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Abstract

Research using subjective measures suggests that young people spend large amounts
of their leisure time using digital media, which may affect their mental health. Of
particular concern is that smartphone screen-time may replace health-promoting
activities such as sleep and thereby contribute to mental health problems. Considering
that previous studies primarily relied on subjective reports of screen-time and its effects
on youth mental health, the objective of the current research was to examine whether
screen-time objectively measured via mobile sensing was associated with internalizing
(e.g., anxiety, depression) and externalizing (e.g., impulsivity, aggression) symptoms and
whether this association was mediated by reduced sleep duration. 407 Canadian
youths aged 15-25 completed questionnaires about their mental health symptoms and
used a mobile sensing app to measure screen-time and sleep for at least 14 days. The
association between screen-time and mental health symptoms and the mediation of
sleep duration were tested by fitting structural equation models. Results suggested that
objectively measured smartphone screen-time was indirectly associated with
externalizing symptoms through reduced sleep duration, but showed no significant
association with internalizing symptoms. These findings complement previous research
that used subjective measures and highlight the need to provide support and resources
to youth to promote healthy screen use and healthy sleep habits.
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Excessive screen-time has been consistently found associated with depression, anxiety, conduct disorders, and
attention problems in young people (Eirich et al., 2022; Elhai et al., 2020; Li et al., 2021; Yang et al., 2019). The
COVID-19 pandemic and subsequent public-health-mandated restrictions have further fostered a strong reliance
on digital media for nearly all facets of daily life (e.g., schooling, socialization, entertainment), thereby resulting in
dramatic increases in screen-time among youths. Specifically, a recent meta-analysis including 46 studies
suggested that screen-time increased by over 50% during the pandemic (Madigan et al., 2022). Thus, excessive
screen-time can be considered a major public health concern for young people and understanding the association
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of screen-time with mental health problems may help inform the development of policies and interventions to
promote healthy screen use and better mental health in young people.

While research has consistently linked screen-time with poor mental health, the direction of the association
remains unclear. While it is plausible that excessive screen-time could contribute to mental health issues, existing
mental health challenges could also drive increased screen use; for example, young people experiencing anxiety
or depression may turn to screens for distraction or social connection, potentially reinforcing a negative cycle
(Twenge & Campbell, 2018).

Numerous mechanisms could account for the association between screen-time and mental health problems.
Some recent studies have highlighted that prolonged screen-time, particularly on mobile devices, is linked to
fragmented attention and reduced cognitive control, heightening stress and contributing to anxiety and
depression (Santos et al., 2024). Social isolation, disrupted sleep, reduced physical activity and exposure to nature
have also been found as additional mechanisms (Deyo et al., 2024; Twenge & Campbell, 2018; Verma et al., 2022).
Overall, it appears that displacement hypothesis offers a key explanation. Displacement hypothesis posits that
screen-time indirectly affects mental health because it displaces time participating in healthier activities, such as
sleep, physical activity, and social exchanges known to foster mental health (Cain & Gradisar, 2010; Exelmans &
Van den Bulck, 2019). Among these factors, the indirect pathway through sleep warrants particular attention, as
over 72% of youths report checking their screens as the last activity before falling asleep (Government of Canada,
2021a). Importantly, research consistently demonstrated a strong association between screen-time and poor
sleep quality (Hale & Guan, 2015), which, in turn, is a significant predictor of mental health issues (Alonzo et al.,
2021; Cavalli et al., 2021; Guerrero et al., 2019; Leung & Torres, 2021; Li et al., 2019). The mechanisms hypothesized
to underlie this relationship include disruptions caused by social media notifications (Godsell & White, 2019),
suppression of melatonin and subsequent circadian rhythm disturbances due to screen exposure (Touitou et al.,
2016), and increased stress or worry from cyberbullying and technology-driven social comparison (Hoge et al.,
2017; Landoll et al., 2015; Viner et al., 2019). Yet, screen-time may also have direct effects on mental health
independent of sleep. For example, Elhai et al., (2019) found that excessive screen-time, particularly on social
media, directly correlates with symptoms of depression and anxiety. Additionally, studies have highlighted poor
self-regulation and emotional coping in youth who spend prolonged time on screen (Landoll et al., 2015; Vernon
et al., 2018). Thus, both direct and indirect effects warrant investigation.

Despite the growing body of evidence, findings remain mixed, with some studies failing to identify significant
associations between screen-time and mental health (Przybylski & Weinstein, 2017). Methodological differences,
such as subjective self-report measures, variability in screen-time definition, and differences in population
demographics, may account for these inconsistencies. Researchers underscore that longitudinal studies and the
use of objective measurement tools remain crucial for disentangling and better understanding the directionality
of these associations (Orben & Przybylski, 2019). Most studies on screen-time and mental health rely on subjective
self-reports, which are often inaccurate due to underreporting (Arundell et al., 2019; Da Costa et al., 2021; Wade
et al., 2021). Self-reported data is frequently biased by recall errors, social desirability, and inconsistent
interpretation of screen-time activities (Boase & Ling, 2013; Parry et al., 2021). Such tools leverage smartphone
sensors to unobtrusively and accurately track screen-time, offering a more reliable assessment of actual device
usage (Dissing et al., 2022; Druijff-van de Woestijne et al., 2021; Meyerhoff et al., 2021; Torous et al., 2016).
Objective measures have also been shown to capture nuanced usage patterns, such as nighttime usage, which
are often missed in self-report surveys (Ellis et al., 2019). As a result, novel, objective measurement methods are
needed (Borger et al., 2019; Wade et al., 2021). Moreover, considering that different operating systems emphasize
distinct designs around aspects such as parental controls (Peltonen et al., 2018), the type of operating system may
impact potential associations. Importantly, mobile sensing apps implemented on most devices have already been
shown to successfully measure screen-time in youths (MacLeod et al., 2021; Wade et al., 2021).

Additionally, demographic factors such as sex and maternal education may influence the relationship between
screen-time, sleep, and mental health. Research indicates sex-based differences in smartphone usage, sleep
behaviours, and the prevalence of externalizing and internalizing symptoms (Atherton et al., 2018; Godsell &
White, 2019). Furthermore, maternal education has been linked to youth mental health outcomes (Hosokawa &
Katsura, 2017), suggesting that these variables are critical for understanding the broader impact of screen-time.

Thus, the primary objective of the present study was to determine whether smartphone screen-time objectively
measured via a mobile sensing app is associated with poorer mental health in young people. The secondary
objective was to examine whether screen-time is directly associated with poorer mental health or indirectly



through its impact on sleep. Specifically, we assessed whether sleep duration mediates the relationship between
screen-time and mental health outcomes.

We hypothesized that:
H1: High levels of objectively measured smartphone screen-time would be associated with poorer mental health.

H2: Screen-time would lead to reduced sleep, which, in turn, would negatively affect mental health.

Methods

Sample

The sample consisted of 550 young people, aged 15-25 years, who spoke fluent English and owned a smartphone
(iOS or Android). The data were collected between June 2020 and November 2021. Participants in inpatient mental
health treatment were excluded from the study. Participants were recruited through online methods, such as
university electronic platforms (SONA), social media platforms (e.g., Instagram, Facebook) and Canadian ad sites
407 participants, with an average age of 20.94 years (SD = 2.5). Biological sex was reported as female by 84% of
the sample (342 participants). In terms of phone operating system, 74% of participants (302) used an iOS device,
and 26% (105) used the Android operating system. For ethnical background, participants could select one or more
categories, depending on their identity; as such, 24% participants identified as Asian, 3% as Black/African, 68% as
White, 3% identified as Hispanic, 3% as Indigenous, less than one percent as Pacific Islander, and 9% opted for Other
or preferred not to answer the question. Maternal education was used as a substitute for socioeconomic status,
and 5% of participants reported that their mother’s did not finish high school education, 17% reported that their
mother’s education included graduating from high-school, 22% reported further education beyond high-school,
while 54% reported university level education, with the rest of the participants reporting that they did not know
or preferred not to answer this question.

Procedure and Consent

Potential participants were guided through detailed information regarding study procedures and consent via
“REDCap,” a platform specifically designed to conduct online studies (Garcia & Abrahdo, 2021) and approved by
provincial health authorities. First, REDCap offered detailed information about the purpose and steps of the study
and provided opportunities to request more information or ask questions. Then participants provided their
consent to participate in the study through their online signature via REDCap. Next, participants provided
demographic information and completed the questionnaire (SDQ). After completing this step, participants were
provided with detailed instructions on installing and downloading the mobile sensing app (PROSIT) and were
recommended to use it for at least 14 consecutive days; some participants opted to use the app for a longer
period. All study procedures were consistent with the Declaration of Helsinki and were approved by the Dalhousie
University Research Ethics Board. Participants received a $60 CAD (approx. 37 EUR) gift card as compensation for
their time.

Measures

Objective Duration of Smartphone Screen-Time

Duration of average daily screen-time, in seconds, was assessed through the PROSIT app (previously described in
detail elsewhere (MacLeod et al., 2021). The app runs automatically in the background, and it does not need user
input to monitor smartphone use behaviour. All collected data were uploaded to secure databases at Dalhousie
University. After quality control preprocessing (excluding participants with screen-time longer than 10 hours per
day, likely due to device misuse or technical errors, as well as participants who had less than 14 days of app data
collected), the duration of smartphone screen-time was calculated by summing the intervals between the time
when the user turned on the device and actively used it and when the screen was turned off. This passive, low-
burden method of data collection has been suggested to provide a more accurate measure of daily screen-time
than subjective self-reports (Parker et al., 2022; Wade et al., 2021).



Sleep Duration

Duration of average daily sleep, in seconds, was similarly assessed through the PROSIT app. In line with previous
work, a validated sleep algorithm was employed to identify the nighttime intervals when the device was not in use,
which would suggest a sleep episode (Ciman & Wac, 2019). To ensure high data quality, sleep intervals were
required to last longer than 4 hours and less than 10 hours and had to occur between 9 p.m. and 9 a.m. While
actigraphy is widely used to objectively measure sleep (Ancoli-Israel et al., 2003), in the context of this study the
outlined method of determining sleep based on screen interactions seemed preferable as actigraphy was
observed to misclassify bedtime screen use as a period of sleep (Borger et al., 2019; Otte Andersen et al., 2022).

Youth Mental Health

The Strengths and Difficulties Questionnaire (SDQ; Goodman, 1997) was used as a measure of youth mental health
due to its high concurrent validity with other means of assessing youth mental health (Goodman & Scott, 1999),
its fair internal consistency (a =.73), and test-retest reliability (.62; Goodman, 2001).The questionnaire asks the
participant to rate 25 affirmations on a three-point Likert scale and provides an assessment of two main factors -
internalizing (e.g., anxiety, depression) and externalizing (e.g., impulsivity, aggression) symptoms. Higher scores
are indicative of greater numbers of symptoms. In our sample, the findings aligned with previous results, obtaining
a Cronbach'’s Alpha of .75 for the internalizing subscale, and an Alpha value of .68 for the externalizing subscale.

Covariates

Demographic data were collected using an adapted Statistics Canada self-report questionnaire (Government of
Canada, 2021b), including age, biological sex, current mental health treatment, maternal education and type of
smartphone operating system used. We controlled for the current mental health treatment based on participants’
self-reports to account for any potential biases. In addition, maternal education was used as a substitute for
socioeconomic status, being considered a good proxy for this type of information (Jackson et al., 2017). Finally,
phone operating system type (Android or iOS) was examined as a potential covariate in a sensitivity analysis, due
to the fact that previous studies have highlighted that users of different operating systems (e.g., iOS and Android)
may have varying usage patterns due to difference in app ecosystems, user interfaces and demographic factors
(Benenson et al., 2013; Zhao et al., 2019).

Data Analysis

Analyses were conducted in the period of January-March 2022. There were 550 participants invited to the study,
and 20 individuals declined to participate. We excluded 79 participants with values of screen-time that were
considered extreme (screen-time over 10 hours per day, which is 3 or more times the usually observed screen-
time (Li et al., 2021; Nagata et al., 2021), who had inconsistent technical data, or who had less than 14 days of app
data collected. Forty-four participants who did not have qualifying sleep data were also excluded. Among the
remaining 407, some participants opted not to answer one or more items on the mental health questionnaire
(SDQ), which precluded the calculation of a total score on the internalizing or externalizing symptom scores. We
excluded 26 participants with these missing values on internalizing and 18 on externalizing symptoms from further
analysis. We compared this subsample (n = 407) to the full sample who started the study (n = 530) using
independent samples t-tests and x2-tests. There were no statistically significant differences observed between
groups in terms of age, biological sex, maternal education, current treatment status, internalizing or externalizing
symptoms (all p >.05). We thus continued our analysis with the subsample (n = 407). We first calculated descriptive
statistics (presented below in Tables 1 and 2). Our results showed that participants used the app for an average
of 31.41 days (SD = 11.01) during the study, and the mean duration of objectively measured smartphone screen-
time per day was approximately 3.57 hours (SD = 1.71). The average duration of sleep per day recorded by the app
was 7.44 hours (SD = 0.99).



Table 1. Sociodemographic Characteristics of Participants.

Characteristic n (%) Total
Biological Sex 407
Female 342 (84)

Male 65 (16)

Phone Type 407
Android 105 (26)

i0S 302 (74)

Current Mental Health Treatment 407
Yes 85 (19)

No 322 (71)

Mother's education 407
Did not finish High school 19 (5)

Finished High school 70(17)

Further education 91 (22)

University 221 (54)

| don't know 3(<1)

Prefer not to answer 3(<1)

Ethnical background 407
Asian 99 (24)
Black/African 13(3)

White 278 (68)

Hispanic 11 (3)
Indigenous 12 (3)

Pacific Islander 1(<1)

Other 36 (9)

Table 2. Descriptive Statistics (Mean, Standard Deviation).

Variable M SD
Age 20.94 2.5
PROSIT app use 31.41 11.01
Screen-time 3.57 1.71
Sleep per day 7.44 0.99

Next to test our hypotheses, a single structural equation model (SEM) was specified using the “lavaan” package
(Rosseel, 2012). Specifically, the model evaluated whether objectively measured smartphone screen-time was
associated with internalizing and externalizing symptoms, and whether these associations were mediated by sleep
duration. Internalizing and externalizing symptoms were specified as second-order latent variables, defined by
subscale-level first-order latent constructs from the Strengths and Difficulties Questionnaire (SDQ). Internalizing
symptoms were represented by their corresponding latent constructs/subscales (i.e., peer problems and
emotional symptoms), while externalizing symptoms were represented by their corresponding subscales (i.e.,
conduct and hyperactivity symptoms). The predictors included screen-time, current mental health treatment,
biological sex and maternal education. Covariance between the outcomes was also estimated to account for the
expected correlation between these symptom dimensions. The model was estimated using Diagonally Weighted
Least Squares Mean and Variance adjusted estimation to handle missing data and ensure unbiased parameter
estimates. Bootstrapped standard errors and confidence intervals were computed using 1,000 resamples. The
analysis included 379 observations out of the original 407, with missing data handled by the pairwise deletion
mechanism intrinsic to the WLSMV estimator. The missingness in the data was evaluated using Little's MCAR test
to assess whether the data were missing completely at random. Little's MCAR test identified three distinct
missingness patterns across the main variables; the majority of cases (379) had complete data, while two smaller



groups exhibited partial missingness. The Hawkins test for normality and homoscedasticity yielded a
p-value of .281, indicating that there is no significant evidence against the assumption that the missing data are
MCAR.

In addition, we conducted the following sensitivity analyses. First, because different operating systems (e.g., iOS
and Android) can affect screen-time measures (Benenson et al., 2013; Zhao et al., 2019), we assessed differences
in screen-time by operating system using an independent samples t-test. Results revealed a significant difference
between groups; t(174.62) = 3.96, p <.001. Accordingly, we adjusted the SEM models outlined above for operating
systems, presenting results in Tables 5 and 6. Second, as the association between screen-time and youth mental
health may differ across mental health profiles (Fassi et al., 2025), we conducted multi-group path analyses
comparing youth currently receiving mental health treatment to those not in treatment. Following
recommendations by van de Schoot et al. (2012), we tested a series of increasingly restrictive models to evaluate
group invariance. Model 1 assessed configural invariance by fitting the same model in both groups without
equality constraints. Model 2 tested intercept invariance by constraining the intercepts to be equal across groups.
Model 3 further constrained the regression coefficients to be equal between groups. Model comparisons were
evaluated using nested model fit indices, including Ax? tests with non-significant p-values, ACFI <0.01, and ARMSEA
< 0.015, as recommended by Chen (2007) and Cheung & Rensvold (2002). R statistical software version 4.1.2 (R
Project for Statistical Computing) was used for all analyses (Giorgi et al., 2022).

Results

An SEM model was estimated to examine whether objectively measured smartphone screen-time was associated
with internalizing and externalizing symptoms in youth, and whether these associations were mediated by sleep
duration. The model demonstrated adequate fit to the data, x3255) = 447.56, p < .001, CFl = .937, TLI = .928,
RMSEA =.041; 90% CI [.033, .048], and SRMR =.061. The main model’s results are presented below in Table 3 and
Figure 1, and the covariates’ effects are presented in Table 4.

Figure 1. Sleep as a Mediator of the Relationship Between Duration of Smartphone-Based
Screen-time and Externalizing Symptoms, Using Standard Coefficients.

Sleep duration
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Note. Standardized parameter estimates are reported. Dotted lines indicated non-significant parameters. Covariates were not depicted for
the sake of simplicity. Full arrows indicate significant paths. * p <.05.

Screen-time was not directly associated with externalizing symptoms; 3 =.118, SE=.023, p =.212, 95% CI [-.011,
.078]. However, there was a significant indirect effect via sleep duration; 3 =.067, SE =.007, p =.016, 95% CI [.016,
.089], indicating that higher screen-time was related to shorter sleep, which in turn was associated with greater
externalizing symptoms. The total effect of screen-time on externalizing symptoms was also significant;
B =.185, SE=.022, p =.042, 95% CI [.003, .085].

In contrast, screen-time was not significantly associated with internalizing symptoms either directly; p = .094,
SE=.013,p=.178,95% Cl [-.005, .048] or indirectly through sleep; B =.032, SE =.004, p =.155, 95% CI [-.003, .047].
The total effect of screen-time on internalizing symptoms was also nonsignificant; f =.126, SE=.013, p =.073, 95%
Cl [-.007, .049].

Among the covariates, not being in current mental health treatment was significantly associated with shorter sleep
duration (B =-.102, p =.030), higher externalizing symptoms (3 =.278, p <.001), and higher internalizing symptoms
(B =.267, p=.001), relative to those currently in treatment. Biological sex was significantly associated with greater



sleep duration (B = .142, p = .003) and more internalizing symptoms (8 = .209, p = .003) among males, but no
differences were observed in externalizing symptoms. Higher maternal education was significantly related to
fewer externalizing symptoms (B = -.169, p = .018) but was not significantly associated with sleep duration or
internalizing symptomes.
Table 3. Structural Equation Results Depicting Effects of
Screen-Time on Externalizing and Internalizing Symptoms via Sleep Duration.
Outcome B SE 95% CI [LL, UL] p-value B
Externalizing

Direct effect (screen-time - externalizing) .028 .023 [-.011,.078] 212 118
Indirect effect (screen-time > sleep >

externalizing) .016 .007 [.016, .089] .016 .067
Total effect (screen-time > externalizing) .044 .022 [.003, .085] .042 .185
Internalizing

Direct effect (screen-time - internalizing) .018 .013 [-.005, .048] 178 .094
Indirect effect (screen-time > sleep > 006 004 [-.003, .047] 155 032

internalizing)
Total effect (screen-time - internalizing) .024 .013 [-.007, .049] .073 126

Note. B = unstandardized estimate; SE = standard error; Cl = confidence interval; 8 = standardized estimate. Results are
adjusted for current mental health treatment, biological sex and maternal education.

Table 4. Covariate Effects on Sleep Duration and Internalizing and Externalizing Symptoms.
Outcome Covariate B SE 95% CI [LL, UL] p-value B

Sleep Duration

Current Treatment -.252 116 [-.482, -.025] .030 -.102
Biological Sex .386 130 [.130, .633] .003 142
Mother's Education .046 .051 [-.054, .147] .359 .046
Externalizing
Current Treatment 162 .043 [.071, .242] <.001 278
Biological Sex .014 .046 [-.064, .121] 767 .021
Mother’s Education -.04 .017 [-.074, -.008] .018 -.169
Internalizing
Current Treatment 125 .038 [.060, .214] .001 .267
Biological Sex 107 .036 [.043,.182] .003 .209
Mother’s Education -.001 .011 [-.024, .021] .948 -.004

Note. B = unstandardized estimate; SE = standard error; Cl = confidence interval; B = standardized estimate. Please note that
current mental health treatment has been coded as 7 when not in treatment and 0 as in treatment; for biological sex, female
participants are coded as 0 and male participants as 7.

Sensitivity Analyses

In sensitivity analyses, we first added smartphone operating system as a covariate to the main model. The model
fit was adequate, x3(273) = 469.12, p <.001, CFl =.937, TLI = .928, RMSEA = .044; 90% CI [.037, .050], SRMR = .060.
The results indicated that the indirect effect of screen-time on externalizing symptoms via sleep remained
significant (B = .062, p = .020). Moreover, the direct effect of screen-time on externalizing symptoms remained
non-significant (B = .124, p = .184), and the total effect was significant (B = .186, p = .040). For internalizing
symptoms, no significant direct (B = .088, p =.200), indirect (B =.016, p = .433), or total effects (B =.104, p =.137)
were observed. The results also indicated that the covariate smartphone operating system had a significant effect
on sleep duration, such that iOS users reported longer sleep than Android users (B = .325, p < .001). Phone
operating system was not significantly associated with externalizing symptoms (3 =.080, p =.343) or internalizing
symptoms (B =-.121, p =.102). Detailed results are presented in Table A1 and Table A2 (Appendix).

Next, we conducted multi-group comparisons by current mental health treatment status by comparing three
nested models. Configural invariance (Model 1), invariance of the intercepts (Model 2), and invariance of the



regression coefficients (Model 3) were tested. The model comparison showed that the values across Model 1 and
Model 2 (Ax?= 22.583, df =15, p=.093) and Models 1 and Model 3 (Ax?= 42.714, df =33, p=.120) didn't differ.
Adding the equality constraints on the intercepts and regression coefficients didn't worsen model fit; this indicated
that youth currently receiving mental health treatment don't need to be separately analyzed from those not in
treatment. Therefore, a model across both mental health profiles was fitted, which demonstrated adequate fit to
the data, x3(237) = 420.35, p <.001, CFl =.939, TLI =.929, RMSEA =.049, 90% Cl [.041, .056], and SRMR =.061. The
model’s results are presented below in Table A3 and Figure A1 (Appendix).

Screen-time was not directly associated with externalizing symptoms; B =.123, SE=.023, p = .183, 95% CI [-.012,
.079]. However, there was a significant indirect effect via sleep duration; 3 =.079, SE =.008, p =.011, 95% CI [.006,
.036], indicating that higher screen-time was related to shorter sleep, which in turn was associated with greater
externalizing symptoms. The total effect of screen-time on externalizing symptoms was also significant; 8 =.202,
SE=.022, p =.023, 95% CI [.009, .095].

In contrast, screen-time was not significantly associated with internalizing symptoms either directly; B = .098,
SE=.015, p = .207, 95% Cl [-.006, .053] or indirectly through sleep; B = .044, SE = .005, p = .091, 95% ClI
[-.000, .095]. The total effect of screen-time on internalizing symptoms was also nonsignificant; 8 =.142, SE=.016,
p =.075,95% Cl [-.002, .064].

Discussion

The study aimed to investigate the relationship between smartphone screen-time, sleep duration, and mental
health outcomes. Two main hypotheses were tested: 1) whether high levels of objectively measures smartphone
screen-time were associated with poorer mental health and 2) whether screen-time contributed to reduced sleep
duration, which in turn would negatively affect mental health, supporting displacement hypothesis that suggests
screen-time may disrupt sleep and subsequently impact mental well-being.

In the present study, the hypotheses were partially supported. Using objective measures, our results highlighted
that screen-time was not directly associated with internalizing or externalizing symptoms; however, there was a
significant indirect association between screen-time and externalizing symptoms, pointing to a relationship
mediated by other factors, in this case, sleep duration. In contrast, no significant associations were found between
screen-time and internalizing symptoms, and sleep did not significantly mediate this relationship.

Sensitivity analyses confirmed that results remained robust after additional adjustments for the operating system.
Similarly, multi-group comparisons indicated that the estimated paths and effects were consistent for both youths
currently receiving mental health treatment and those who were not.

Our findings align with some longitudinal (Johnson et al., 2007; Ra et al., 2018) and cross-sectional (Mathers et al.,
2009) studies that found a significant link between screen-time and poor mental well-being in youth. In contrast,
other studies suggest the directionality of the association is not as clear as children enter preadolescence and that
other factors (such as problematic behaviours, family environment) could impact the association between sleep,
screen-time, and mental health (Boers et al., 2019; H. Cao et al., 2011; Ferguson, 2011; Primack et al., 2009; Riehm
et al., 2019; Sanders et al., 2019).

A meta-analysis including over 87 studies employing subjective measures of screen-time indicated that while high
levels of screen-time were associated with higher levels of internalizing and externalizing symptoms, the
association with screen-time was significantly stronger for externalizing symptoms (Eirich et al., 2022). Genetic
studies similarly provided evidence for higher correlations of genetic underpinnings of screen-time with
externalizing than internalizing symptoms (Wang et al.,, 2022; Wendt et al., 2019). Our results are therefore
consistent with a stronger linkage of higher screen-time with externalizing symptoms.

The study's findings are based on objectively obtained data, and as previously outlined, studies using mobile
sensing technology to determine the association of screen-time with mental health problems are scarce. Pilot
studies using mobile sensing apps to measure screen-time provided inconsistent findings for and against an
association of screen-time with internalizing symptoms (J. Cao et al., 2020; MacLeod et al., 2021). Similarly, a small
pilot study (Wen et al., 2021) involving 26 participants found multiple correlations between objectively measured
screen-time with externalization/impulsivity traits (such as non-planning, perseverance and sensation seeking).

Some literature suggests that the association of screen-time with externalizing symptoms represents a direct
causal effect. Specifically, the fast-paced and intense audiovisual effects of digital media may encourage attention



to quickly shift, increase arousal and impede self-regulation strategies, which may be associated with externalizing
symptoms (Eirich et al., 2022; Madigan et al., 2019). In our study, the effect of screen-time on externalizing
symptoms was primarily mediated by reduced sleep, supporting the hypothesis of indirect causality, consistent
with a displacement interpretation; namely, that the effects of additional screen time are mediated by displacing
sleep. Compatible with our findings, a recent study that used subjective measures similarly observed that screen-
time exacerbates externalizing symptoms indirectly through increased sleep disturbances (Cavalli et al., 2021). For
internalizing symptoms, studies provided inconsistent results concerning the mediating role of sleep (Leung &
Torres, 2021; Li et al., 2019).

Adequate sleep is vital for adolescent brain function and behaviour because of its involvement in brain
development, learning, memory, and emotion regulation (Tarokh et al., 2016). Thus, a reduction in sleep can be
expected to contribute to the development of mental health problems. Considering potential pathological
mechanisms, screen-time may interfere with sleep by substituting for sleep time, delaying sleep onset, or causing
disruptions from nighttime notifications and fear of missing out (Godsell & White, 2019; Tandon et al., 2021).
Furthermore, technology-based stressors like cyberbullying and social comparisons may contribute to sleep
difficulties (Hoge et al., 2017; Landoll et al., 2015; Viner et al., 2019). Light exposure from screens can also supress
melatonin production and disrupt physiological processes linked to sleep (Chang et al., 2015; Combertaldi et al.,
2021; Heo et al., 2017) and may even contribute to neuroinflammation (Verma et al., 2022).

Although the effect sizes found in this study are small, the consequences of excessive screen-time at a population
level are likely meaningful, as so many youth exceed screen-time guidelines (Tapia-Serrano et al., 2022). Therefore,
interventions are urgently needed to promote healthy screen use in youth. There is evidence that interventions
that promote media literacy can change attitudes and intentions to engage in screen use (Vahedi et al., 2018). In
addition, a recent randomized clinical trial showed that interventions reducing screen-time can boost engagement
in more health-promoting activities (Pedersen et al., 2022).

Strengths and Limitations

To the best of our knowledge, our study is one of the first to investigate the potential effect of sleep as a mediator
of the association between smartphone screen-time and youth mental health using objective measures. This
objectivity is a major strength as it addresses the challenges posed by more subjective measures, such as self-
report, in studying the effects of screen-time (Neville et al., 2021).

However, the study also has multiple limitations. Because of its design, this study could only evaluate associations
between variables; the causality and directionality of these associations cannot be inferred. Results are further
limited by the inability of passive mobile sensing techniques to capture all screen use (such as television, and
computer). Future research should consider collecting more granular and in-depth data regarding cross-media
usage patterns. However, given the dramatic increases in young people’s use of digital media in recent years, there
is unique value in measuring and investigating this form of screen-time specifically (McDaniel & Radesky, 2020).
Measuring sleep objectively, through smartphone interactions, might be viewed as a good still very new alternative
to other technologies such as actigraphy (Borger et al., 2019), having the advantage of reaching a larger number
of participants and assessing behaviour in a naturalistic manner. This type of assessment becomes more salient
for younger participants, since many of them report using their phone in bed, awake, while engaging in very little
physical movement (Vernon et al., 2018). However, the limitation that needs to be considered is that the
technology is still in the early phases of development, compared to actigraphy, which has been researched and
validated over a longer period of time.

In addition, not all screen-time may have a detrimental impact on youth mental health. The pandemic has
underscored that young people also use screens for positive purposes, such as education or entertainment
(Ribner et al., 2021) and social interactions with peers, family, and other people important to them (Pang, 2022). A
recent study (Liu et al., 2023) found that the link between screen-time (e.g., social media, movie viewing) with
anxiety and depressive symptoms varied by type of screen viewing. As such, more nuanced aspects of screen-
time, such as screen content (e.g., social media, games), context (e.g., active vs. passive use), and motives (e.g.,
social contact, education, entertainment), should accordingly be examined in future studies.

Furthermore, the algorithm employed to quantify sleep in this study may be considered too simple in its current
form and may require further validation. Considering that sleep is a multidimensional concept (Buysse, 2014) and
taking advantage of the multitude of other sensors available, richer contextual information could be gathered to



generate estimates of other sleep features, such as sleep onset latency, sleep quality, sleep duration during
weekdays and weekends, and diurnal variation (Joshi, 2022). To confirm the quality of these estimates, additional
objective measures could be used to corroborate the findings, such as through actigraphy or sleep studies.
Moreover, other variables that are known to interact with sleep and mental health should be investigated, such
as physical activity (H. Cao et al., 2011; Wang et al., 2022). Additionally, future studies that include a larger sample
and more in-depth screen-time information may be able to better discern whether specific types of smartphone
use have a direct effect on externalizing symptoms and whether they are mediated by sleep duration. In particular,
considering the sensitivity analyses results, replication in larger and more balanced samples could help to confirm
patterns. Another limitation may be derived from the fact that the majority of the sample was female, and this
aspect may impact the generalizability of results. While female participants are more likely to volunteer to
participate in research (Galea & Tracy, 2007), we must take into consideration that girls and young women are
more likely to experience psychological distress due to mobile device use, particularly through the detrimental
effects of social media (Abi-Jaoude et al., 2020). Finally, this study might have limited generalizability since it took
place during the COVID-19 pandemic period and it relied on cross-sectional data, which can bias mediation
estimates and may not fully represent longitudinal causal relationships (Maxwell et al., 2011).

Conclusions

The association between screen-time and youth mental health has garnered marked attention from the academic,
health, and public sectors. In this study making use of the objective methodology of mobile sensing, smartphone
screen-time was significantly associated with externalizing symptoms, which was explained by reduced nighttime
sleep duration. Our study thereby complements those studies using subjective measures of screen-time in cross-
sectional designs or longitudinal cohorts, indicating the need for further investigation of the relationship between
screen-time use and youth mental health. Our findings may also help inform interventions to boost media literacy
and reduce screen-time in favor of more health-promoting activities.
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Appendix

Table A1. Structural Equation Results Depicting Effects of Screen-Time on Externalizing and Internalizing Symptoms via Sleep
Duration, With Operating System Added as an Additional Covariate.

Outcome B SE 95% CI [LL, UL] p-value B
Externalizing

Direct effect (screen-time > externalizing) .030 .022 [-.012,.077] .184 124
Indirect effect (screen-time > sleep > externalizing) .015 .006 [.003, .028] .020 .062
Total effect (screen-time - externalizing) .045 .022 [.006, .091] .040 .186
Internalizing

Direct effect (screen-time - internalizing) .017 .013 [-.005, .048] .200 .088
Indirect effect (screen-time > sleep - internalizing) .003 .004 [-.003,.012] 433 .016
Total effect (screen-time - internalizing) .020 .013 [-.002, .053] 137 .104

Note. B = unstandardized estimate; SE = standard error; Cl = confidence interval; B = standardized estimate. Results are adjusted for
current mental health treatment, biological sex, maternal education, and operating system.

Table A2. Covariate Effects on Sleep Duration and Internalizing and Externalizing Symptoms (Sensitivity Analysis).
Outcome Covariate B SE 95% CI [LL, UL] p-value B

Sleep Duration

Current Treatment -.214 A1 [-.433,.004] .053 -.087
Biological Sex .258 129 [-.001, .501] .045 .095
Mother’s Education .037 .049 [-.061, .122] 450 .037
Phone Type 741 17 [.506, .980] <.001 .325
Externalizing
Current Treatment .163 .045 [.072, .256] <.001 279
Biological Sex .009 .047 [-.071, .117] .851 .014
Mother’s Education -.040 .018 [-.075, -.007] .022 -.170
Phone Type .043 .046 [-.042, .144] .343 .080
Internalizing
Current Treatment 127 .038 [.060, .212] .001 .268
Biological Sex 115 .039 [.049, .201] .003 221
Mother's Education .001 .012 [-.026, .022] .970 -.002
Phone Type -.053 .032 [-.125, .005] 102 =121

Note. B = unstandardized estimate; SE = standard error; Cl = confidence interval; B = standardized estimate. Please note
that current mental health treatment has been coded as 7 when not in treatment and 0 as in treatment; for biological sex,
female participants are coded as 0 and male participants as 7, while phone type was coded as 0 for Android and 7 for iOS.

Table A3. Structural Equation Results Across Mental Health Profiles.

Outcome B SE 95% CI [LL, UL] p-value B
Externalizing

Direct effect (screen-time - externalizing) .030 .023 [-.012,.079] .183 123
Indirect effect (screen-time > sleep > externalizing) .019 .008 [.006, .036] .011 .079
Total effect (screen-time > externalizing) .050 .022 [.009, .095] .023 .202
Internalizing

Direct effect (screen-time - internalizing) .019 .015 [-.006, .053] .207 .098
Indirect effect (screen-time > sleep - internalizing) .009 .005 [-.000, .020] .091 .044
Total effect (screen-time - internalizing) .028 .016 [-.002, .064] .075 142

Note. B = unstandardized estimate; SE = standard error; Cl = confidence interval; B = standardized estimate. Results are adjusted
for biological sex and maternal education.



Figure A1. Sleep as a Mediator of the Relationship Between Duration of Smartphone-Based
Screen-Time and Externalizing Symptoms Across Mental Health Profiles.

Sleep duration

. Externalizing
Screen-time | e e e e e e e o e o ————
30 symptoms

Note. Standardized parameter estimates are reported. Dotted lines indicated non-significant parameters. Covariates were not depicted for
the sake of simplicity. Full arrows indicate significant paths. * p <.05.
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