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Abstract: Background: The COVID-19 pandemic and the shift to online learning have increased the
risk of Internet addiction (IA) among adolescents, especially those who are depressed. This study aims
to identify the core symptoms of IA among depressed adolescents using a cross-lagged panel network
framework, offering a fresh perspective on understanding the interconnectedness of IA symptoms.
Methods: Participants completed the Internet addiction test and the Patient Health Questionnaire-9.
A total of 2415 students were initially included, and after matching, only 342 students (a cutoff score
of 8) were retained for the final data analysis. A cross-lagged panel network analysis was conducted
to examine the autoregressive and cross-lagged trajectories of IA symptoms over time. Results: The
incidence rate of depression rose remarkably from 14.16% (N = 342) to 17.64% (N = 426) after the four-
month online learning. The symptom of “Anticipation” exhibited the highest out-expected influence
within the IA network, followed by “Stay online longer” and “Job performance or productivity
suffer”. Regarding the symptom network of depression, “Job performance or productivity suffer”
had the highest in-expected influence, followed by “Life boring and empty”, “Snap or act annoyed
if bothered”, “Check email/SNS before doing things”, and “School grades suffer”. No significant
differences were found in global network strength and network structure between waves 1 and
2. Conclusion: These findings prove the negative effects of online learning on secondary students’
mental health and have important implications for developing more effective interventions and
policies to mitigate IA levels among depressed adolescents undergoing online learning.

Keywords: online learning; internet addiction; depression; secondary school students; network
analysis

1. Introduction

Internet addiction (IA) is defined as a psychological dependence on the Internet,
regardless of the type of activity once logged on [1]. Specifically, it refers to the inability to
control one’s Internet usage, leading to negative influences in various areas of life, such as
psychological, social, academic, and work-related difficulties [2]. The widespread use of
the Internet is generally seen as a positive development due to its ability to provide remote
access to vast amounts of information and facilitate connections with others. However, it is
important to note that excessive Internet usage, especially spending unreasonable amounts
of time spent on social networking [3], video games [4], or other non-learning activities, can
contribute to the development of IA [5]. This is a matter of great concern, particularly among
adolescents [6]. During puberty, adolescents undergo rapid development in cognitive
ability, emotion regulation ability, and self-perception [7], rendering them particularly
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vulnerable to IA [8]. Notably, IA can bring much impairment to adolescents’ development,
including damaging adolescents’ life quality [9], increasing interpersonal conflicts [10], and
leading to poorer academic achievements [11].

A meta-analysis has demonstrated a continual increase in the prevalence rate of IA in
the new generations [12], with the trend exacerbating during the pandemic [13]. Notably,
the prevalence rate of IA among Chinese adolescents reaches 13.4% [14]. Additionally,
another study investigating adolescents’ internet use behavior reveals that only half of the
adolescents maintained proper Internet use during the pandemic, and 26.64% were addicted
during this period, while 5.28% developed IA [15]. The COVID-19 pandemic necessitated
quarantine policies to curb the rapid spread of the virus, leading to a significant shift to
online courses for a substantial number of adolescents. The reduced parental supervision
in this context allowed most adolescents to access the Internet freely, increasing their risk
of experiencing IA. Consequently, adolescents face an elevated susceptibility to IA due to
the circumstances imposed by the pandemic.

Previous studies have established the association between IA and several mental
health problems among adolescents, such as sleep disturbance [16], social anxiety [17], and
substance abuse [18]. Notably, depression is consistently reported as the most prevalent
mental health problem associated with IA [6,19,20] and a significant factor contributing to
suicidal ideation [21]. A recent study has clarified the bidirectional relationship between
depression and IA among Chinese adolescents, suggesting that the tendency towards
depression may predict the occurrence of IA, while IA also largely predicts the onset of
depression [22]. However, the mechanisms underlying the relationship between depression
and IA still require further exploration.

According to cognitive emotion regulation theory [23], individuals with depression
may utilize the Internet to regulate their emotions. They may attempt to modify or regulate
their emotional state through online activities and content to alleviate depressive symp-
toms [24]. Moreover, research findings have also indicated that external-dysfunctional,
internal-dysfunctional, and internal-functional emotion regulation significantly predicted
IA [25]. Additionally, the social cognitive theory posits that an individual’s thoughts,
beliefs, and interpretations can influence their emotions and behaviors [26]. Individuals
experiencing depression may hold negative self-perceptions and view social interactions
unfavorably. Consequently, they may be more inclined to seek social connections and a
sense of belonging online, perceiving such interactions as easier, less critical, and generating
fewer negative emotions [27]. This aligns with the theory of compensatory Internet use [28],
which suggests that individuals may employ the Internet as a maladaptive coping mecha-
nism for real-world challenges. A cross-sectional study revealed that two-thirds of students
reported symptoms of anxiety and depression while engaging in online learning [29].

One undeniable fact is that numerous studies have attempted to uncover how de-
pressed youth may utilize the Internet to fulfill unmet psychological needs in their offline
lives [30–32], thereby implying the potential for this coping mechanism to foster long-
term dependence on the Internet and perpetuate an inescapable vicious cycle. However,
despite the Internet becoming a source of comfort and fulfillment for individuals with
depression, there is a scarcity of research specifically addressing the disentanglement of
Internet addiction symptoms among depressed youth. This hinders our understanding
of the intricate relationship between depression and Internet addiction. Former studies
have revealed that a loss of interest in communicating with real people is closely related
to depression symptoms [33], and adolescents with IA are at a higher risk of suffering
from depression [34]. Therefore, interventions targeting Internet addiction may effectively
prevent the new incidence of depression or alleviate the symptoms of depression.

From the traditional perspective, mental disorders have been conceptualized as dis-
crete entities [35]. Negative life events can act as triggers for these disorders, and in turn,
the disorders can manifest through various symptoms. For example, the loss of a loved
one may lead to depression, accompanied by symptoms such as fatigue, anhedonia, guilt,
and even suicidal ideation. While the traditional perspective allows for efficient diagnosis
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of different psychological disorders, it fails to explain the exacerbation of symptoms by
other symptoms. To better understand the interplay between symptoms, a new approach
called network analysis has emerged. In this approach, mental disorders are viewed as
clusters of interconnected symptoms, where one symptom may trigger or influence other
symptoms [36]. For example, feeling bored and empty without the Internet may lead to
anticipation of future online activities [37]. The network’s nodes refer to diverse symptoms,
and the edges refer to the connections between two symptoms [38]. Nodes with high
centrality indicate that these symptoms can greatly influence other symptoms, and the
strongest edges may help reveal the underlying mechanism of mental illness [36]. Therefore,
network analysis allows researchers to identify the most influential symptoms and provide
more accurate targets for designing effective interventions.

A study classified participants into the IA group and the non-IA (NIA) group and
found that the symptom network of the IA group is significantly different from that of
the NIA group [39]. This study has clarified that “fear about boredom if online” and
“fail to stop being on the web” are the key symptoms that may activate other IA symp-
toms [39]. However, considering the bidirectional relationship between IA and depression,
it remains to be examined whether the resulting treatment suits adolescents remains to
be examined. Moreover, several cross-sectional studies have been conducted to locate the
central symptoms and analyze the comorbidity between IA and depression. For exam-
ple, a cross-sectional study conducted by Cai et al. found that “anticipation for future
online activities” was the most common bridge symptom that linked depression and IA
among Chinese adolescents in Macau [40]. In another longitudinal study, “guilty” (i.e., a
symptom of depression) and “escape” (i.e., a symptom of IA) were identified as the bridge
symptoms in the comorbidity networks of depression and IA over time [41]. Although the
aforementioned studies have attempted to uncover the relationship between depression
and IA symptoms from both cross-sectional and longitudinal perspectives, none of them
have specifically targeted and examined depressed adolescents to explore the symptoms of
their IA and the trajectory of these symptoms over time.

Drawing inspiration from network analysis methodology, the present study aimed to
explore the effects of online learning on secondary school students’ depression and identify
changes in IA symptoms caused by online learning among students who were depressed
at the beginning of online learning. This endeavor aimed to offer clinical counselors a more
accurate understanding when intervening with this specific population. To achieve this, we
compared the prevalence rate of depression at the start and after the end of online learning.
Moreover, we utilized a cross-lagged panel network (CLPN) framework to investigate the
autoregressive and cross-lagged trajectories of IA symptoms over time among depressed
students. Our study focused on the dynamic fluctuations in IA symptoms experienced
by Chinese secondary school students during the extended period of online learning
amidst the COVID-19 pandemic. Through our research, we strive to provide practical
recommendations for appropriate treatments and policies.

2. Methods
2.1. Participants

The study involved two waves of data collection from middle and high school students
in Harbin. The first wave was obtained in February 2022 from 10,104 students using an
online questionnaire program on their smartphones, and the second wave was collected in
June 2022 using the same method from 8390 students who had been taking online courses
for four months. Specifically, due to the spread of COVID-19, students were only able to
study online from home, rendering traditional in-person classroom instruction unavailable.
Therefore, the entire period from February 2022 (i.e., the beginning of online learning) to
June 2022 (i.e., the end of online learning) was dedicated to online learning. By matching
the datasets from both waves based on students’ phone numbers, a total of 2415 students
(47.9% female, Meanage = 14.27, SDage = 1.53, range from 10 to 18) were ultimately matched.
For the purpose of our study, we used the Patient Health Questionnaire-9 [42] to screen for
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students with potential depressive tendencies at the baseline, using a cutoff score of 8 [43].
At the baseline, 14.16% (N = 342) of participants had a depressive tendency, and 17.64%
(N = 426) participants had a depressive tendency at the follow-up. Finally, data from only
342 students were retained for the final data analysis based on the present study’s purpose.

All students, along with their parents, were provided with signed informed consent
before participating. The ethical committee of *** University reviewed and approved the
research protocol, with reference number 202112220085.

2.2. Measures
2.2.1. The Internet Addiction Test (IAT-20)

The Internet Addiction Test (IAT) was developed by [44] as a tool to assess Internet
addiction behaviors. It consists of 20 Likert-style questions that measure the severity of
adverse consequences resulting from excessive Internet use. Participants rate each item
on a scale of 1 (“not at all”) to 5 (“always”), with higher scores indicating more severe
addiction symptoms. The Chinese version of the IAT was validated by Chang and Law in
2008 [45], and previous studies have demonstrated its good reliability and validity [46]. In
the current study, the IAT-20 exhibited high internal consistency, with Cronbach’s alpha
values of 0.94 in the first wave and 0.96 in the second wave.

2.2.2. Patient Health Questionnaire (PHQ-9)

The PHQ-9 is a nine-item questionnaire that assesses depression symptoms [42]. Each
item is rated on a scale from 0 (not at all) to 3 (nearly every day), resulting in a total score
ranging from 0 to 27. The Chinese version of the PHQ-9 has been validated as an effective
screening tool for depression in the general Chinese population [47]. In the present study,
the PHQ-9 demonstrated a high internal consistency (α = 0.88).

2.3. Statistical Analysis

We used R version 4.2.1 [48] to perform all analyses. Means, standard deviations (SDs),
skewness, and kurtosis of all item scores were inspected.

2.3.1. Cross-Lagged Panel Network Estimation

To investigate the connections between the first and second assessments over time, a
cross-lagged panel network (CLPN) analysis was performed using the glmnet package [49].
The CLPN method allows visualizing how a single node (i.e., symptom) at the first assess-
ment predicts other nodes at the second assessment while controlling for all other variables
at the first assessment. The network consists of directed edges that represent autoregressive
coefficients, with arrows pointing to the same node, and cross-lagged coefficients, with
arrows pointing to other nodes. The color of the arrows indicates the directionality of
the effect, with green indicating positive effects and red indicating negative effects, while
the thickness of the lines indicates the strength of the association. We utilized the least
absolute shrinkage and selection operator (LASSO) approach to simplify the network by
eliminating small regression coefficients. The qgraph package [50] was used to visualize all
network structures.

In the directed CLPNs, we calculated two centrality indices: “in expected influence”
(IEI) and “out expected influence” (OEI). IEI represents the extent to which other symptoms
predict one symptom and is calculated as the sum of the values of incoming edges associated
with one symptom. On the other hand, OEI represents the degree to which one symptom
can predict other symptoms and is calculated as the sum of the values of outgoing edges
associated with one symptom.

Since Internet addiction behaviors vary significantly among adolescents [51], we
included age and gender as covariates in the cross-lagged panel network.
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2.3.2. Network Comparison

To evaluate the edge invariance (i.e., the distributions of edge weights) and global
invariance (i.e., the sum of all edge weights) between two networks, we utilized the network
comparison test (NCT) with the R package NetworkComparisonTest 2.2.1 [52].

2.3.3. Network Stability and Accuracy

To evaluate the stability of the centrality indices, we employed the case-dropping
bootstrap approach described by Epskamp et al. [53]. This method provides a correlation
stability coefficient (CS-C), which represents the maximum proportion of the sample size
that can be removed while maintaining a correlation coefficient of 0.7 or higher with a 95%
probability using the original sample’s centrality indices. Generally, a CS-C of ≥0.25 is
considered acceptable. We conducted 1000 iterations of bootstrapped confidence intervals
(95% CIs) to assess the accuracy of edges, where narrower CIs indicate a more precise
network. Additionally, we performed bootstrap tests (1000 iterations) based on 0.95 CIs to
compare differences between edge weights and centrality indices. If the CIs did not include
zero, it suggested a statistical difference between two edges or nodes. All analyses were
carried out using the R package bootnet 1.4.3 [53].

2.4. Sensitivity Analysis

In our study, we aimed to investigate the effect of random data loss on our main
findings. To achieve this goal, we conducted a symptom network analysis to construct
an Internet addiction symptom network using two distinct data sets. These data sets,
consisting of 7748 and 6034 data points, were not matched in the first and second waves,
respectively. Additionally, we then compared these results with the analysis of a subset of
matched data points, which included 2356 observations. To do so, we generated weighted
connected edge coefficient matrices for each network and analyzed their correlations.
Building upon prior research [54], we concluded that if the symptom network structure of
the matched data exhibited a high correlation with the symptom network structure of the
respective wave of unused data, we could assert the robustness of our main findings.

3. Result
3.1. Descriptive Analysis

The mean and standard deviation of the IAT-20 items are reported in Table 1. All
scores in wave 1 were higher than in the second wave.

Table 1. Descriptive analysis (N = 342).

Variables Mean (SD) t df p Difference [95% CI] Cohen’s d [95% CI]

IAT1_F 3.15 (1.15) −3.88 341 <0.001 −0.31 [−0.46, −0.15] −0.21 [−0.32, −0.10]IAT1_S 2.84 (1.36)
IAT2_F 2.80 (1.20) −3.54 341 <0.001 −0.28 [−0.44, −0.13] −0.19 [−0.30, −0.09]IAT2_S 2.51 (1.24)
IAT3_F 2.60 (1.26) −2.92 341 0.004 −0.25 [−0.41, −0.08] −0.16 [−0.26, −0.05]IAT3_S 2.36 (1.28)
IAT4_F 2.10 (1.15) −2.56 341 0.011 −0.18 [−0.32, −0.04] −0.14 [−0.24, −0.03]IAT4_S 1.92 (1.14)
IAT5_F 3.31 (1.28) −4.92 341 <0.001 −0.40 [−0.56, −0.24] −0.27 [−0.37, −0.16]IAT5_S 2.91 (1.39)
IAT6_F 2.85 (1.24) −3.24 341 0.001 −0.26 [−0.42, −0.10] −0.18 [−0.28, −0.07]IAT6_S 2.58 (1.29)
IAT7_F 2.28 (1.25) −2.72 341 0.007 −0.23 [−0.40, −0.06] −0.15 [−0.25, −0.04]IAT7_S 2.04 (1.19)
IAT8_F 2.36 (1.22) −3.29 341 0.001 −0.26 [−0.41, −0.10] −0.18 [−0.28, −0.07]IAT8_S 2.10 (1.21)
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Table 1. Cont.

Variables Mean (SD) t df p Difference [95% CI] Cohen’s d [95% CI]

IAT9_F 2.84 (1.40) −3.44 341 <0.001 −0.31 [−0.49, −0.13] −0.19 [−0.29, −0.08]IAT9_S 2.52 (1.43)
IAT10_F 2.89 (1.38) −3.90 341 <0.001 −0.34 [−0.51, −0.17] −0.21 [−0.32, −0.10]IAT10_S 2.55 (1.37)
IAT11_F 2.87 (1.24) −4.89 341 <0.001 −0.40 [−0.56, −0.24] −0.26 [−0.37, −0.16]IAT11_ S 2.47 (1.29)
IAT12_F 2.81 (1.26) −4.43 341 <0.001 −0.37 [−0.54, −0.21] −0.24 [−0.35, −0.13]IAT12_S 2.44 (1.31)
IAT13_F 2.55 (1.26) −3.76 341 <0.001 −0.30 [−0.46, −0.14] −0.20 [−0.31, −0.10]IAT13_S 2.25 (1.24)
IAT14_F 2.56 (1.29) −4.81 341 <0.001 −0.38 [−0.53, −0.22] −0.26 [−0.37, −0.15]IAT14_S 2.19 (1.23)
IAT15_F 2.72 (1.17) −4.45 341 <0.001 −0.36 [−0.52, −0.20] −0.24 [−0.35, −0.13]IAT15_S 2.36 (1.19)
IAT16_F 2.82 (1.22) −3.72 341 <0.001 −0.30 [−0.46, −0.14] −0.20 [−0.31, −0.09]IAT16_S 2.53 (1.26)
IAT17_F 2.67 (1.26) −4.18 341 <0.001 −0.34 [−0.50, −0.18] −0.23 [−0.33, −0.12]IAT17_S 2.33 (1.28)
IAT18_F 2.48 (1.29) −3.34 341 <0.001 −0.27 [−0.43, −0.11] −0.18 [−0.29, −0.07]IAT18_S 2.21 (1.29)
IAT19_F 2.39 (1.31) −3.47 341 <0.001 −0.29 [−0.45, −0.12] −0.19 [−0.29, −0.08]IAT19_S 2.11 (1.22)
IAT20_F 2.43 (1.30) −4.61 341 <0.001 −0.36 [−0.51, −0.20] −0.25 [−0.36, −0.14]IAT20_S 2.08 (1.26)

Note. _F means wave 1. _S means wave 2.

3.2. Cross-Lagged Panel Network

In total, 140 edges were not zero (35%) among 400 possible edges, and the edge
weight is shown in LASSO cross-lagged regression matrix in Table S1. The edge of “Check
email/SNS before doing things”—“School grades suffer” (IAT7–IAT6) showed the strongest
cross-lagged association, followed by the edge of “Snap or act annoyed if bothered”—
“School grades suffer” (IAT13–IAT6), the edge of “Neglect chores to spend more time
online”—“School grades suffer” (IAT2–IAT6) and the edge of “Depressed/moody/nervous
being offline”—“School grades suffer” (IAT20–IAT6). See part A of Figure 1.

Part B in Figure 1 showed the CLPN for symptoms for the first time, predicting follow-
up symptoms with the centrality plots for OEI and IEI. “Anticipation” (IAT11) had the
highest node OEI, followed by “Stay online longer” (IAT1) and “Conceal the amount of
time” (IAT18). “Job performance or productivity suffer” (IAT8) had the highest node IEI,
followed by “Life boring and empty” (IAT12), “Snap or act annoyed if bothered” (IAT13),
“Check email/SNS before doing things” (IAT7), and “School grades suffer” (IAT6). Part C
of Figure 1 shows the autoregressive coefficients for each node.

3.3. Network Comparison Test

NCT revealed the network structure invariance and global strength invariance, shown
in Figure 2. Specifically, there was no significant difference in global network strength (9.11
vs. 9.36, Sdiff = 0.25, p = 0.30) and network structure (M = 0.22, p = 0.32) between wave 1
and wave 2.
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3.4. Network Accuracy and Stability

In Figure 3, the cross-lagged network’s case-dropping results indicate that the CS-C
values of OEI and IEI were 0.13 and 0.28. Furthermore, 95% of bootstrapped CIs of edges
were narrow (Figure S1), suggesting that edges were trustworthy. Additionally, results
of the nonparametric bootstrap procedure revealed that most comparisons among edge
weights and centrality indicators were statistically significant (Figures S2–S4).
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3.5. Sensitivity Analysis

Upon examining the random data loss in the first and second waves, this study
discovered that the network structure matrices obtained from the lost 7689 data in the first
wave and 5975 data in the second wave were highly similar to the network structure matrix
of the matched data. The correlation coefficients between the lost data and matched data
were r = 0.80 (p < 0.001) and r = 0.67 (p < 0.001) for the first and second waves, respectively.

4. Discussion

To begin with, our study found that the prevalence rate of depression increased
from 14.16% to 17.64% after four months of online learning. This finding aligns with a
previous study that also confirmed the potential for online learning to contribute to a higher
incidence rate of depression and anxiety [29]. However, we also noticed that 51.46% of
students with depressive tendencies at the beginning of online learning no longer exhibited
depressive tendencies after four weeks following the end of online learning. This finding
is interesting and consistent with the theory of compensatory Internet use [28]. During
the online learning period, students have increased access to the Internet, which can fulfill
some of their mental needs and alleviate negative emotions [28].

Meanwhile, our study employed cross-lagged panel analysis to examine the IA net-
work among adolescents with depressive tendencies. In this section, firstly, we identified
symptoms with high OEI and IEI. Secondly, we also identified several key directed rela-
tionships between different symptoms of IAT before and after long-term online teaching.
Thirdly, we compared the differences between the networks of the two waves, aiming
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to examine the invariance of the network structure and the global strength between the
two networks.

Regarding the results of OEI, our research reveals that “Anticipation”, which refers to
the expectation of going online again [55], exhibits the highest OEI. This finding suggests
that it is the primary symptom in the network that can predict other symptoms, which
aligns with previous research. A study categorized adolescents into divorced and non-
divorced group based on their parents’ marital status and found that “Anticipation” had
the highest OEI in the non-divorced group [46]. Additionally, Cai et al. conducted a study
involving 1009 adolescents and constructed a symptom network of depression and IA,
where they identified “Anticipation” as a key bridge symptom in the comorbidity network
of depression and IA [40]. Future studies can further explore the role of “Anticipation” and
the mechanisms by which different symptoms interact with each other in the network.

The most obvious finding to emerge from this study is the prominent role of “School
grades suffer”, which indicates a decline in academic performance due to Internet use [56].
We observed that “School grades suffer” is one of the symptoms with high IEI, suggesting
that it is frequently influenced by other symptoms. Specifically, several symptoms are
directly linked to “School grades suffer”. In wave 1, “Check email/SNS before doing
things” and “Snap or act annoyed if bothered” in wave 1 negatively predicted the “School
grades suffer” in wave 2. One possible explanation for these results is that the data in wave
1 were collected at the beginning of the holiday, when adolescents had more opportunities
to use smartphones, which may contribute to a high level of IA [57]. Consistently, previous
research also showed that using the Internet during the holiday would cause a higher level
of IA than using the Internet on weekdays [58]. Thus, we can infer that adolescents develop
a higher level of IA during holidays due to increased Internet usage frequency. However,
online classes, which occupy adolescents’ daily time, may decrease their frequency of play-
ing online games and watching short videos. Consequently, this reduction may contribute
to an improvement in students’ academic performance [59,60].

Additionally, we have found that “Neglect chores to spend more time online” and
“Depressed/moody/nervous being offline” in wave 1 positively predict “School grades
suffer”. “Neglect chores to spend more time online” refers to individuals spending ex-
cessive time online instead of engaging in real-life social interactions, while the scores of
“Depressed/moody/nervous being offline” reflect negative emotions experienced when
offline [61]. We can interpret these results from the perspective of social interaction. Dur-
ing adolescence, peer relationships hold great significance, and numerous studies have
demonstrated the association between depression and difficulties in forming close friend-
ships [62–64]. According to the compensatory Internet use theory, individuals turn to the
Internet as a means to escape difficult situations or negative emotions in real life [65]. Con-
sequently, adolescents with depressive tendencies may face challenges in social interactions
and resort to using the Internet as a coping strategy to avoid these difficulties and negative
emotions. However, relying on the Internet as an escape mechanism is maladaptive, as
it not only intensifies depressive feelings [66] but also hinders their ability to effectively
interact with people in real life [67,68], thus perpetuating a negative cycle of using the
Internet to escape reality. This significant finding offers valuable insights, suggesting that
interventions targeting IA among students with depressive tendencies should focus on
helping them develop the skills to build and maintain close relationships in real life. It is
important to note that variables such as peer relationships and Internet usage motivation
were not measured in our study. Future research should include these variables to further
examine the proposed inferences.

As for the network comparison, surprisingly, no differences were found in the network
structure or global strength between the two-time points networks. This finding may be
attributed to the stability of depression among adolescents. However, based on the t-test
results for IAT symptoms scores, all symptoms showed lower scores after four months
of online learning. The decrease in scores can be attributed to the end of online learning,
as students no longer have unrestricted access to the Internet once they return to school.
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Therefore, it is important to interpret the null results of the network comparison with
caution. Evidence suggests a bidirectional association between Internet use and depression,
indicating that depression may contribute to the maintenance or even increase in IA [69,70].
Additionally, a 6-year longitudinal study suggested that adolescents may retain their
relative levels of depressive emotions [71], further supporting the notion of relative stability
in adolescent depression. Thus, despite finding several significant cross-lagged edges, the
stability of depression leads to a stable network structure and global strength over time.
This result underscores the need for additional attention to adolescents with depressive
tendencies when intervening in IA [72–74].

5. Limitations and Conclusions

Several limitations in this study need to be noticed. First, network analysis can
only provide us with information about the relationship between each symptom but does
not reveal the detailed mechanism behind them. Therefore, future studies can design
experiments to explore this aspect further. Second, in this study, we used the Internet
Addiction Test (IAT-20) to measure the level of IA in adolescents. However, we did not
record the time and frequency of Internet use, which may result in a mismatch between
the results of the subjective questionnaire and the objective indicators. Additionally, the
lack of measurements on specific modalities, such as social networking and video games,
further limits our ability to provide detailed explanations. Third, although we screened
students with depressive tendencies in this study, they do not represent students with
clinical depression, which restricts the generalizability of our findings. Fourth, considering
the bidirectional relationship between IA and depression, IA may vary during the onset
and remission of depression, which requires further exploration. Finally, as an instrument
that measures IA symptoms, IAT is now over 20 years old, and some statements in the
questionnaire are simply not applicable today and may yield “false” positive or negative
results (e.g., the statement about checking e-mail rather than, for example, WeChat or
Facebook and similar platforms). Hence, it is crucial that measurement tools reflecting the
current era emerge to assess the symptoms of IA.

Notwithstanding these limitations, to best of our knowledge, this is the first study
that utilizes cross-lagged panel network analysis to examine the directed symptom net-
work of IA among adolescents with depressive tendencies. Our research demonstrates
that among adolescents with depressive tendencies, “Anticipation” exhibits the highest
OEI, while “School grades suffer” shows a high IEI. Furthermore, regarding the cross-
lagged associations between different symptoms, our study reveals that “Check email/SNS
before doing things” and “Snap or act annoyed if bothered” can negatively predict the
“School grades suffer”. In contrast, “Neglect chores to spend more time online” and “De-
pressed/moody/nervous being offline” positively predict that “School grades suffer”. The
current research provides us with information about symptoms of the IAT, highlighting
several important symptoms and enhancing our understanding of IA among adolescents
with depressive tendencies.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/bs13070520/s1, Figure S1: Nonparametric bootstrapped confidence
intervals of estimated edges for cross-sectional networks. The red line represents the estimated
edge, while the dark area indicates the 95% bootstrap confidence interval; Figure S2: Bootstrapped
stability test for cross-lagged edge weights. Figure S3: Nonparametric bootstrapped difference test
for each node’s centrality index (inExpectedInfluence). Grey boxes indicate no significant difference,
whereas black boxes indicate a statistically significant difference (p < 0.05). Figure S4: Nonparametric
bootstrapped difference test for each node’s centrality index (outExpectedInfluence). Grey boxes
indicate no significant difference, whereas black boxes indicate a statistically significant difference
(p < 0.05). Table S1: LASSO cross-lagged regression matrix of all IAT items. Each number in the matrix
represents the regression coefficient of the item in the same row on its left side (wave 1) predicting
the item in the same column on its upper side (wave 2).
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