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Does depression drive technology overuse =

or vice-versa? a cross-lagged panel analysis
of bidirectional relationships among Chinese
university students

Yuting Zhan' and Xu Ding®’

Abstract

Background The escalating prevalence of depression among university students coincides with unprecedented
technology engagement, yet the directional relationship remains contested. While cross-sectional research suggests
associations between technology use patterns and depressive symptoms, longitudinal evidence examining bidirec-
tional influences remains scarce, particularly in non-Western populations.

Objective This study aimed to examine the bidirectional relationships between specific technology use patterns
and depression severity among Chinese university students using a methodologically rigorous longitudinal design.

Methods This study conducted a four-wave longitudinal study with assessments at 3-month intervals among under-
graduate students (N=737) from three universities in eastern China. Participants completed validated measures

of depression (Patient Health Questionnaire-9), anxiety (Generalized Anxiety Disorder-7), and technology use patterns
(duration, timing, motivational contexts). Cross-lagged panel models with random intercepts were used to examine
bidirectional relationships while controlling for between-person differences and covariates.

Results Total technology use exhibited significant bidirectional relationships with depression, but specific patterns
showed distinct relationships. Night-time use (8=0.16, 95% Cl [0.08-0.24], p <0.001) and social-comparison-moti-
vated use (8=0.19,95% CI [0.11-0.27], p < 0.001) predicted subsequent increases in depression, with stronger effects
than the reverse pathway (depression to increased technology use). Conversely, depression predicted increased
escapism-motivated technology use (8=0.23, 95% CI [0.14-0.32], p<0.001) more strongly than the reverse path-
way. Body mass index significantly moderated these relationships, with stronger technology-to-depression effects
among participants with overweight/obesity (8=0.27, 95% CI [0.16-0.38], p <0.001) compared to normal-weight
participants (8=0.11, 95% CI [0.03-0.19], p=0.009). The observed relationships remained significant after adjusting
for anxiety, sleep quality, and socioeconomic factors.

Conclusion These findings reveal complex, pattern-specific bidirectional relationships between technology use
and depression, with important temporal precedence differences. The results suggest that certain technology use
contexts may contribute more strongly to depression development, while depression may drive other specific
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usage patterns. These findings have implications for targeted intervention approaches addressing both depression

and problematic technology use among university students.

Keywords Depression, Digital technology, University students, Longitudinal study, Cross-lagged panel model,

Bidirectional relationship, China

Introduction
Depression represents a leading cause of disability world-
wide, with university students demonstrating particularly
elevated vulnerability [28]. Recent epidemiological stud-
ies indicate concerning prevalence rates among univer-
sity students in China, ranging from 23.8% to 40.1% [2,
16]. This mental health crisis has emerged alongside dra-
matic increases in digital technology engagement, with
the average Chinese university student now spending
approximately 8 h daily on internet-connected devices
[29]. The temporal co-occurrence of rising depression
rates and increased technology engagement has spurred
substantial research interest in their potential causal
relationships. Cross-sectional studies have consistently
demonstrated associations between technology use and
depression symptoms [6, 12, 18]. However, the direc-
tional nature of this relationship remains contested, with
competing theoretical frameworks suggesting three pos-
sible pathways: technology use contributing to depres-
sion (“digital displacement hypothesis”), depression
driving increased technology use (“‘compensatory inter-
net use theory”), or bidirectional relationships [13, 24].
The digital displacement hypothesis posits that excessive
technology use displaces health-promoting activities like
face-to-face social interaction, physical activity, and ade-
quate sleep, thereby increasing depression vulnerability
[20]. Meanwhile, compensatory internet use theory sug-
gests that individuals experiencing depression symptoms
may increase technology engagement to alleviate nega-
tive affect, escape distressing thoughts, or compensate
for perceived real-world deficits [13]. Additionally, the
differential susceptibility to media effects framework [24]
proposes that media effects are not universal but condi-
tional, depending on dispositional, developmental, and
social susceptibility factors. This framework suggests that
certain individuals, based on pre-existing vulnerabili-
ties or characteristics (such as BMI status), may be more
susceptible to potential negative effects of specific tech-
nology use patterns. These competing frameworks have
different implications for intervention approaches.
Recent methodological advances have emphasized
the importance of distinguishing between-person from
within-person effects in longitudinal studies [9]. Tra-
ditional cross-lagged panel models may conflate these
effects, potentially vyielding misleading conclusions

about temporal precedence. Additionally, growing
evidence suggests that examining technology use as
a monolithic construct obscures important pattern-
specific relationships with depression [21, 25]. Specific
dimensions including timing (e.g., night-time use),
motivational context (e.g., social comparison, escap-
ism), and psychological experience (e.g., problematic
use, fear of missing out) may have distinct relation-
ships with depression trajectories. While several lon-
gitudinal studies have begun examining bidirectional
technology-depression relationships in Western popu-
lations [5, 10, 23], important knowledge gaps remain.
First, most studies have not employed methodologically
rigorous approaches that separate between-person
from within-person effects. Second, research examin-
ing pattern-specific bidirectional relationships remains
scarce. Third, potential moderating factors that may
influence technology-depression relationships, such as
body mass index (BMI), have received limited attention
despite theoretical relevance. Finally, research in non-
Western contexts, particularly China, which has both
high rates of technology engagement and unique cul-
tural factors influencing depression expression, remains
limited. To address these gaps, this study conducted a
four-wave longitudinal study examining bidirectional
relationships between specific technology use patterns
and depression among Chinese university students. The
study employed random-intercept cross-lagged panel
models (RI-CLPM) to distinguish between-person from
within-person effects, while examining multiple tech-
nology use dimensions and potential moderating fac-
tors. Our primary hypotheses were:

1. Technology use patterns and depression symptoms
would demonstrate significant bidirectional relation-
ships at the within-person level.

2. The strength and direction of relationships would
vary across specific technology use patterns, with
night-time use and social-comparison-motivated use
showing stronger technology-to-depression effects,
and escapism-motivated use showing stronger
depression-to-technology effects.

3. The observed relationships would be moderated by
BMI, with stronger associations among participants
with overweight/obesity.
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Methods

Study design and participants

This four-wave longitudinal study collected data at
3-month intervals between October 2023 and October
2024. The study recruited undergraduate students from
three universities in eastern China and all participants
provided electronic informed consent. Eligible par-
ticipants were: (1) full-time undergraduate students, (2)
aged 18-24 years, (3) Chinese nationals, and (4) owners
of smartphones with internet access. Exclusion criteria
included: (1) current diagnosis of severe mental illness,
(2) pregnancy or breastfeeding, (3) history of substance
use disorder, (4) serious physical illness or personal-
ity disorder, and (5) inability to complete psychological
evaluations. Based on our planned analyses, the study
determined that a sample size of 720 participants would
provide 90% power to detect small-to-medium effects
(= 0.15) at a= 0.05, accounting for anticipated attri-
tion of 20% across waves. The study initially recruited 848
participants, 737 of whom completed baseline assess-
ments and were included in the study.

Measures

Depression and anxiety symptoms

Depression was measured using the Patient Health Ques-
tionnaire-9 (PHQ-9) [14], a 9-item self-report measure
assessing DSM-IV depression criteria on a 4-point scale
(0 =not at all to 3= nearly every day), yielding total
scores from 0-27. The Chinese version has demonstrated
good psychometric properties (Cronbach’s a = 0.86-0.89)
[27]. Anxiety was measured using the 7-item Generalized
Anxiety Disorder scale (GAD-7) [22], with scores ranging
from 0-21 (Cronbach’s a = 0.88 in this sample).

Technology use patterns

Technology use was assessed with the Technology Use
Questionnaire (TUQ), developed based on previous
research and validated in Chinese populations [3, 17].
The TUQ measures multiple dimensions:

1. Daily usage duration: Total hours of technology use
across devices, categorized as essential (academic/
professional) and non-essential (recreational).

2. Timing of use: Frequency of morning, afternoon,
evening, and night-time (after intended bedtime)
use on a 5-point scale (1 =never to 5= always).
Night-time use was specifically defined as technol-
ogy use occurring after the participant’s self-reported
intended bedtime. Participants reported their typi-
cal intended bedtime at each assessment wave, and
night-time use was measured relative to this indi-
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vidualized reference point rather than a standardized
time. This approach accounts for the variability in
university students’ sleep schedules.

3. Motivational contexts: Frequency of technology use
for specific motivations, including:

« Social connection (e.g., to maintain relationships)

+ Information seeking (e.g., to find information or
learn)

« Entertainment (e.g., to relieve boredom)

« Social comparison (e.g., to see how others’ lives
compare to mine)

+ Escapism (e.g., to avoid thinking about problems)

4. Problematic use: Measured using the Chinese version
of the Smartphone Addiction Scale-Short Version
(SAS-SV) [15], a 10-item scale assessing symptoms of
problematic smartphone use (Cronbach’s ¢ = 0.88 in
this sample).

Anthropometric and health measures

Height and weight were measured by trained research
assistants using standardized protocols. BMI was cal-
culated (kg/m?) and categorized according to Chinese
obesity classification standards: underweight (< 18.5),
normal weight (18.5-23.9), overweight (24.0-27.9), and
obese (> 28.0) [31]. Sleep quality was assessed using the
Pittsburgh Sleep Quality Index (PSQI) [1].

Sociodemographic and academic variables

Participants reported age, gender, family monthly
income, personal monthly income, residential arrange-
ment, academic year, and academic performance (previ-
ous semester GPA).

Procedure

Participants were recruited through campus advertise-
ments, course announcements, and student organiza-
tion networks. Interested students completed eligibility
screening online. Eligible participants attended an in-
person baseline session where they provided informed
consent, completed anthropometric measurements, and
accessed a secure online platform to complete question-
naires. Subsequent assessments at 3, 6, and 9 months
were conducted online, with email and text message
reminders sent 3 days before and on the scheduled
assessment day. Participants received ¥50 for the base-
line assessment and ¥30 for each follow-up, with an addi-
tional ¥50 bonus for completing all assessments.
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Statistical analysis

The study used random-intercept cross-lagged panel
models (RI-CLPM) to examine bidirectional relation-
ships between technology use patterns and depression
while controlling for between-person effects [9]. The RI-
CLPM decomposes the variance in observed scores into
stable between-person differences (random intercepts)
and within-person fluctuations over time. Cross-lagged
paths between within-person components represent
the extent to which deviations from a person’s expected
score on one variable predict subsequent deviations in
the other variable. Models were estimated using maxi-
mum likelihood with robust standard errors (MLR) in
Mplus version 8.4. Prior to conducting the main analy-
ses, we tested longitudinal measurement invariance
for our key measures across the four assessment waves.
Following standard procedures, we sequentially evalu-
ated configural invariance (same factor structure across
time), metric invariance (equal factor loadings across
time), and scalar invariance (equal intercepts across
time). Results supported adequate measurement invari-
ance for all measures, indicating that observed changes
over time reflect true changes rather than measurement
artifacts. Model fit was evaluated using comparative
fit index (CFL >0.95 indicating good fit), Tucker-Lewis
index (TLI; >0.95), root mean square error of approxi-
mation (RMSEA; <0.06), and standardized root mean
square residual (SRMR; <0.08) [11]. The study first exam-
ined a series of bivariate RI-CLPMs between depres-
sion and each technology use dimension. Subsequently,
we tested multivariate models controlling for anxiety,
sleep quality, and sociodemographic factors. To examine
potential moderation by BMI, we conducted multi-group
RI-CLPMs comparing normal weight versus overweight/
obese participants. Missing data were handled using full
information maximum likelihood estimation. To address
potential selection bias due to attrition, we conducted
pattern-mixture models comparing different missing
data patterns [7].

Results

Sample characteristics and attrition

Of the 737 participants who completed baseline assess-
ments, 684 (92.8%) completed the 3-month follow-up,
651 (88.3%) the 6-month follow-up, and 627 (85.1%) the
9-month follow-up. Table 1 presents baseline character-
istics of the sample. Mean age was 20.3 years (SD =1.7),
with 66.2% female participants. Approximately 55.6% of
participants were classified as overweight or obese. At
baseline, 33.2% reported moderate-to-severe depression
symptoms (PHQ-9 >10). Participants reported an aver-
age of 7.8 h (SD =2.6) daily technology use. Participants
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Table 1 Baseline characteristics of study participants (N= 737)

Characteristic Value
Demographics
Age, mean (SD), years 20.3(1.7)
Gender, n (%)
Female 488 (66.2)
Male 249 (33.8)
Academic year, n (%)
First year 243 (33.0)
Second year 258 (35.0)
Third year 189 (25.6)
Fourth year 47 (6.4)
Monthly family income (CNY), n (%)
<3000 118 (16.0)
3000-6000 276 (37.4)
6001-10000 224 (30.4)
> 10,000 119 (16.1)
Residential arrangement, n (%)
University dormitory 619 (84.0)
Off-campus housing 93(12.6)
With family 25(334)
Clinical Measures
BMI, mean (SD), kg/m? 24.1(3.9)
BMI category, n (%)
Underweight (< 18.5) 70(9.5)
Normal weight (18.5-23.9) 257 (34.9)
Overweight (24.0-27.9) 304 (41.2)
Obese (> 28.0) 106 (14.4)
PHQ-9 score, mean (SD) 79(5.3)
Depression severity, n (%)
Minimal (0-4) 261 (354)
Mild (5-9) 231(31.3)
Moderate (10-14) 157 (21.3)
Moderately severe (15-19) 69 (9.4)
Severe (= 20) 19 (2.6)
GAD-7 score, mean (SD) 6.3(4.7)
Technology Use
Total daily usage, mean (SD), hours 7.8 (2.6)
Essential usage, mean (SD), hours (1.8
Non-essential usage, mean (SD), hours 47(.2)
Night-time use (after intended bedtime), n (%)
Never/rarely 109 (14.8)
Sometimes 231 (31.3)
Often/always 397 (53.9)
Social-comparison-motivated use, mean (SD)* 3.1(1.1)
Escapism-motivated use, mean (SD)* 34(1.0)
Problematic use (SAS-SV), mean (SD) 326(9.7)

" Measured on a 5-point scale (1 =never to 5= always)
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who completed all assessments did not differ significantly
from those with missing data on baseline depression,
technology use, or demographic characteristics, suggest-
ing limited potential for selection bias due to attrition.

Longitudinal trends

Table 2 presents means and standard deviations for
key variables across all assessment waves. Depression
symptoms showed modest fluctuations over time, with
slight decreases from baseline (M= 7.9, SD= 5.3) to
the final assessment (M= 7.3, SD= 4.9). Total technol-
ogy use remained relatively stable, but specific patterns
showed different trajectories. Night-time use increased
slightly over time, while social-comparison-motivated
use decreased slightly. Within-person correlation analy-
sis revealed significant contemporaneous associations
between depression and technology use dimensions at
each wave, with the strongest correlations for escapism-
motivated use (r= 0.31-0.38) and night-time use (r=
0.27-0.34).

Bidirectional relationships between depression

and technology use

Total technology use

The bivariate RI-CLPM examining reciprocal relation-
ships between total technology use and depression dem-
onstrated good fit (CFI =0.982, TLI =0.970, RMSEA
=0.038, SRMR =0.035). Both cross-lagged paths were
statistically significant, indicating bidirectional rela-
tionships (Fig. 1). Technology use predicted subsequent
increases in depression (standardized p= 0.14, 95% CI
[0.06-0.22], p= 0.001), and depression predicted subse-
quent increases in technology use (standardized f= 0.11,
95% CI [0.03-0.19], p= 0.008). These effects remained
significant after controlling for anxiety, sleep quality, and
sociodemographic factors in multivariate models.

Pattern-specific analyses
Separate RI-CLPMs were estimated for each technol-
ogy use pattern. All models demonstrated good fit (CFI
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=0.954-0.989, RMSEA =0.031-0.042). Figure 2 pre-
sents standardized cross-lagged path coefficients for
each technology use dimension. The results revealed pat-
tern-specific differences in the strength and direction of
relationships.

Night-time use showed stronger technology-to-depres-
sion effects (8= 0.16, 95% CI [0.08-0.24], p < 0.001) than
depression-to-technology effects (5= 0.09, 95% CI [0.01—
0.17], p= 0.025). Similarly, social-comparison-motivated
use demonstrated stronger technology-to-depression
effects (5= 0.19, 95% CI [0.11-0.27], p< 0.001) than
depression-to-technology effects (= 0.07, 95% CI
[-0.01-0.15], p= 0.089). Conversely, escapism-motivated
use showed stronger depression-to-technology effects
(5=0.23,95% CI [0.14—-0.32], p < 0.001) than technology-
to-depression effects (8= 0.10, 95% CI [0.02-0.18], p=
0.017), consistent with our hypothesis that depression
would more strongly predict escapism-motivated tech-
nology use. Problematic use exhibited significant bidi-
rectional relationships with depression, with comparable
effect sizes in both directions (technology-to-depression:
B= 0.15, 95% CI [0.07-0.23], p< 0.001; depression-to-
technology: = 0.17, 95% CI [0.09-0.25], p< 0.001).
Essential technology use (for academic/professional pur-
poses) showed non-significant cross-lagged relationships
with depression in both directions (p> 0.05), suggesting
that academic/professional technology use neither pre-
dicted nor was predicted by depression symptoms.

Moderation by BMI

Multi-group RI-CLPMs revealed significant modera-
tion by BMI for several technology use patterns. For
night-time use, the technology-to-depression effect
was significantly stronger among participants with
overweight/obesity (= 0.27, 95% CI [0.16-0.38],
p< 0.001) compared to normal-weight participants
(8= 0.11, 95% CI [0.03-0.19], p= 0.009), with a sig-
nificant difference between groups (AP =0.16, p=
0.014). Similar moderation patterns were observed
for social-comparison-motivated use, with stronger

Table 2 Descriptive statistics for key variables across all assessment waves

Variable Baseline (T0) 3 Months (T1) 6 Months (T2) 9 Months (T3)
PHQ-9 79(53) 7.7 (5.1) 75(5.2) 7349
GAD-7 6.3 (4.7) 6.1 (4.6) 6.0 (4.5) 5.8 (4.4)

Total technology use (hours/day) 7.8(2.6) 792.7) 7.7 (2.5) 7.8(2.6)
Night-time use* 35(1.2) 36(1.1) 3.7(1.2) 3.8(1.1)
Social-comparison-motivated use* 3101 30(1.1) 29(1.2) 2.8(1.1)
Escapism-motivated use* 34(1.0) 34(1.0) 35(1.0) 35(1.1)
Problematic use (SAS-SV) 326(9.7) 324(9.8) 32.7(10.1) 33.1(10.0)

" Measured on a 5-point scale (1 =never to 5 = always) Values are presented as mean (standard deviation)
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Random-Intercept Cross-Lagged Panel Model
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Fig. 1 Random-intercept cross-lagged panel model showing bidirectional relationships between total technology use and depression. This figure
presents standardized path coefficients from a random-intercept cross-lagged panel model examining reciprocal relationships between total

daily technology use and depression symptoms across four measurement waves. Solid arrows represent statistically significant paths (p <.05).
Cross-lagged paths demonstrate significant bidirectional relationships (technology use to depression: 8= 0.14, 95% CI [0.06-0.22], p= 0.001;
depression to technology use: S=0.11, 95% CI [0.03-0.19], p= 0.008). Model fit indices indicate excellent fit (CFI =0.982, TLI =0.970, RMSEA =0.038,

SRMR =0.035)

technology-to-depression effects in the overweight/
obese group. However, BMI did not significantly mod-
erate the depression-to-technology effects for any use
pattern, suggesting that BMI primarily influences how
technology use affects depression rather than how
depression affects technology use.

Sensitivity analyses

The study conducted several sensitivity analyses to
assess the robustness of our findings. First, we esti-
mated models with different missing data handling
approaches, which yielded consistent results. Second,
the study examined alternative time lags (2-wave and
3-wave intervals), which showed similar but attenu-
ated patterns. Third, the study tested models control-
ling for baseline academic performance, which did not
substantively change the results. Finally, the study con-
ducted gender-stratified analyses, which revealed gen-
erally consistent patterns across gender, with slightly
stronger technology-to-depression effects among
females.

Discussion

This four-wave longitudinal study examined bidirec-
tional relationships between technology use patterns
and depression among Chinese university students using
methodologically rigorous analyses that distinguished
between- from within-person effects. The study find-
ings revealed complex, pattern-specific relationships
that advance understanding of how technology use and
depression may influence each other over time. Consist-
ent with the study first hypothesis, we found significant
bidirectional relationships between total technology use
and depression at the within-person level, suggesting
reciprocal influences over time. These findings align with
the growing body of evidence supporting both the digital
displacement hypothesis and compensatory internet use
theory [13, 20], indicating that neither theoretical frame-
work is sufficient alone to explain technology-depression
relationships. Moreover, our findings provide empirical
support for the differential susceptibility to media effects
framework [24], as evidenced by the significant BMI
moderation effects. This framework proposes that media
effects are conditional upon individual susceptibility
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Forest Plot of Standardized Cross-Lagged Path Coefficients
Bidirectional Relationships Between Technology Use Patterns and Depression

Total Technology Use

Night-time Use

Social-comparison Use

Escapism-motivated Use

Problematic Use
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Stronger tech — depression

Stronger tech — depression

- tech

Stronger depression
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Fig. 2 Forest plot showing standardized cross-lagged path coefficients with 95% confidence intervals for each technology use pattern. This forest
plot illustrates standardized path coefficients (8) with 95% confidence intervals for bidirectional relationships between specific technology use
patterns and depression. Solid circles represent technology-to-depression effects and hollow circles represent depression-to-technology effects.
Night-time use (3= 0.16, 95% Cl [0.08-0.24], p < 0.001) and social-comparison-motivated use (3= 0.19,95% Cl [0.11-0.27], p< 0.001) demonstrate
stronger technology-to-depression effects, whereas escapism-motivated use exhibits stronger depression-to-technology effects (8= 0.23, 95% Cl

[0.14-0.32], p< 0.001). Confidence intervals not crossing zero indicate statistical significance (p <.05)

factors, which in our study is represented by BMI status.
The stronger technology-to-depression effects among
participants with overweight/obesity suggest that physi-
cal health status may function as a susceptibility factor
that amplifies vulnerability to potentially negative effects
of certain technology use patterns. This aligns with the
framework’s proposition that media effects are not uni-
versal but rather contingent upon dispositional, devel-
opmental, and social susceptibility factors that moderate
the direction and strength of effects. Supporting second
hypothesis, the study observed pattern-specific variations
in the strength and direction of relationships. Night-
time use and social-comparison-motivated use showed
stronger technology-to-depression effects, consistent

with research highlighting the deleterious effects of
technology-induced sleep disruption [4] and social
comparison processes [26] on mental health. These pat-
terns appear to more strongly drive subsequent depres-
sion symptoms than being driven by them, suggesting
potential causal pathways through which technology use
may contribute to depression development. Conversely,
escapism-motivated technology use showed stronger
depression-to-technology effects, aligning with com-
pensatory internet use theory [13] and suggesting that
depression symptoms may lead individuals to increase
technology use as a coping mechanism or escape from
negative emotions. This pattern may represent a depres-
sion-driven technology engagement pathway that could
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potentially exacerbate or maintain symptoms over time.
The study third hypothesis regarding BMI moderation
was also supported, with stronger technology-to-depres-
sion effects among participants with overweight/obesity.
This finding extends previous research linking both BMI
and technology use to depression [19, 30] by suggest-
ing that individuals with higher BMI may be particu-
larly vulnerable to the potentially depressogenic effects
of certain technology use patterns. Several mechanisms
may explain this moderation effect, including heightened
vulnerability to social comparison processes, increased
sensitivity to sleep disruption, and potential interac-
tions with body image concerns [8]. Several important
clinical and theoretical implications emerge from the
findings. First, the pattern-specific nature of technol-
ogy-depression relationships suggests that interventions
should target specific technology use dimensions rather
than focusing on total usage time. For instance, restrict-
ing night-time technology use and addressing social-
comparison behaviors may be particularly effective for
depression prevention, while interventions for individu-
als already experiencing depression may need to address
escapism-motivated use and provide alternative coping
strategies. Second, the stronger technology-to-depres-
sion effects among participants with overweight/obesity
highlight the importance of considering weight status in
both assessment and intervention approaches. Weight
management programs may benefit from addressing
technology use patterns, while depression interventions
for individuals with higher BMI may need to specifically
target technology-related behaviors. Third, the findings
suggest that digital literacy programs should include
components addressing the potential mental health
implications of specific technology use patterns. Educa-
tional interventions teaching mindful technology use,
healthy digital boundaries, and awareness of social com-
parison triggers may help mitigate depression risk among
university students.

The strong technology-to-depression pathway for
social-comparison-motivated use merits particular con-
sideration within the Chinese cultural context, where
the concept of “face” (mianzi) and social comparison
processes may have distinct implications. In collectivis-
tic Chinese culture, maintaining face—one’s social image
and status—is particularly important, and social com-
parison serves as a key mechanism for evaluating one’s
standing [7]. The prevalence of digital social comparison
among Chinese university students may be exacerbated
by cultural emphasis on academic and social achieve-
ment, creating a context where online social comparison
may be especially detrimental to mental health. Recent
research suggests that Chinese youth may be particu-
larly vulnerable to negative social comparison on digital
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platforms due to the intersection of traditional collec-
tivistic values with modern competitive academic and
professional environments [18]. Additionally, the rapid
socioeconomic transitions in contemporary China have
created intergenerational differences in values and expec-
tations, potentially intensifying young adults’ concerns
about social evaluation and status comparison [19].
These culturally specific factors may help explain why
social-comparison-motivated technology use demon-
strated particularly strong associations with subsequent
depression in our sample of Chinese university students.

Strengths and limitations

This study has several strengths, including its longitudi-
nal design, large sample size, high retention rate, meas-
urement of multiple technology use dimensions, and
application of advanced statistical methods (RI-CLPM)
that distinguish between- from within-person effects.
Furthermore, this study addresses important gaps in the
literature by examining a non-Western population and
investigating potential moderating factors. However, sev-
eral limitations warrant consideration. First, despite the
longitudinal design, the study cannot definitively estab-
lish causality due to potential unmeasured confound-
ing variables. While cross-lagged panel models provide
information about temporal precedence, which is one
criterion for causality, they cannot rule out all alternative
explanations for observed associations. The relationships
identified should therefore be interpreted as sugges-
tive of potential causal pathways rather than definitive
evidence of causation. Second, technology use patterns
were primarily assessed through self-report measures,
which may be subject to recall bias. Future studies should
incorporate objective measures (e.g., device tracking
applications) alongside self-reports. Third, although we
conducted measurement invariance testing that sup-
ported the comparability of our measures across time
points, some measures (particularly the Technology Use
Questionnaire) have limited validation evidence com-
pared to more established clinical measures. Fourth, our
operationalization of technology use patterns, while mul-
tidimensional, does not capture all potentially relevant
aspects of digital engagement, such as passive versus
active use or exposure to specific content types. Fifth, the
observed effect sizes, while statistically significant, were
generally small to moderate, suggesting that technology
use is just one of many factors influencing depression tra-
jectories. Sixth, our sample, while large and demographi-
cally diverse within the university student population,
had a disproportionate representation of overweight/
obese individuals (55.6%) compared to the general Chi-
nese university student population, potentially affecting
the generalizability of our findings. Finally, our analysis
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of BMI as a moderator, while revealing important dif-
ferential susceptibility patterns, does not elucidate the
specific mechanisms through which BMI influences tech-
nology-depression relationships. While the study has a
9-month follow-up period allowed examination of short-
term effects, longer-term studies are needed to under-
stand how technology-depression relationships evolve
over extended periods. Finally, the sample was limited to
university students in eastern China, potentially limiting
generalizability to other populations and regions.

Future directions

Several avenues for future research emerge from our
findings. First, experimental studies manipulating spe-
cific technology use patterns (e.g., randomized trials of
night-time use restriction) could provide stronger causal
evidence regarding technology-depression relationships.
Second, studies incorporating more frequent assessments
(e.g., ecological momentary assessment) could illuminate
more proximal processes connecting technology use and
mood fluctuations. Third, neuroimaging studies examin-
ing neural correlates of different technology use patterns
in relation to depression may provide insights into under-
lying mechanisms. Finally, intervention studies targeting
pattern-specific technology use should examine whether
such approaches effectively reduce depression risk or
improve symptoms among those already experiencing
depression.

Conclusion

This longitudinal study demonstrates complex, pattern-
specific bidirectional relationships between technology
use and depression among Chinese university students.
The findings reveal that certain technology use patterns
(night-time use, social-comparison-motivated use) more
strongly predict subsequent depression, while others
(escapism-motivated use) are more strongly predicted by
depression. Additionally, these relationships are moder-
ated by BMI, with stronger adverse effects among indi-
viduals with overweight/obesity. These nuanced findings
challenge simplistic narratives about technology-depres-
sion relationships and suggest the need for pattern-spe-
cific, personalized approaches to both assessment and
intervention. As digital technology continues to perme-
ate daily life, understanding these complex interrelation-
ships will be increasingly crucial for promoting mental
health among university students.
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