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Abstract
Background This study established a network structure between problematic smartphone use (PSU) and poor sleep 
quality (PSQ) to explore their symptomatic relationship in adolescents with depression.

Methods The data were obtained from the baseline data of the Chinese Adolescent Depression Cohort, which 
included depressed adolescents aged between 12 and 18 years. PSU and PSQ were assessed via the Mobile Phone 
Addiction Index (MPAI) and Pittsburgh Sleep Quality Index (PSQI). This study utilized network analysis to identify the 
core and bridge symptoms between PSU and PSQ.

Results The core symptom of the network was ‘Anxiety and craving’ in the PSU. The symptoms ‘Anxiety and craving’, 
‘Daytime dysfunction’ and ‘Sleep disturbances’ could function as bridges between PSU and PSQ. The symptom ‘Anxiety 
and craving’ played the most important role in the interaction between PSU and PSQ. It affects ‘Sleep disturbances’ 
that contribute to the harm of problematic smartphone use to sleep quality. The symptom ‘Daytime dysfunction’ of 
PSQ was the most severely affected by PSU.

Conclusions Interventions that target regulating negative emotion and reducing daytime tiredness would be more 
effective in managing problematic smartphone use and improving sleep quality.

Clinical trial number Not applicable.
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Background
Depression is one of the most prevalent psychological 
disorders. It is projected to be one of the leading causes 
of disease burden by 2030 [1]. Adolescents are particu-
larly vulnerable to depression [2], with more than 40% of 
depression patients experiencing onset during this stage 
of life [3]. In fact, research suggests that the prevalence 
of depressive symptoms among Chinese adolescents is 
approximately 20.3% [4].

Problematic smartphone use (PSU), also known in 
some studies as smartphone dependence, smartphone 
overuse, or smartphone addiction. PSU is character-
ized by the inability to control one’s mobile phone usage, 
resulting in adverse effects on an individual’s daily life 
[5]. It is a behavioral addiction with six characteristics: 
salience, tolerance, mood modification, relapse, conflict, 
and withdrawal symptoms [6, 7]. PSU has been consis-
tently linked to depression in adolescents [8]. A study 
revealed that depression was significantly greater among 
adolescents with smartphone addiction (77.2%) than 
among general adolescents (35.4%) [9]. Another study 
revealed that the prevalence of PSU in patients with 
major depressive disorder was 58.6%, which was higher 
than that reported in the general population. PSU has a 
detrimental effect on the psychological well-being of ado-
lescents, leading to stress, anxiety, depression and sleep 
disturbance [10, 11].

Poor sleep quality (PSQ) refers to unsatisfactory sleep 
in either the objective aspect (sleep duration, sleep 
latency, and number of arousals) or the subjective aspect 
(depth, restfulness and self-satisfaction with sleep) [12]. 
PSQ is characterized primarily by insomnia, inadequate 
sleep time, and daytime dysfunction [13]. It is recognized 
as a core secondary symptom of depression [14] and is 
the most prominent symptom in depressed adolescents; 
it is even more common than low mood [15, 16]. Approx-
imately 92% of adolescent patients with depression suffer 
from PSQ [15, 17].

PSQ is considered one of the major adverse conse-
quences of PSU. A study revealed that 68.7% of prob-
lematic smartphone users had PSQ [18]. Smartphones 
enable internet access anywhere at any time and pro-
vide opportunities to connect with others, making them 
popular among adolescents for communication or recre-
ation [19]. However, this leads to a delay in the onset of 
sleep and frequent interruption during sleep due to the 
use of smartphones [19]. Tavernier et al. [20] observed 
that once adolescents owned a smartphone, they would 
sleep less than recommended. Johansson et al. [21] also 
reported that using smartphones before bedtime was 
associated with premature awakening, restless sleep, and 
daytime sleepiness.

These findings have well documented the association 
between PSQ and PSU. However, most of these studies 

focused on the relationships between the total scores of 
the scales for PSQ and PSU. These approaches may over-
look nuances in the links between symptoms of these 
disorders [22]. It is also challenging for these studies to 
identify which symptom is the core symptom that causes 
them to be associated.

Network analysis offers a novel approach for conceptu-
alizing psychological constructs to better understand the 
co-occurrence of PSU and PSQ [22, 23]. In the network 
analysis model, mental disorders are regarded as complex 
networks of mutually reinforcing symptoms, providing 
a new framework to explain why certain disorders may 
occur more often than others by examining the relation-
ships among multiple symptoms [24–26]. Multi - item 
psychometric scales, such as the Pittsburgh Sleep Qual-
ity Index (PSQI), provide a comprehensive assessment 
of disease by capturing a wide range of information and 
include various sub-concepts related to disease. However, 
the drawback of these scales is that the importance of the 
sub-concepts is predefined and assumed to be equal to 
that related to disease [27]. Network analysis can identify 
core and bridge symptoms, meaning that it can deter-
mine which symptoms are more crucial in the pathogen-
esis and maintenance of diseases [28, 29]. This effectively 
elucidates the specific interaction between PSU and PSQ.

To the best of our knowledge, few studies have delved 
into the symptomatic mechanisms involved in the rela-
tionship between PSU and PSQ among depressed 
adolescents. To help us develop prioritized interven-
tion measures to prevent the development of PSU and 
PSQ. We established a network model of PSU-PSQ 
and explored the core symptoms and bridge symptoms 
to better understand the feedback loops among these 
symptoms.

Methods
Participants and procedure
The study recruited outpatients and inpatients from 14 
psychiatric hospitals or psychiatric departments of gen-
eral hospitals in nine provinces across China. The data 
was collected following the procedure of Wang et al. and 
some research has been accomplished based on the data-
set [30–34]. Participants were consecutively recruited 
from Dec. 2020 to Dec. 2022. Inclusion criteria were as 
follows: (a) age 12 to 18 years, (b) met DSM-V criteria for 
diagnosis of depressive episode or bipolar depressive epi-
sode, and (c) with six schooling years and above, to make 
sure that participants could accurately understand the 
questionnaire. Exclusion criteria were as follows: (a) the 
presence of any severe chronic physical disease, infec-
tious diseases, or immune system diseases, (b) having a 
history of traumatic brain injury, epilepsy, or other severe 
neurological or organic brain disease, (c) having a history 
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of severe mental disorders such as schizophrenia, or (d) 
having a history of mental retardation.

A total of 2343 patients completed the survey, but we 
excluded 143 questionnaires with missing information. 
Therefore, the final sample included 2200 depressed 
adolescents.

To ensure accurate data collection, face‒to‒face assess-
ments were employed in the survey. A trained investi-
gator was present during the completion of the online 
questionnaire to address any confusion or questions from 
the participants.

Questionnaire survey
Demographic profile
A self-administered questionnaire was used to collect 
participants’ sociodemographic data, including age, sex, 
nationality, if single-child family and left-behind children. 
We collected professional psychiatrists’ diagnoses of the 
disease characteristics in depressed adolescents, such as 
unipolar depression, bipolar depression or depressive 
episode.

Problematic smartphone use (PSU)
The PSU was evaluated via the Chinese version of the 
Mobile Phone Addiction Index (MPAI) [35]. The MPAI 
was adapted by Leung [36] to assess the PSU among Chi-
nese adolescents. This scale showed good validity among 
adolescents and adults [37–40]. The MPAI is a self-
reported scale with 17 items rated on a 5-point Likert 
scale ranging from 1 (not at all) to 5 (always). It includes 
4 subscales to describe 4 symptoms of smartphone addic-
tion: Losing control and receiving complaints (M1), 
Anxiety and craving (M2), Withdrawal/Escape (M3), and 
Productivity loss (M4). Higher score of subscale indicates 
more severe symptom. The Cronbach’s alpha of the scales 
was 0.887 in the study.

Poor sleep quality
The Pittsburgh Sleep Quality Index (PSQI) was used to 
assess sleep quality [12]. The PSQI is an extensively vali-
dated psychometric instrument developed by Buysse et 
al.in 1989 [12], serves as a comprehensive clinical tool for 
evaluating subjective sleep quality. It is a self-rated ques-
tionnaire that consists of 19 items, with higher scores 
indicating poorer sleep quality [41]. It contains 7sub-
scales: Subjective sleep quality (P1), Sleep latency (P2), 
Sleep duration (P3), Habitual sleep efficiency (P4), Sleep 
disturbances (P5), Use of sleeping medication (P6), and 
Daytime dysfunction (P7). Cronbach’s alpha of the scale 
was 0.724.

Depression symptoms
The Chinese version of the Patient Health Questionnaire 
(PHQ-9) was used to evaluate depression symptoms [42]. 

The PHQ-9 is used as a depression screening tool devel-
oped by Robert L. et al. in 1999 [43]. The Chinese ver-
sion of PHQ-9 has been widely used among the Chinese 
population and has good reliability and validity [42]. The 
PHQ-9 is a 9-item self-report instrument. Each item is 
rated on a 4-point Likert scale ranging from 0 (not at all) 
to 3 (nearly every day). The Cronbach’s alpha of the scale 
was 0.901.

Data analysis
IBM SPSS statistics 25.0 (SPSS Inc., Chicago, Illinois, 
UPSU) was used for preliminary analysis and description 
of the data. The mean (M) ± standard deviation (SD) was 
used to describe continuous variables because the data 
were approximately normally distributed.

Network analysis
Network analysis was performed via R software. The net-
work model was estimated and validated via the R pack-
age qgraph [44] and bootnet [45]. After controlling for 
all other symptoms, partial correlation analysis was per-
formed for each pair of symptoms to form a network. In 
the network model, symptoms are viewed as nodes, and 
the associations between nodes are viewed as edges (con-
ditional correlations between nodes).

The extended Bayesian information criterion func-
tion (EBICglasso) in the R package qgraph was used to 
generate a graphical least absolute shrinkage and selec-
tion operator (LASSO) model [46]. This method was 
employed to shrink trivially small partial correlations to 
zero, thereby eliminating potential spurious edges from 
the network. By doing so, the symptom network became 
sparser and easier to comprehend. The sparsity param-
eter in the qgraph package can be adjusted between 0 and 
1. We set the tuning parameter to 0.5 to achieve a balance 
between sparsity and sensitivity.

Centrality
Centrality refers to the importance of a node in the net-
work. In addition to generating the network, we also cal-
culate different indices to assess the centrality of nodes 
within the network. The indices included strength (or 
expected influence), closeness and betweenness. We 
found that the index of expected influence was the most 
suitable for our study. Previous studies have demon-
strated that closeness and betweenness are less reliable 
than the expected influence or strength when determin-
ing the importance of nodes [47, 48]. The expected influ-
ence was deemed more suitable than strength because of 
the presence of both positive and negative correlations in 
this network model [49]. As a result, the expected influ-
ence was utilized to quantify the significance of each 
node within the network.
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In addition to analyzing the centrality of nodes, our 
study also examined bridge centrality, which encom-
passes the expected influence of bridges, bridge close-
ness, and bridge betweenness. Bridge centrality assesses 
the importance of a symptom in connecting two disor-
ders. A higher bridge expected influence indicated a 
greater risk of contagion from one community to another. 
Symptoms that are linked to two disorders are referred to 
as bridge symptoms, and their removal could prevent one 
disorder from activating another. In reference to previous 
research, the top 30% of symptom nodes with the highest 
bridge expected influence were selected as bridge symp-
toms in this study [50]. To identify these bridge symp-
toms, we utilized the R package networktools to compute 
the expected influence of the bridge.

Stability
To evaluate the stability of our network model, we 
employed the R package bootnet. This method is based 
on 1000 bootstraps for each node and assesses the sta-
bility of centrality indices via correlation stability coeffi-
cients (CS-C). CS-C represents the maximum proportion 
of samples that could be deleted while maintaining a cor-
relation between the original centrality indices and the 
new network’s centrality indices above 0.7 with a 95% 
probability after deletion. A CS-C greater than 0.25 indi-
cates moderate stability, whereas an index greater than 
0.5 indicates strong stability [45].

Directed acyclic graph
The R package bnlearn was used to conduct Bayesian net-
work analysis on 11 symptoms and construct a directed 

acyclic graph (DAG) [51]. The Bayesian Mountain climb-
ing algorithm was used to find the best fitting model via 
the Bayesian information criterion. Five random restarts 
and 10 perturbations (add edge, remove edge, reverse 
edge direction) were set for each random restart. To 
ensure the stability of the DAG, bootstrapping was used 
to generate 1000 networks. According to the frequency 
of an edge in all the DAGs, 85% was taken as the thresh-
old to choose whether to keep the edge. When more than 
850 DAGs had edges, the edge was reserved. Then, the 
direction of the edge is determined. When the direction 
from node A to node B was present in more than 50% of 
the DAGs, the direction was reported in the final result.

Results
Baseline characteristics
Our study included a total of 2200 depressed adolescents, 
comprising 490 boys and 1710 girls. The demographic 
characteristics of these participants are summarized in 
Table 1. The mean age of the sample was 15.0 years, with 
the majority nationality being Han. Approximately 29.2% 
of the depressed adolescents were only children. Approx-
imately 19.7% of the participants were left-behind chil-
dren. The mean PHQ-9 score was 16.8. The mean MPAI 
score was 45.3, and the mean PSQI score was 10.8.

Table  2 shows the 11 symptoms associated with PSQ 
and PSU. The abbreviations P1 to P7 denote the 7 symp-
toms of PSQ, whereas M1 to M4 refer to the 4 symptoms 
of PSU. The average predictability of these symptoms 
was 0.812, indicating that 81.2% of the variance in symp-
tom presentation could be accounted for by neighboring 
symptoms.

Network structure
Figure  1 illustrates the estimated network between the 
PSU and PSQ. The network yielded 55 edges (11*(11–
1)/2), 40 of which had nonzero weights. Most of the edges 
with stronger weights were found within the communi-
ties. The edge connecting P3 - P4 (Sleep duration-Habit-
ual sleep efficiency, average edge weight = 0.49) had the 
strongest weight, followed by edges P1 - P2 (Subjective 
sleep quality-Sleep latency, average edge weight = 0.38), 
M1 - M2 (Losing control and receiving complaints - 
Anxiety and craving, average edge weight = 0.35), and M1 
- M4 (Losing control and receiving complaints - Produc-
tivity loss, average edge weight = 0.35). Interestingly, there 
was a particular edge between P3 - P6 (Sleep duration - 
Use of sleeping medication, average edge weight= -0.11) 
that exhibited a negative correlation, which differed from 
the other edges in the sleep quality community. Although 
the weights of the edges connecting the PSU and PSQ 
were weaker than those of the edges within communities, 
there were two significant bridges between them: M2 
- P5 (Anxiety and craving - Sleep disturbances, average 

Table 1 Demographic characteristics of the participants 
(N = 2200)
Variables N %
Sex
 Boy 490 22.3
 Girl 1710 77.7
Age (yrs) (M ± SD) 15.0 ± 1.7
Nationality
 Han 2013 91.5
 Minority 187 8.5
Diagnosis
 Unipolar Depression 1835 83.4
 Bipolar Depression 331 15.1
 Depressive episode 34 1.5
Single-child family 642 29.2
Left-behind children 434 19.7
PHQ-9(M ± SD) 16.8 ± 7.2
MPAI (M ± SD) 45.3 ± 13.5
PSQI (M ± SD) 10.8 ± 4.4
PHQ-9: Patient Health Questionnaire

MPAI: Mobile phone addiction index

PSQI: Pittsburgh Sleep Quality Index
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edge weight = 0.14) and M4 - P7 (Productivity loss - Day-
time dysfunction, average edge weight = 0.10).

Network centrality and bridge centrality
The centralities of nodes within the entire network are 
depicted in Fig.  2. The expected influence reflected the 
total level of involvement of symptoms in the network. 
M2 (Anxiety and craving) had the highest expected influ-
ence value, indicating that it was the core symptom in the 
11-symptom network. P1 (Subjective sleep quality), P2 
(Sleep latency), and P7 (Daytime dysfunction) also sig-
nificantly influenced the explanation of the network.

The bridge centralities of the nodes are depicted in 
Fig.  3. M2 (Anxiety and craving), P7 (Daytime dysfunc-
tion) and P5 (Sleep disturbances) had higher bridge 
expected influence values, indicating that they were 

bridge symptoms and had the potential to connect PSU 
and PSQ within the network.

Network stability
As demonstrated in Fig. 4, the values of expected influ-
ence, closeness, and betweenness exhibited excellent 
stability. The CS coefficient for both expected influence 
and closeness was 0.75, indicating that even if 75% of the 
participants were removed from the analysis, the order of 
symptoms in terms of expected influence and closeness 
would still correlate with the original order by 0.7. The 
CS coefficient for betweenness was 0.67.

Directed acyclic graph
A directed acyclic graph (DAG) provides another per-
spective on the relationships between nodes (Fig. 5). 
Table 3 showed the connection strength and direction 

Table 2 Description of symptoms measured with the PSU and PSQ
Abbreviations Item M SD Skewness Kurtosis Predictability
P1 Subjective sleep quality 1.68 0.82 -0.17 -0.49 0.749
P2 Sleep latency 1.86 1.04 -0.44 -1.00 0.779
P3 Sleep duration 1.35 1.22 0.15 -1.56 0.790
P4 Habitual sleep efficiency 0.82 1.11 1.01 -0.49 0.828
P5 Sleep disturbances 1.57 0.62 0.55 -0.51 0.863
P6 Use of sleeping medication 1.08 1.32 0.57 -1.50 0.954
P7 Daytime dysfunction 2.46 0.82 -1.39 0.98 0.853
M1 Losing control and receiving complaints 2.82 0.92 0.16 -0.54 0.726
M2 Anxiety and craving 2.40 1.05 0.51 -0.63 0.715
M3 Withdrawal/Escape 2.89 1.08 0.37 -0.74 0.916
M4 Productivity loss 2.44 1.06 0.55 -0.40 0.763

Fig. 1 Network structure of problematic smartphone use (PSU) and poor sleep quality (PSQ) in adolescents with depression. Note: Green edges indicate 
a positive association between two symptoms, whereas red edges indicate a negative association. A wider edge indicates a stronger association between 
two symptoms. The predictability of each symptom is illustrated by a circular pie chart
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Fig. 3 Bridge centrality for the network representing each symptom

 

Fig. 2 Network centrality for the network representing each symptom
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probability for each arrow. P1 (Subjective sleep qual-
ity) and M2 (Anxiety and craving) are at the top of the 
DAG, whereas P6 (Use of sleeping medication) is at the 
bottom. As the parent node of P2 (Sleep latency), P3 
(Sleep duration), P5 (Sleep disturbances), and P7 (Day-
time dysfunction), P1 could directly predict these four 
sleep symptoms and ultimately affect P6 through related 

symptom nodes. As the parent nodes of M1 (Losing con-
trol and receiving complaints), M3 (Withdrawal/Escape), 
and M4 (Productivity loss), M2 not only directly affects 
the symptoms of the PSU but also affects P7 through M4. 
P6 is at the bottom of the DAG and is affected by other 
symptoms of PSQ and PSU. All 20 edges of the DAG also 

Fig. 5 Directed acyclic graph of problematic smartphone use (PSU) and poor sleep quality (PSQ). Note: (A) Connection strength indicates the percent-
age of networks fitted in the bootstrap procedure in which connections appeared. The arrow is drawn proportionately such that thicker arrows indicate 
greater connection strength. (B) Direction probability indicates in what percentage of the fitted networks the connection went in that direction. The 
arrow thickness is drawn proportionately such that the thicker arrows indicate a higher direction probability

 

Fig. 4 Stability estimations of centrality
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appeared in the network structure, indicating that there 
was consistency in the selection of strong edges.

Discussion and conclusions
This study constructed a network structure to investigate 
the interactions between symptoms of PSU and PSQ. 
Through this analysis, we identified the core symptoms 
and bridge symptoms within the PSU-PSQ network. 
Additionally, we explored the maintenance factors of 
these two disorders by examining the symptoms with 
the strongest weights connected to the bridge symptoms 
in each community. The high average predictability of 
symptoms suggested that there was a large role for inter-
actions between symptoms rather than external factors in 
influencing the network and that interventions for symp-
toms could significantly improve PSU and PSQ through 
the network. The expected influence, closeness, and 
betweenness exhibited excellent stability, indicating that 
the study accurately evaluated the importance of symp-
toms in the network.

In the constructed network, the symptoms of PSU and 
PSQ cluster into two separate communities. The stron-
gest edge was identified between ‘Sleep duration’ and 
‘Habitual sleep efficiency’, which was within a community 
rather than between two communities. This result was 
consistent with previous research findings [52, 53]. The 
results revealed that different disorders were indepen-
dent of each other, while one symptom of the disorder 
was closely linked to other symptoms. An improvement 

in one symptom could lead to greater improvement in 
the overall disorder.

The core symptom in the network was identified as the 
symptom ‘Anxiety and craving’ of PSU, suggesting that 
this symptom had the greatest level of interaction with 
other symptoms and played a crucial role in maintaining 
the overall structure of the network. On the basis of these 
findings, it is possible to hypothesize that interventions 
targeting symptom ‘Anxiety and craving’ may be more 
effective in preventing other symptoms of PSU and PSQ. 
‘Anxiety and craving’ refers to the feeling of anxiety, loss, 
or preoccupation experienced by adolescents when they 
are unable to use their smartphone normally [35]. It is 
an unpleasant withdrawal experience. A previous study 
revealed that withdrawal experience was fundamental 
to the concept of internet gaming addiction being con-
sidered an addictive disorder [54]. Therefore, PSU may be 
primarily maintained by withdrawal symptoms [54, 55].

In addition, the symptom of ‘Anxiety and craving’ was 
identified as a bridge symptom in the network and exhib-
ited a strong correlation with PSQ symptoms. Among the 
PSQ community, the edge between the bridge symptoms 
of ‘Sleep disturbances’ and ‘Anxiety and craving’ had the 
highest weight. ‘Sleep disturbances’ encompass various 
physical discomforts that impact sleep quality, includ-
ing early awakening, breathing disturbances, coughing 
or snoring, chills or fever, nightmares, and pains [12]. It 
is known that emotions play a crucial role in sleep qual-
ity [56]. An integrated psychobiological model of nor-
mal sleep proposed good sleep as the natural state of the 
human organism. The core of the model was involuntary 
harmonious interaction between homeostat and timer, 
which was associated with the self-perception of good 
quality sleep. The model illustrated that good sleeper 
experiences little emotional fluctuation associated with 
sleep. Dysregulation would occur with intense (negative 
or positive) emotions, both of which are arousing [57]. 
The internalization of conflicts model illustrates those 
internalizing problems of negative emotions, such as 
depression and anxiety, can heighten emotional arousal, 
increase autonomic activity, provoke physiological hyper-
arousal and make it difficult for individuals to fall asleep 
[58, 59]. A previous study revealed that negative thoughts 
at bedtime were positively associated with a longer sleep 
onset period [60]. Similarly, as depression and anxiety 
lead to PSQ, negative emotions related to withdrawal 
experience could also contribute to PSQ. Additionally, 
unpleasant withdrawal experiences may worsen existing 
depression in adolescents and further deteriorate their 
sleep quality. Therefore, one of the important pathways in 
which PSU leads to PSQ involves the induction of nega-
tive emotions, which subsequently impair sleep-related 
physiological functions.

Table 3 Arrow thickness of the directed acyclic graph
Parent→Children Arrow thickness

Connection 
strength(A)

Direction 
probability(B)

P1→P2 -318.44 0.54
P1→P3 -241.71 0.50
P1→P5 -51.93 0.77
P1→P7 -60.99 0.62
P2→P5 -16.05 0.68
P2→P6 -8.37 0.80
P2→P7 -27.32 0.52
P3→P4 -332.83 0.58
P3→P7 -3.04 0.57
P4→P2 -65.48 0.53
P4→P6 -3.10 0.65
P5→P6 -6.57 0.74
P7→P5 -26.60 0.55
P7→P6 -2.85 0.74
M1→M3 -7.99 0.61
M1→M4 -163.02 0.52
M2→M1 -505.43 0.58
M2→M3 -74.88 0.78
M2→M4 -105.90 0.62
M4→P7 -44.60 0.54
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Bridge symptom ‘Daytime dysfunction’ had the stron-
gest bridge centricity in PSQ. These findings suggest that 
symptoms of PSU widely affect ‘Daytime dysfunction’. 
‘Daytime dysfunction’ refers to the severity of fatigue and 
low energy in the daytime [12]. In clinical settings, fatigue 
and sleep disturbances often overlap. Substantial daytime 
impairment is an essential feature of sleep disorders [61]. 
Therefore, the effect of PSU on PSQ may primarily mani-
fest as ‘Daytime dysfunction’. Previous studies also con-
firmed that PSU was associated with fatigue and physical 
dysfunction [62, 63]. Inappropriate postures during PSU 
can lead to various health issues, such as back pain, wrist 
pain, a stiff neck, digital eye strain, and loss of focus and 
attention [64].

‘Daytime dysfunction’ was strongly connected with the 
symptom of ‘Productivity loss’. ‘Productivity loss’ indi-
cated that excessive smartphone usage had caused prob-
lems in their lives and decreased productivity at work or 
study [35]. Fatigue is known to reduce productivity at 
work, and daytime deficits presumably have a more nega-
tive impact on quality of life than does the night-time 
frustration associated with sleep difficulties [65]. A study 
conducted in Japan revealed that daytime dysfunction 
had a more pronounced impact on work productivity 
than other symptoms of PSQ [66]. The effects of ‘Day-
time dysfunction’ and ‘Productivity loss’ on productivity 
illustrated the synergistic effect of PSU and PSQ on pro-
ductivity reduction. When two symptoms were present, 
there was a greater likelihood of experiencing a decline in 
productivity.

An intriguing finding emerged from the network struc-
ture. In the universal positive correlation network, the 
symptom of ‘Sleep duration’ was negatively correlated 
with the symptom of ‘Use of sleeping medication’, which 
contrasted with the results of another study conducted 
among general university students [52]. Nevertheless, 
a study in patients with sleep problems also revealed a 
negative correlation between these two symptoms, albeit 
with a relatively small coefficient [67]. It is well known 
that using sleeping medication increases sleep duration 
and improves sleep quality [68]. Thus, we assumed that 
this particular correlation might be observed only in 
patients who require sleeping medication.

Although the assumptions and preconditions of the 
DAG and network differ, they yield similar results in 
terms of the choice of strong edges and core symptoms 
of networks. From the perspective of probability and sta-
tistics, ‘Subjective sleep quality’ and ‘Anxiety and craving’ 
might be the active sources and first symptoms of PSQ 
and PSU. These factors have a potential causal relation-
ship with other symptoms. Compared with other symp-
toms, ‘Anxiety and craving’ and ‘Subjective sleep quality’ 
had higher expected influence values in the network. 
The consistency of the DAG and network support that 

‘Subjective sleep quality’ and ‘Anxiety and craving’ are the 
core symptoms of PSQ and PSU. Therefore, prioritizing 
interventions may have the most beneficial effect.

To the best of our knowledge, this is the first study 
to explore the symptom network between problem-
atic smartphone use and poor sleep quality among ado-
lescents with depression. However, several limitations 
should be considered. Firstly, although a well-trained 
investigator was involved in guiding the evaluation and 
reverse scoring was adopted in some items to avoid bias, 
there might still be influences caused by self-bias because 
of self-assessment questionnaires. Therefore, future 
research should consider alternative measurement meth-
ods, such as scales evaluated by others or interviews. 
Secondly, the ratio of girls to boys in the sample was 
unbalanced at 3.5:1, which significantly deviates from the 
gender balance in the general adolescents. This is likely 
because the rate of depression in females significantly 
exceeds and doubles that in males once they reach ado-
lescence [69]. Thirdly, this study was conducted among 
depressed adolescents and might not be generalizable to 
the general adolescents.

To summarize, the symptom of ‘Anxiety and craving’ 
was the most crucial factor in the interaction between 
PSU and PSQ. Specifically, this symptom affected ‘Sleep 
disturbances’, which contributed to the harm of problem-
atic smartphone use to sleep quality. Additionally, ‘Day-
time dysfunction’ was the most severe symptom affected 
by PSU and served as a conduit for further impacting 
other sleep symptoms. Consequently, interventions 
aimed at regulating negative emotion and alleviating day-
time tiredness are likely to be more effective in managing 
problematic smartphone use and improving sleep quality 
among depressed adolescents.
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