Structure 

Figure 1 displays the network of negative cognitive processing bias, self-control, and depression. Regarding basic 
characteristics of the network, 65 of 91 possible edges (71.4%) were not zero, suggesting substantial interconnectivity 
among variables. Additionally, associations within communities were generally stronger than those between 
communities. Within the network, the five strongest positive relations were observed in respective communities, with 
three edges in the negative cognitive processing bias community, and two in the depression community. 

The right panel of Figure 1 and Table 2 display the expected influences of all network nodes. The PHQ4 (“Fatigue”) 
had the highest EI value, followed by PHQ2 (“Sad mood”) and PHQ6 (“Guilt”), suggesting that these nodes had the 
most significant influence within the network model. In contrast, BSCS1 (“Self-discipline”) and BSCS2 (“Impulse 
control”) had negative EI values, indicating that these nodes played a role in alleviating the severity of symptoms. With 
regard to bridge symptoms, NCPBQ2 (“Negative memory bias”), NCPBQ1 (“Negative attention bias”), and PHQ6 
(“Guilt”) had the highest BEI values (Figure 2, Table 2). 

Within the network, NCPBQ2 (“Negative memory bias”) had the strongest positive correlation with NCPBQ3 
(“Negative interpretation bias”), followed by the relations between NCPBQ1 (“Negative attention bias”) and NCPBQ2 
(“Negative memory bias”), NCPBQ1 (“Negative attention bias”) and NCPBQ3 (“Negative interpretation bias”), PHQ1 
(“Anhedonia”) and PHQ4 (“Fatigue”), as well as PHQ8 (“Motor problems”) and PHQ9 (“Suicide ideation”). Between 
different communities, the node PHQ6 (“Guilt”) had the most positive direct connection with NCPBQ2 (“Negative 
memory bias”), followed by the correlation between PHQ2 (“Sad mood”) and NCPBQ3 (“Negative interpretation bias”). 
The most negative edge was observed between NCPBQ3 (“Negative interpretation bias”) and BSCS2 (“Impulse control”), 
followed by the association between PHQ7 (“Concentration”) and BSCS1 (“Self-discipline”). In general, the NCPBQ 
dimensions were positively associated with the PHQ items, while the BSCS dimensions were negatively associated with 
the PHQ items and the NCPBQ dimensions. The edge weights matrix is shown in Supplementary Table S1. 

 

Figure 1. Estimated network model for negative cognitive processing bias, self−control, and depression. Note: The PHQ items 
(nine−item Patient Health Questionnaire), the NCPBQ dimensions (Negative Cognitive Processing Bias Questionnaire), and the 
BSCS dimensions (Brief Self−Control Scale) are represented by orange, blue, and green nodes, respectively. Grey lines indicate 
positive correlations, while red lines indicate negative correlations, with the edge thickness indicating the strength of the association. 
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Table 2. Descriptive statistics of measurement variables. 

Variable Abbreviation Variable Content M (SD) Expected Influence a Bridge Expected Influence (1-Step) a 

PHQ1 Anhedonia 0.54 (0.70) 0.794 −0.067 
PHQ2 Sad mood 0.40 (0.59) 0.933 0.102 
PHQ3 Sleep problems 0.39 (0.65) 0.713 0.071 
PHQ4 Fatigue 0.52 (0.66) 0.964 0.054 
PHQ5 Appetite 0.36 (0.62) 0.805 0.010 
PHQ6 Guilt 0.32 (0.59) 0.901 0.105 
PHQ7 Concentration 0.39 (0.65) 0.571 −0.121 
PHQ8 Motor problems 0.15 (0.42) 0.745 0.012 
PHQ9 Suicide ideation 0.10 (0.35) 0.608 0.030 

NCPBQ1 Negative attention bias 10.11 (3.45) 0.720 0.117 
NCPBQ2 Negative memory bias 12.32 (3.92) 0.856 0.133 
NCPBQ3 Negative interpretation bias 10.06 (3.27) 0.735 0.013 
BSCS1 Self-discipline 9.27 (2.40) −0.044 −0.211 
BSCS2 Impulse control 12.24 (3.28) −0.208 −0.375 

Note: PHQ, nine-item Patient Health Questionnaire; NCPBQ, Negative Cognitive Processing Bias Questionnaire; BSCS, Brief Self-Control Scale; 

M, mean; SD, standard deviation; a, the values are raw data. 

 

Figure 2. An estimated network model for negative cognitive processing bias, self-control, and depression shows bridge nodes. 
Note: Grey lines indicate positive correlations, while red lines indicate negative correlations, with the edge thickness indicating the 
strength of the association. 

3.3. Network Stability and Accuracy 

As depicted in Figure 3, the EI and BEI values exhibited exceptional stability (CS-coefficient = 0.75), indicating 
that up to 75% of samples could be excluded without significantly affecting the network structure. The narrow 
bootstrapped 95% CIs of edge weights indicate the estimation of the network is accurate (Supplementary Figure S1 
Panel A). The bootstrapped difference test for EI values and edges were represented in Supplementary Figure S1 Panel 
B and C. 
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Figure 3. Centrality stability assessment by the case−dropping bootstrap method. Note: The x−axis indicates the percentage of 
cases sampled from the original dataset to constitute the subset dataset, while the y−axis represents the average correlations of 
centrality indices between the original network and the re−estimated networks after sampling the specified percentage of cases. 

4. Discussion 

This is the first study to investigate the relationships between negative cognitive processing bias, self-control, and 
depression based on the network analysis. By this approach, we constructed a complex network comprising different 
negative cognitive processing biases, self-control dimensions, and depression symptoms. Within the network, central 
nodes and bridge nodes that played crucial roles were identified. Additionally, distinct connections of different negative 
cognitive processing biases and dimensions of self-control to depression symptoms were revealed, indicating these 
variables are associated with depression development through specific edges. From the dual-process model, this study 
enhances our understanding of the psychopathological mechanism of depression at the symptom level. It also provides 
reference points and effective targets for the prevention and intervention of depression.  

Fatigue, sad mood, and guilt of depression are central nodes within the network. This aligns with research 
suggesting that depression manifests across physical, emotional, and cognitive domains [62]. Fatigue emerges as the 
second most frequent symptom among the nine criteria for depression in the DSM-IV classification [63]. The 
somatization of distress may explain the high centrality of fatigue. In non-Western cultures, particularly in China, 
somatization symptoms of depression are more prevalent compared with Western countries [64]. Some individuals with 
depression solely exhibit somatic symptoms, often being the primary reason for their initial hospital visits [65]. Sad 
mood held significant weight within the network. It is one of the two necessary symptoms of depression diagnosis in 
DSM-V and ICD-11, and the hallmark symptom of depression [66,67]. Furthermore, guilt is one of the few repeatable 
factors that predict the occurrence and maintenance of depression [68]. Research has indicated that 85% of depressed 
individuals report symptoms of guilt, worthlessness, and feelings of inadequacy [69]. Guilt is associated with an 
attributional style of excessive self-blame, which often leads to emotions such as despair, helplessness, frustration, and 
depression [70].  

In the network, negative memory bias, negative attention bias, and guilt emerged as bridge nodes. Negative 
memory bias and attention bias are considered as critical factors in the onset and persistence of depression [32,71]. 
Memory bias demonstrates a moderate association with depression symptoms, independent of research paradigms or 
measurement tools [22]. Specifically, this bias is significantly linked to cognitive-affective symptoms, including sad 
mood, worthlessness, suicidal ideation, and loneliness, which are considered core symptoms of depression, posing a 
more detrimental effect on overall depression development [72]. Negative attention bias directs individuals’ attention 
toward negative information and hampers their ability to distract, which is relevant to the sustained sad mood in 
depressed individuals [73]. Additionally, negative attention bias is found to be associated with rumination, which is a 
cognitive vulnerability factor of depression [74]. Moreover, guilt served as a bridge node within the network. Guilt, 
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concerning cognitive and attitudinal changes, represents another critical symptom of depression besides mood 
alterations [64]. As a cognitive symptom, guilt is closely connected to the pathways of negative cognitive processing 
bias and self-control [75].  

Negative cognitive processing bias serves as a risk factor for depression, and all three dimensions are positively 
correlated with depression symptoms. Among these, negative memory bias exhibited the strongest positive association 
with guilt in depression across different communities. Negative memory bias reduces the difficulty of encoding and 
retrieving negative information [76], particularly when it aligns with negative self-referential schemas of individuals 
[77]. This tendency might add to self-blame, worthlessness, and a sense of failure, increasing guilt. A strong positive 
correlation was observed between negative interpretation bias and sad mood in depression. Negative interpretation bias 
inclines individuals to attribute negative events to internal, stable, and universal factors, leading to lower self-
evaluations, and producing more negative emotions [78]. Furthermore, this bias predisposes individuals to interpret 
ambiguous information negatively [16]. Correction of negative interpretations also decreases when confronted with 
ambiguous positive information [79]. Such biased and inflexible interpretations elicit sad emotional responses and 
difficulties in emotion regulation, thereby increasing the risk of depression [80].  

Self-control functions as a facilitating factor for depression prevention and intervention. Within the network, a 
strong negative correlation was found between self-discipline in self-control and the lack of concentration in depression. 
University students with higher levels of self-discipline tend to focus more on their studies and maintain a regular life 
routine [81]. Consequently, they may experience a stronger sense of control, higher life satisfaction, and lower 
depression. In contrast, lower self-discipline is relevant to lower cognitive control, which is important for emotion 
regulation [82]. Facing external negative information, individuals with lower self-discipline may be more susceptible 
due to difficulties in regulating emotion, leading to increased worry and sadness, exacerbating internalization issues 
[83]. Additionally, individuals with lower self-discipline may adopt unhealthy lifestyles and often lack sufficient energy 
to achieve their goals [84].  

Negative cognitive processing bias and self-control antagonize each other. On one hand, negative cognitive 
processing bias undermines self-control, further exacerbating depression. The most substantial negative correlation was 
observed between negative interpretation bias and impulse control, indicating that an excessive negative interpretation 
bias could cause a reduction in impulse control ability [85]. Negative interpretation bias is linked to higher levels of 
rumination [86], and this detrimental cognitive style could produce lots of negative emotions. Dealing with negative 
emotions consumes limited cognitive resources, diminishing an individual’s impulse control [87], prompting the use of 
maladaptive methods to handle emotional problems, and raising the likelihood of depression [88]. For another, self-
control could alleviate depression by reducing negative cognitive processing bias. According to Gross’s emotion 
regulation process model [89], individuals exhibiting high self-control are more goal-oriented and could reduce 
rumination generated by negative interpretation bias through strategies like diverting attention from negative stimuli 
and cognitive reappraisal, thus minimizing sad emotions [86,90]. Additionally, higher self-control results in better 
inhibition and initiation abilities [88], and assists individuals in achieving beneficial outcomes by avoiding undesirable 
behaviors and engaging in desired actions [91].  

This study examined the intricate network relationships among dimensions of negative cognitive processing bias, 
dimensions of self-control, and depressive symptoms. It revealed the specific links between the bottom-up negative 
cognitive processing bias to depressive symptoms and the top-down self-control to depressive symptoms, and 
highlighted the adversarial relationship between the dual-process model variables in the manifestation of depression. 
Our research offered new possible psychopathological pathways linking negative cognitive processing bias, self-control 
to depression. Additionally, this study provided suggestions for clinical depression identification, prevention, and 
intervention. Network analysis suggests that central nodes and bridge nodes may represent crucial targets, as 
intervention on these nodes can effectively reduce the severity of the entire network and prevent the co-occur of other 
disorders [47,61]. Our findings emphasized the significance of fatigue, sad mood, and guilt within the network, and 
highlighted the role of transmission of negative memory bias and negative attention bias. Employing these crucial 
symptoms as primary screening indicators may facilitate the timely detection of individuals at risk of depression. 
Furthermore, targeting these key nodes and connecting pathways may be more effective in depression prevention and 
intervention. Cognitive-behavioral therapy (CBT) is rapid in improving sad mood and guilt among various depression 
symptoms [92], and it is one of the most effective treatments for depression. Besides, based on the confrontation of 
dual-process model variables, applying combined cognitive bias modification and cognitive control training 
simultaneously to reduce negative cognitive processing bias and improve self-control may be promising in relieving 
depressive symptoms [93,94].  
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Although this study explored the fine-grained relationships between negative cognitive processing bias, self-
control, and depression from a dual-process perspective, offering critical information, the following limitations should 
be acknowledged. First, the study sample comprised university students, only part of them have mild or more severe 
depressive symptoms (28.4% of participants scored more than 5 points on the PHQ-9 questionnaire). Although as one 
of the most vulnerable groups of depression, studying the underlying relationships between depression and influencing 
factors is significant, caution is necessary in extending these findings to other age groups or clinically diagnosed 
depressed patients. Second, the cross-sectional design limits the ability to confirm causal relationships between 
variables. In the future, longitudinal analysis and experimental methods are warranted to validate the model constructed 
and assess the effect of interventions targeting central symptoms and bridge symptoms for depression. Third, we used 
a self-report method to collect data, which may result in participants’ responses being influenced by social desirability 
effects and subjective biases, contributing to the lower reliability of the study. A more objective method to measure 
data should be considered for future studies. Fourth, in the present study, the network is specific to the scales we applied. 
There are other scales that can be used to measure depression, negative cognitive processing bias, and self-control, and 
the dimensions of these scales may also be different. This suggests that the network structure of the study may only 
partially indicate the relationships between the three variables. Although the scales we selected have good reliability 
and validity, the NCPBQ is a relatively new questionnaire, which may partially limit the comparability of the results. 

5. Conclusions 

The present study revealed specific pathways linking negative cognitive processing bias and self-control to 
depression at a fine-grained level, highlighted the antagonistic effect of the dual-process model variables in depression, 
and identified crucial nodes for depression development. These findings offered probably psychopathology of 
depression and provided evidence for identification, prevention and intervention of depression. For university teachers, 
paying attention to indicators such as fatigue, sad mood, guilt, negative attention bias, and negative memory bias is 
conducive to the early depression identification of students and the conduction of subsequent mental work. For patients, 
actively focusing on and adjusting negative emotions and cognitive styles promptly can help reduce the risk of 
depression and aid in its prevention. For clinicians, it is recommended to target crucial nodes and intervene from the 
dual-process perspective to achieve optimal results. 
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