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The question of whether screen time, particularly time spent with social media and smartphones, inﬂuences
mental health outcomes remains a topic of considerable debate among policy makers, the public, and
scholars. Some scholars have argued passionately that screen media may be contributing to an increase in
poor psychosocial functioning and risk of suicide, particularly among teens. Other scholars contend that the
evidence is not yet sufﬁcient to support such a dramatic conclusion. The current meta-analysis included 37
effect sizes from 33 separate studies. To consider the most recent research, all studies analyzed were
published between 2015 and 2019. Across studies, evidence suggests that screen media plays little role in
mental health concerns. In particular, there was no evidence that screen media contribute to suicidal ideation
or other mental health outcomes. This result was also true when investigating smartphones or social media
speciﬁcally. Overall, as has been the case for previous media such as video games, concerns about screen
time and mental health are not based in reliable data.

Public Signiﬁcance Statement
Considerable debate has examined whether exposure to screen media including smartphones and social
media is associated with reduced mental health. This analysis suggests that, at present, the data are
unable to support such a belief.
Keywords: social media, suicide, screens, smartphones, adolescence, depression
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In recent years, intense debates have emerged among scholars,
policymakers, and the general public regarding the potential impacts of screen media on psychology and behavior. A prominent
area of debate is the extent to which screen media may be related to
poor psychosocial functioning, such as depression, anxiety, and
suicide ideation, particularly for young people. Such debates can
focus on screen media generally under the somewhat nebulous term
“screen time” or can focus on speciﬁc media such as types of social
media platforms, or devices (e.g., smartphones). There is a substantial divergence of opinion on this matter. While some scholars
suggest that screen media are a primary cause of a recent rise in teen
suicide (e.g., Twenge et al., 2018, 2020), others argue that the
evidence is mixed and insufﬁcient, with effect sizes too small to
illuminate clear relationships to mental health (e.g., Heffner et
al.,2019; Orben & Przybykski, 2019a). Furthermore, other studies
suggest that screen use, at least in some contexts, may have an
association with positive mental health (e.g., Grieve & Watkinson,
2016; Reinecke & Trepte, 2014; Utz, 2015; Wang et al., 2014).
This set of contradictory ﬁndings can make it difﬁcult to parse what
real effects may or may not exist. The possible social effects of
screen time can be particularly pertinent during periods of social
distancing due to the Coronavirus disease (COVID-19), wherein
many people may increasingly turn to screen media to maintain
social connections and fulﬁll a range of everyday tasks. Given
inconsistencies in the research literature, meta-analysis can be an
effective tool to help consolidate ﬁndings in this area and help
explore discrepancies. This rationale forms the basis for the current
article, which provides a consolidated analysis of the current state
of the science in this ﬁeld.

Why Media Effects Can Be Hard to Pin Down
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Before considering the issue of empirical evidence, it can be
helpful to understand the historical context of concerns over media
and why it can often be challenging to elucidate what links do and do
not exist between media use and adverse outcomes. It has been
observed that new media and technology regularly elicit periods of
moral panic in which societal stakeholders express considerable
anxiety over alleged pernicious effects, even when available data
are unclear or suggest such effects do not exist (Bowman, 2016;
Kutner & Olson, 2008). Initially, incentive structures tend to place
scholars and professional guilds such as the American Psychological Association (APA) under pressure to support the panic
(Ferguson, 2013; O’Donohue & Dyslin, 1996). With time, evidence
for the panic erodes, and society ultimately rejects links between the
new technology and negative outcomes (Bowman, 2016). A recent
example of this has involved the debate over whether video game
violence could be associated with aggression (Markey et al., 2015).
Of course, this pattern of moral panic around new technology
does not necessarily preclude the potential for some forms of screen
media to have real inﬂuences on mental health. For example,
compared to other media, social media may be integrated into
more aspects of our daily lives (including at home and work).
Similarly, while technologies still provide both synchronous and
asynchronous forms of communication, the variety of interactions
provided by smartphones is more expansive when compared against
older technologies. It would be premature to assume that screen
media concerns are related to past moral panics rather than real
potential harm.

SCREENS MENTAL HEALTH

Examining Terms: What Exactly Is “Screen Time?”
Many studies estimating the impact of screen media on mental
health consider the concept of “screen time,” a term that is controversial due to vague and shifting deﬁnitions, as well as conceptual
and methodological limitations.
In many studies, respondents are asked to estimate the amount of
time, either in raw hours or in categorical clusters, spent with
screens. Such inquiries may or may not specify entertainment
screens, adding a potential layer of confusion. Given that many
users may multitask with screens, differentiating between entertainment and nonentertainment screen usage is conceptually difﬁcult.
This may be particularly true during the time of the COVID-19
which saw a rapid increase in the use of screens for work, education,
socialization, and even mental health treatment (Branley-Bell &
Talbot, 2020), tasks that became limited or impossible during
lockdowns and social distancing.
Screen time as a concept is also confused for several other reasons
(Kaye et al., 2020). Firstly, the extensive interchangeable use of
terminology (e.g., screen time, digital media use, screen use), and
the tendency to conﬂate many different forms of technology under
one category. This may include clustering together screens such as
e-readers for books, to television, to video games, to smartphones,
and social media; each an expansive range of stimuli, served by an
even wider range of screen displays and functions. It is possible that
effects for different media may differ widely, observations about
which may be lost when all screen use is clustered together
(McDonnell et al., 2019).
Methodologically, our understanding of screen time is greatly
restricted by reliance on subjective self-reports of screen use. An
ever-growing body of work highlights that people are generally very
poor at estimating their screen use, as evidenced from studies
showing that self-reports often fail to accurately correspond to
objective behaviors (Ellis et al., 2019; Parry et al., 2021). A further
concern is that the relationship between screen use, such as smartphones, and mental health outcomes is substantially elevated when
using subjective reports of smartphone attitudes or estimates relative
to objective log data (Shaw et al., 2020). One alternative to selfreport would be the use of time diaries wherein respondents are
periodically asked or reminded to note current screen use in real time
(Orben & Przybylski, 2019a) or note their screen time via the
information provided in their device’s screen time settings. It is
also possible for some studies to obtain permission from respondents to simply track usage on respondent’s own devices (e.g., via
an app). Given the additional investment in developing this as a
more standardized approach in the ﬁeld, and increased methodological difﬁculty (e.g., a requirement for app installation and suitable hardware, the potential for respondents to be wary of data
tracking, etc.), self-report is likely to remain common for the
foreseeable future, despite its known issues.

A Brief and Broad Overview of Existing Research on
Screen Time and Mental Health
Scholars have been investigating the broad construct of “screen
time” for decades. A subject search for the term in PsycINFO reveals
642 hits (December 21, 2020). There was a sharp upturn in the usage
of the term by the mid-2000s—in line with the introduction of
Web 2.0 and many social media platforms. Of course, similar veins
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of research have existed for decades, even if not using the “screen
time” concept by name. For instance, concerns about television
viewing and mental health existed for decades, with research on
these topics reaching a climax in the 1980s (e.g., Rubinstein, 1983)
before largely switching to video games by the late 1990s. Concerns
in the research literature about the alleged harmful effects of other
mass media, such as radio (Preston, 1941) and comic books
(Wertham, 1954), in the research literature date to the 1940s.
The literature on “screen time” has grown substantially over the
last few decades. Such a large body of literature can be difﬁcult to
synthesize for several reasons. First, as deﬁnitions of “screen time”
are vague and conceptually elusive, they may change over time.
Second, technology has, itself, changed over time and what is
encompassed by the term “screen” may differ today from 10 or
even 5 years ago. Third, since the focus of media effects research
shifted toward “screen time” in the early 2000s, concerns about
problems with research replication have grown across social science
disciplines, including psychology; this will undoubtedly affect
perceptions and appraisals of the screen time research base
(Simmons et al., 2011). Because of these issues, the current review
of the evidence base focused primarily on the previous 5 years (at the
time of data collection) to best reﬂect both the most recent science
and the current technology of concern.

Is Screen Time Associated With Mental Health?
As aforementioned, the literature on screen time and mental
health has produced inconsistent results. Where some studies ﬁnd
positive correlations between screen time and mental health, others
ﬁnd negative links, and some fail to ﬁnd any relationship between
these variables (e.g., Dennison-Farris et al., 2017; Ferguson, 2017;
Heffner et al., 2019; Tamura et al., 2017; Višnjić et al., 2018).
Statistical effects are generally small in size (r < .10, which
corresponds to an overlap of variance of 1%) even when considered
“signiﬁcant.” This realization is particularly true for studies which
control for theoretically relevant third variables such as family
environment, gender, and preexisting mental health difﬁculties.
Thus, from a narrative review of existing studies, it is difﬁcult to
come to a clear conclusion about whether effects do or do not exist.
An understanding of “screen time” and mental health outcomes is
often limited by the cross-sectional nature of many studies; with
some studies using the ﬁndings of existing data sets to “detect” small
associations between screen use and mental health outcomes. For
example, Kleppang et al. (2019) found an increase in psychological
distress from 2001 to 2009. However, in addition to reporting that
“the associations, if any” (p. 7) between physical activity, sedentary
behavior, and psychological distress were weak, there were possible
estimation errors, and need for standardization of self-report measures for future research. In contrast, other research suggests that a
focus on how screens are used is more important than the amount of
time spent using them (e.g., Davila et al., 2012). Furthermore, some
ﬁnd nuanced positive and negative associations (Chan, 2015; Park
et al., 2016), while some report minimal meaningful relationships
(Ferguson, 2017). One recent meta-analysis, focusing on social
media speciﬁcally, found that cross-sectional associations with
mental health outcomes were generally weak (Huang, 2017). A
recent study by Ferguson (in press) suggests that there is no evidence
that associations between screen use and mental health issues among
youth have increased in recent years.
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The Debate Over Screens and Suicide
In this ﬁeld, there is heated debate over whether screen use
(including use of speciﬁc screens such as social media or smartphones) can be linked to a rise in teen suicides, particularly among
teen girls. This debate among academics has captured public
attention, particularly following the publication of an essay in
The Atlantic titled, “Have Smartphones Destroyed a Generation?”
(Twenge, 2017). This remarkable claim has touched off several
years of intense debate (e.g., Orben et al., 2019; Twenge et al.,
2020), with opposed groups often reanalyzing and debating over the
same large data sets.
At issue is the observation that, at least in the United States,1 teen
suicides, particularly among girls, have been increasing (Centers for
Disease Control [CDC], 2020). Such rates are still lower than they
were in the early 1990s, but such a rise is undoubtedly worrying.
Twenge et al. (2019) have attributed this rise in suicides to screen
technologies, particularly social media and smartphones, as this rise
began around the time that these speciﬁc technologies came into
more widespread use. However, current estimates (CDC, 2020)
suggest that both overall suicide rates and raw suicide increases are
much higher among lower tech-adopting middle-aged adults than
they are for teens (see Figure 1). During the past 20 years in the
United States, middle-aged men had the greatest annual increase in
suicides (mean yearly increase of .61 suicides per 100,000 people).
Whereas teenage girls showed the lowest increase in suicide rates
during the same time period (mean yearly increase of .14 suicides
per 100,000 people). Although one cannot rule out differential
causes across age groups that might implicate technology, it would
be difﬁcult to attribute causal inﬂuence to technology from this
ecological data.
Further, data on suicide rates from nations with patterns of
technology use similar to that of the U.S. do not consistently display
an increase in suicides in recent years. For example, Eurostat
highlighted an overall decrease in suicide rates between 2011
and 2017 for adults between 50 and 54 years and adolescents
between 15 and 19 years of age. Within the 50–54 year age group,
of the 32 European countries with statistics from this period, 21
countries reported a decrease, while 11 reported an increase in
suicide rates; in parallel, within the 15–19 year age group, of the 19
countries with statistics from this period, 9 countries reported a
decrease, while 10 reported an increase in suicide rates (Eurostat,
2020).

Possible Limitations of Screen Time Research
Other realms of research have done a thorough job in examining
methodological issues which might inﬂuence results. In particular,
these are considerations which may be associated with spuriously
elevated effect sizes (Drummond et al., 2020; McDonnell et al.,
2019; Want, 2014; Whyte et al., 2016). These methodological
issues are shared in other areas of media research, such as violent
video game research or research on thin ideal media and body
dissatisfaction. Some of these issues work by unintentionally setting
up demand characteristics in the study wherein it becomes possible
for the respondents to either guess or be more subtly inﬂuenced by
the study hypotheses (Orne, 1962). Such issues can include: (a) the
failure to include distractor items, questionnaires, tasks items or
tasks, etc., so that independent variables and dependent variables are

not too closely paired together (Whyte et al., 2016), (b) failing to
include multiple responders (e.g., parents and children) so as to
avoid single responder bias (Baumrind et al., 2002), and (c) lack of
careful probing for hypothesis guessing during debrieﬁng. Without
measures to counteract these phenomena, results may show spurious
correlations in the direction of the hypothesis.
Other concerns involve the misuse of unstandardized and poorly
validated measures that may allow for p-hacking or researcher
degrees of freedom (Elson et al., 2014). Preregistration of studies
(i.e., publishing hypotheses, materials, and analyses plans prior to
data collection) can help reduce such researcher expectancy effects.
Unfortunately, few studies in this realm are preregistered.
Other issues can come from a lack of appropriate controls. For
instance, in some studies, experimental and control conditions might
vary on qualities other than those of interest to the hypotheses, such
as engagement, excitement, emotional valence, etc. (Want, 2014;
Whyte et al., 2016). Given that few studies in this realm are
experimental, this may be less of a concern. However, well-designed
correlational studies should carefully control for theoretically relevant third variables such as personality, family environment, gender,
and, in the case of longitudinal studies, Time 1 (i.e., preexisting)
mental health symptoms.

The Perils of Small Effects
It is difﬁcult to know whether such small effects are “true” as
opposed to artifacts of methodological problems. With large sample
sizes, the opportunity for methodological errors to create spurious
effects in the direction of the hypothesis is nontrivial. This problem
has been recognized for decades. For instance, as far back as 1968,
Lykken noted that “the effects of common method are often as
strong as or stronger than those produced by the actual variables of
interest” (Lykken, 1968, p. 153). Evidence for this problem was also
demonstrated more recently by Ferguson and Heene (in press). The
authors examined two large data sets involving aggression research.
Examining nonsense predictors (theoretically unrelated variables),
they found that “statistically signiﬁcant” correlations below r = .10
were quite common, indicating a lack of precision in social science
research with regards to distinguishing noise from signal. Some
degree of false positives continued to the r = .20 level of effect size.
The authors argued against interpreting any effect sizes below
r = .10 as hypothesis supportive whether or not they were
“statistically signiﬁcant.”
Given signiﬁcant concerns about methodological limitations in
this body of research causing spurious effect sizes, we express the
concern that it may be impossible to separate any “true” effects
below the r = .10 threshold from the noise created by common
methodological issues such as demand characteristics or common
method variance. Naturally, observing an effect size above r = .10
is no guarantee the effect is not noise, through the probability is
likely lower, at least for rigorously designed studies. However,
faulty overinterpretation of low r noise effects below the r = .10
threshold is likely a serious source of misinformation on social
science.

1
This trend does not appear consistent across all high tech-adopting
countries, which raises the concern of selective interpretation of data points.
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Figure 1
Suicide Rates Across Gender and Age Categories

Note. Suicide rate per 100,000 population, teens (13–19 years olds), middle-aged persons (55–65 years old),
by sex, CDC’s Fatal Injury Reports 1999–2018. CDC = Centers for Disease Control and Prevention.

Method

2.

Present statistical outcomes or data that could be converted
into effect size “r.” As per the preregistration, these were
generally taken from standardized regression coefﬁcients
or, calculated from F-values, t-tests where required. Data
from odds ratio were converted using formula provided by
Bonett (2007).

3.

Published between 2015 and 20192.

Disclosures
A preregistered plan outlining the search strategy, inclusion and
exclusion criteria, as well as an analysis plan can be found at: https://
osf.io/rehys. Data from the meta-analysis can be found at: https://osf
.io/mex4s/. This data includes full citation, sample size, effect size,
best practices analysis, and moderator variables. This information
allows readers to assess our analyses directly, as well as to see that
our planned analyses were not altered to ﬁt hypotheses. This open
data approach can decrease false positives and increase conﬁdence
in research results.

Selection of Studies
Identiﬁcation of relevant studies involved a search of the PsycINFO and MedLine databases using the search terms (“Screen time”
OR “Screen use” OR “Screen engagement” OR “Smartphone” OR
“Cell phone” or “Mobile phone” or “Tablet”) AND (“depression”
OR “anxiety” OR “loneliness” OR “suicide”) AND (“youth” OR
“teen*” OR “adoles*”) as subject searches. The search was limited to
the most recent studies (2015–2019) which would reﬂect both the
most recent research, at the time of data collection, as well as the most
current technology. Unpublished studies were excluded, and studies
were required to meet the following inclusion criteria:

The original preregistered study design plan was limited to teen
samples, but ultimately this broadened out to include all samples to
get a wider view of data among young adults as well. Age is
considered as a moderator. This decision did not affect the results or
conclusions.
The initial search (carried out in October 2019) returned 213
matches, many of which were either nonempirical or otherwise did
not meet the inclusion criteria. Eliminating such studies resulted in
37 papers which had both data on screen time usage (including
social media or smartphones speciﬁcally) as well as mental healthrelated outcomes. A PRISMA chart which documents the study
inclusion path is provided as a ﬂow diagram (available at: https://osf
.io/2bnc8/). All studies included in the ﬁnal sample were either
cross-sectional or longitudinal in nature.

2

1.

Include a measure of screen use, or experimental
comparison of screens with a control condition.

In our preregistration, we were open to going 10 years out if too few
studies were found. As the number of studies initially located surpassed 50,
we limited the years to the past ﬁve as per our preregistration.
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Effect Size Estimates
Effect sizes were operationalized using the metric of r. Particularly for correlational and longitudinal studies, analyses used
results which were based upon multivariate analyses resulting in
standardized regression coefﬁcients (betas). The beneﬁts of using
betas in meta-analyses are plentiful, including the fact that they
make sense theoretically given that most multivariate analyses
include theoretically relevant controls. Additionally, from a statistical point of view, solely relying on bivariate r may showcase high
effect size estimates that do not reﬂect real correlations once
important factors are controlled (Pratt et al., 2010; Savage &
Yancey, 2008). Correspondingly, Furuya-Kanamori and Doi
(2016), note that betas produce a closer estimate of underlying
effect size than bivariate rs. Using Monte-Carlo simulation, these
authors conﬁrmed that betas are appropriate for use in meta-analysis
and do not produce erroneous effect size estimates. The use of beta
has become increasingly common in meta-analyses and has been
strongly advocated among scholars (Bowman, 2012; Pratt et al.,
2010; Savage & Yancey, 2008).
In cases where articles presented more than one effect size
estimate, they were aggregated for average effect size. Generally,
for the included studies, when multiple outcomes were used, heterogeneity in effect sizes was low, suggesting aggregation was appropriate. Given that such measures were typical of the same construct,
the assumption of a high correlation between conceptually similar
outcomes warrants simple aggregation (Pustejovsky, 2019).

Moderator Analyses
Several moderators were considered potentially important to the
current analysis. These included: study year, age of participants,
type of study (correlational vs. longitudinal), culture of participants
(West/European, Asian, and Hispanic), type of media (smartphones,
internet/social media, or general screen time), and whether studies
only cited evidence supporting their hypotheses despite inconsistencies in the literature (e.g., citation bias). Note that culture, type of
study, and type of media were not preregistered as moderators. Thus,
their inclusion should be considered exploratory. Studies were also
coded for best practices. Papers were considered adherent to best
practices if they:
1. Used standardized and well-validated measures. Measures were considered standardized if they had a clear
protocol that is followed without deviation. Standardized
tests reduce the potential for researcher degrees of
freedom that create false-positive results. Validated
measures are those that have been demonstrated to
predict outcomes related to clinically signiﬁcant mental
health (e.g., Child Behavior Checklist, Beck Depression
Inventory).
2. Controlled for theoretically relevant third variables (e.g.,
gender, age, family environment, and Time 1 mental
health in longitudinal studies) in correlational/longitudinal
studies.
3. Used multiple respondents to avoid single responder bias.
4. Employed distracter questions or tasks to reduce hypothesis guessing.

5.

Carefully queried for hypothesis guessing at the conclusion of the procedure.

6.

Were preregistered.

As a note, the preregistration had criteria for both correlational/
longitudinal as well as experimental study best practices. However,
ultimately, no experimental studies were included in the analysis.
Thus, criteria that applied to experiments only are not repeated here.
There were two types of moderator variables: continuous moderator variables (e.g., age, year of study) and categorical moderator
variables (e.g., gender, culture). Continuous moderator variables
(age, date) were examined using meta-regression. This technique
allows for the examination of a correlation between a continuous
moderator and study effect size using regression techniques. Categorical moderators can be examined for subgroup differences in
effect size that are signiﬁcant (i.e., unlikely due to chance). This can
be done with their ﬁxed-effect or mixed-effect models. With mixedeffect models, as with random-effects models for overall metaanalysis, the equal variance between studies is not assumed across
subgroups. As such, mixed-effects models in ﬁelds with heterogeneous study methods tend to be more appropriate, although both
ﬁxed-effect and mixed-effects models are reported in the Results
section. Where differences occurred, mixed-effects models were
preferred to ﬁxed-effect models, although no substantial differences
emerged between models.

Analysis
The Comprehensive Meta-Analysis (CMA) software program
was used to ﬁt random-effects models. The potential for publication
bias was assessed using the Tandem Procedure (Ferguson &
Brannick, 2012) which looks for concordance among several funnel-plot-related tests for bias (Orwin’s Fail-Safe N, Egger’s Regression, Trim and Fill). This procedure is an empirically demonstrated,
conservative estimating procedure for assessing publication bias,
with low Type I error rates. However, it should be noted that by
reducing Type I error rates, Type II error rates for the Tandem
Procedure are increased. Thus, it should be considered a very
speciﬁc, but less sensitive measure for detecting publication bias.
A negative result on the Tandem Procedure does not ensure the
absence of publication bias. Assessments of publication bias were
used based on the concordance of Orwin’s Fail-Safe N (how many
studies it would take to reduce effect sizes to r = .10, indicating
fragility in the evidence base), Egger’s regression for effect size and
sample size, and the Trim and Fill procedure. Trim and Fill
corrections for publication bias, where warranted based on the
Tandem Procedure decision, are reported as rc. The traditional
Fail-Safe N, by focusing on statistical signiﬁcance, typically vastly
overestimates conﬁdence in meta-analyses, but Orwin’s version
improves upon this through an examination of effect sizes rather
than statistical signiﬁcance. Trim and Fill, like most methods,
typically has low power and the potential for Type II error
(Ferguson & Brannick, 2012).
Interpretation of effect sizes has been controversial in psychological research. Many effect sizes are near zero but may be “statistically signiﬁcant” due to the high power of meta-analyses. This may
result in miscommunication as trivial effects become “statistically
signiﬁcant” (Ferguson & Heene, in press; Orben & Przybylski,
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exists, does not appear to be driving effect sizes up above the
threshold for trivial effects.

2019b). Although any cutoff threshold is arbitrary, the present
analyses determined the cutoff as r = .10. This mitigated against
the issue that any values below this would be explained primarily as
due to study artifacts rather than real population-level effects
(Ferguson & Heene, in press; Przybylski & Weinstein, 2019).

Supplementary/Exploratory Results
The prevalence of best practices in the ﬁeld was examined. These
results are presented in Table 2. As can be seen, some best practices
were quite common (e.g., the use of standardized and validated
outcomes measures), whereas others were virtually absent (e.g.,
preregistration, the use of distractor items, etc.). Aside from controlling for confounding variables, there was little variance in
whether most best practices were employed or not. This likely
explains the failure of the best practice analysis to predict effect size,
contrary to other ﬁelds where best practices are associated with
lower effect sizes (Drummond et al., 2020).
The use of theoretical controls was the only best practice variable
with signiﬁcant variance, therefore, this was examined as a categorical moderator. The effect size for studies which did not use controls
was higher (β = .064) than for studies with controls (β = .038),
although neither exceeded the threshold of r = .10 for interpretation
as hypothesis supportive. Whether this difference was signiﬁcantly
differed whether ﬁxed (Q = 14.172, p < .001) or mixed-effects
(Q = 2.343, p = .126) modeling was used.

Results
Main/Preregistered Results
Main results for the meta-analysis are presented in Table 1. As can
be seen from these results, the effect sizes for relationships between
screen time as well as speciﬁc screen media such as smartphones and
social media were very small and in no case passed the r = .10
threshold for interpretation as hypothesis supportive. Signiﬁcant
heterogeneity existed in all data sets, although this was particularly
true for correlational studies and those which examined general
screen time, as opposed to longitudinal studies or those examining
speciﬁc screen media. Longitudinal studies did not provide any more
evidence for effects than correlational studies, suggesting there is
little evidence for a cumulative effect.
Although there is signiﬁcant between-study heterogeneity, this
did not appear to relate to our main moderator variables. For
instance, there was no signiﬁcant difference in effect due to ethnicity
(Q = .358, p = .836), technology type (Q = 1.121, p = .571), study
type (Q = .050, p = .823), or presence of citation bias (Q = 1.596,
p = .207). Meta-regression for continuous moderators were nonsigniﬁcant for participant age (Q = .001, p = .969) or best practices
(Q = 2.223, p = .136) although, curiously, study year was a
signiﬁcant moderator (Q = 15.721, p < .001). Effect sizes were
slightly smaller in more recent years. It should be noted that the
statistical sensitivity to detect these moderator effects was relatively
low due to the small number of studies.

Discussion
Scholars, policymakers, and the public continue to debate on the
impact of social media, smartphones, and so-called “screen time” on
psychosocial functioning. The current meta-analysis sought to
examine the strength of the data in support of these arguments.
On balance, the current results found that the current data fail to
support the contention that exposure to screen media generally,
or social media and smartphones speciﬁcally, is associated with
negative mental health symptoms. Speciﬁcally, effect sizes were
below the threshold of r = .10 used for interpretation of the ﬁndings
as hypothesis supportive. Given that some methodological limitations are endemic to the ﬁeld, it remains likely that such small, albeit
“statistically signiﬁcant” effects are likely to be explained by
systematic methodological ﬂaws rather than true effects. This
possibility is supported by evidence that those studies which
used proper controls, generally found lower effect sizes than
those which did not. This, alone, should give scholars reason to

Publication Bias
Results from the Tandem Procedure indicated that there was not
strong evidence for publication bias in this research ﬁeld. The
Tandem Procedure, it should be noted, is less sensitive with regards
to large samples with smaller effect sizes, so it is possible that some
bias remains in this sample of studies. However, such bias, if it

Table 1
Meta-Analytic Results Screen Time and Mental Health Outcomes
Effect sizes
All studies
Ethnicity
Asian
Caucasian
Study type
Correlational
Longitudinal
Technology type
General screens
Smartphones
Social media/internet

k

r+

95% CI

Homogeneity test

I2

tau

Publication bias?

2

37

.052

(.036, .068)

χ (36) = 310.72, p < .001

88.4

.040

No

5
31

.060
.051

(.015, .104)
(.034, .069)

χ2(4) = 10.78, p = .029
χ2(30) = 297.78, p < .001

62.9
89.9

.038
.040

No
No

25
12

.051
.055

(.031, .071)
(.032, .077)

χ2(24) = 285.47, p < .001
χ2(11) = 21.88, p = .025

91.6
49.7

.041
.028

No
No

20
11
6

.059
.041
.043

(.036, .083)
(.011, .071)
(.004, .082)

χ2(19) = 269.02, p < .001
χ2(10) = 24.36, p = .007
χ2(5) = 11.69, p = .039

92.9
59.0
57.2

.046
.035
.036

No
No
No

Note. k = number of studies; r+ = pooled effect size estimate; I2 = heterogeneity statistic; publication bias = decision based on the Tandem Procedure.
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Table 2
Proportion of Studies Employing Best Practices
Standardized outcome variable
Validated outcome variable
Multiple responders
Distractor questions/tasks
Control age/gender/family/T1 outcome
Preregistration
Queried for hypothesis guessing

91.9%
91.9%
8.1%
0%
62.2%
5.4%
0%

(n
(n
(n
(n
(n
(n
(n

=
=
=
=
=
=
=

34)
34)
3)
0)
23)
2)
0)

pause when interpreting results as linking screen time to mental
health.
Of particular, concerns are claims by some scholars that appear to
link screen time (in particular, social media) to a rise in suicide
among teen girls; a claim which made its way unchallenged into the
recent Netﬂix documentary, The Social Dilemma. Current results
found no support for such a claim in the database and even those
papers which raise this claim (e.g., Twenge et al., 2019) appear
to do so based largely on conjecture rather than solid data.
Further, such claims appear divorced from a fuller understanding
of suicide rates across age categories in the United States and other
nations which generally point away from technology being a likely
cause. Interestingly, age as a moderator was found to be nonsigniﬁcant in our analysis. Finally, although scholars appear inclined to
point toward increasing suicide in one group of individuals (teen
girls) as evidence for the dangers of technology, they have provided
no guidelines for how societal data might be used to falsify such
claims. For instance, were suicide rates among teen girls to fall in
subsequent years despite screen usage remaining high, would this
falsify concerns based on prior societal data? It is possible that the
use of screens and social media speciﬁcally may be associated with
idiosyncratic outcomes depending on how screens are used, as
opposed to time spent using. However, on balance, it is concluded
that current data do not support claims about suicide. Such
claims are more likely to misinform than inform and may distract
from real causes of suicide, which could be dangerous in and
of itself.

Best Practices
This ﬁeld of research deserves both some praise and concern
regarding best practices. First, the use of standardized and validated
outcome measures is highly prevalent. Although this may seem
obvious, this is not the case for other ﬁelds of research such as media
violence studies (Elson et al., 2014). Further, unlike other ﬁelds
where citation bias has been found to be associated with elevated
effect sizes, this was not the case for this ﬁeld. This appears to be
because supporters of causal effects have been more honest about
disconﬁrmatory research that has been the case in other media
effects ﬁelds such as video game violence, thin ideal media effects,
or sexualized media, and these scholars should be commended for
their honesty.
At the same time, other best practices were worrisomely absent.
Preregistration was rare, though this might be understandable as the
practice is relatively new. However, the use of multiple responders,
distractor questions and tasks, and rigorous querying for hypotheses
(including reliability checks for unreliable or mischievous responding) were virtually absent from research in this area. It would be

important for future research to improve designs using these best
practices to get a clearer understanding of true effects. This study
had initially, in the preregistration, also sought to examine whether
experimental studies closely matched conditions, but the absence
of experimental studies from this sample of studies made this
impossible.

Clinical Implications
The available data suggest that management of screen time, in and
of itself, is unlikely to be an effective, primary factor in addressing
mental health concerns. Misplaced concerns about screens, social
media, and smartphones could actually be detrimental due to
distracting attention from other, pressing causes of mental health
decline—such as economic issues, family stress, and bullying, all
areas for which the evidence is more solid. Clinical approaches
focusing on technology at the expense of other issues could
potentially do more harm than good for patients in therapy. An
additional worry is that misplaced concern could lead to positive
aspects of technology use being overlooked or negatively impacted.
For example, clinicians may neglect to note that screen media
actually is often being used to access valuable social support for
mental health issues or remote health treatment (e.g., Branley-Bell &
Talbot, 2020).

Limitations
As with all studies, the present study does have some limitations.
First, all meta-analyses are limited by the quality of the studies
which are included within them. As noted, some methodological
limitations are endemic within the ﬁeld. There is some potential for
effect sizes to be spuriously inﬂated by these issues. Second, the best
practices analysis was limited by relatively low variance. Only the
use of control variables varied signiﬁcantly between studies and
evidence suggested that this best practice approach may result in
lower effect sizes. However, given the lack of variance, a full
exploration of best practices effects was not as robust as hoped.
Third, reﬂecting a wider issue within the ﬁeld, the deﬁnition of
“screen time” is vague and unsatisfactory, often including numerous
conceptualizations and operationalizations and typically relying on
self-report. Studies which used more precise measurements such as
time diaries were very few in number. This issue is also reﬂected in
the general screens predictor variable which, by nature, includes a
wide range of divergent screen activities.

Concluding Thoughts
At present, there does not appear to be robust evidence to suggest
that screen time is associated with, let alone a cause of, mental health
problems. This applies to social media and smartphones speciﬁcally,
as well as screen time generally. To the degree scholars and
practitioners are focusing on screen time, particularly in relation
to issues such as suicide, they are at high risk for following patterns
of moral panic seen for other forms of media. This may further erode
the conﬁdence the public has regarding psychological science. We
call upon our colleagues, whose good faith we do not doubt, to take a
more cautious and conservative approach to making causal attributions regarding screens and mental health.

SCREENS MENTAL HEALTH

References
American Academy of Pediatrics. (2016). Media and young minds. Pediatrics, 138(5), Article e20162591. https://doi.org/10.1542/peds.2016-2591
American Psychological Association. (2015). Resolution on violent video
games. https://www.apa.org/about/policy/violent-video-games.aspx
American Psychological Association Society for Media Psychology and
Technology and Psychological Society of Ireland Special Interest Group in
Media. The Arts and Cyberpsychology. (2018). An ofﬁcial** division 46
statement on the WHO proposal to include gaming related disorders in
ICD-11. https://div46ampliﬁer.com/2018/06/21/an-ofﬁcial-division-46-state
ment-on-the-who-proposal-to-include-gaming-related-disorders-in-icd-11/
Bachmann, S. (2018). Epidemiology of suicide and the psychiatric perspective. International Journal of Environmental Research and Public Health,
15(7), 1425. https://doi.org/10.3390/ijerph15071425
Baumrind, D., Larzelere, R. E., & Cowan, P. A. (2002). Ordinary physical
punishment: Is it harmful? [Comment on Gershoff (2002)]. Psychological
Bulletin, 128(4), 580–589. https://doi.org/10.1037/0033-2909.128.4.580
Berryman, C., Ferguson, C. J., & Negy, C. (2018). Social media use and
mental health among young adults. Psychiatric Quarterly, 89(2), 307–
314. https://doi.org/10.1007/s11126-017-9535-6
Best, P., Manktelow, R., & Taylor, B. (2014). Online communication, social
media and adolescent wellbeing: A systematic narrative review. Children
and Youth Services Review, 41, 27–36. https://doi.org/10.1016/j
.childyouth.2014.03.001
Bonett, D. G. (2007). Transforming odds ratios into correlations for metaanalytic research. American Psychologist, 62, 254–255. https://doi.org/10
.1037/0003-066X.62.3.254
Bould, H., Mars, B., Moran, P., Biddle, L., & Gunnell, D. (2019). Rising
suicide rates among adolescents in England and Wales. Lancet,
394(10193), 116–117. https://doi.org/10.1016/S0140-6736(19)31102-X
Bowman, N. (2012). Effect sizes and statistical methods for meta-analysis in
higher education. Research in Higher Education, 53, 375–382. https://
doi.org/10.1007/s11162-011-9232-5
Bowman, N. D. (2016). The rise (and reﬁnement) of moral panic. In R.
Kowert & T. Quandt (Eds.), The video game debate: Unravelling the
physical, social, and psychological effects of digital games (pp. 22–38).
Routledge/Taylor & Francis Group.
Branley-Bell, D., & Talbot, C. V. (2020). Exploring the impact of the
COVID-19 pandemic and UK lockdown on individuals with experience of
eating disorders. Journal of Eating Disorders, 8(1), 44–56. https://doi.org/
10.1186/s40337-020-00319-y
Centers for Disease Control. (2020.) WISQARS. https://webappa.cdc.gov/sa
sweb/ncipc/mortrate.html
Chan, M. (2015). Mobile phones and the good life: Examining the relationships
among mobile use, social capital and subjective well-being. New Media &
Society, 17(1), 96–113. https://doi.org/10.1177/1461444813516836
Cohen, J. (1992). A power primer. Psychological Bulletin, 112, 155–159.
https://doi.org/10.1037/0033-2909.112.1.155
Colder Carras, M., & Kardefelt-Winther, D. (2018). When addiction symptoms and life problems diverge: A latent class analysis of problematic
gaming in a representative multinational sample of European adolescents.
European Child & Adolescent Psychiatry, 27(4), 513–525. https://doi.org/
10.1007/s00787-018-1108-1
Coyne, S. M., Rogers, A. A., Zurcher, J. D., Stockdale, L., & Booth, M.
(2020). Does time spent using social media impact mental health?: An
eight year longitudinal study. Computers in Human Behavior, 104, Article
106160. https://doi.org/10.1016/j.chb.2019.106160
Davila, J., Hershenberg, R., Feinstein, B. A., Gorman, K., Bhatia, V., &
Starr, L. R. (2012). Frequency and quality of social networking among
young adults: Associations with depressive symptoms, rumination, and
corumination. Psychology of Popular Media Culture, 1(2), 72–86. https://
doi.org/10.1037/a0027512
Dennison-Farris, M., Sisson, S. B., Stephens, L., Morris, A. S., & Dickens,
R. D. (2017). Obesogenic behaviors, self-efﬁcacy, and depressive

9

symptoms in American Indian children. American Indian and Alaska
Native Mental Health Research, 24(2), 18–39. https://doi.org/10.5820/aia
n.2402.2017.18
Drummond, A., Sauer, J. D., & Ferguson, C. J. (2020). Do longitudinal
studies support long-term relationships between aggressive game play
and youth aggressive behaviour? A meta-analytic examination. Royal
Society Open Science, 7, Article 200373. https://doi.org/10.1098/rsos
.200373
Ellis, D. A., Davidson, B. I., Shaw, H., & Geyer, K. (2019). Do smartphone
usage scales predict behavior? International Journal of Human-Computer
Studies, 130, 86–92. https://doi.org/10.1016/j.ijhcs.2019.05.004
Elson, M., Mohseni, M. R., Breuer, J., Scharkow, M., & Quandt, T. (2014).
Press CRTT to measure aggressive behavior: The unstandardized use of
the competitive reaction time task in aggression research. Psychological
Assessment, 26, 419–432. https://doi.org/10.1037/a0035569
Eurostat. (2020). Suicide death rate by age group (TPS00202). https://ec
.europa.eu/eurostat/databrowser/view/tps00202/default/table?lang=en
Ferguson, C. J. (2009). An effect size primer: A guide for clinicians and
researchers. Professional Psychology, Research and Practice, 40(5), 532–
538. https://doi.org/10.1037/a0015808
Ferguson, C. J., the Entertainment Merchants Association. (2013). Violent
video games and the Supreme Court: Lessons for the scientiﬁc community
in the wake of Brown v. American Psychologist, 68(2), 57–74. https://
doi.org/10.1037/a0030597
Ferguson, C. J. (2017). Everything in moderation: Moderate use of screens
unassociated with child behavior problems. Psychiatric Quarterly, 88(4),
797–805. https://doi.org/10.1007/s11126-016-9486-3
Ferguson, C. J. (in press). Links between screen use and depressive
symptoms in adolescents over 16 years: Is there evidence for increased
harm? Developmental Science, 24, Article e13008. https://doi.org/10
.1111/desc.13008
Ferguson, C. J., & Brannick, M. T. (2012). Publication bias in psychological
science: Prevalence, methods for identifying and controlling, and implications for the use of meta-analyses. Psychological Methods, 17(1), 120–
128. https://doi.org/10.1037/a0024445
Ferguson, C. J., & Colwell, J. (2020). Lack of consensus among scholars on
the issue of video game “addiction.” Psychology of Popular Media, 9(3),
359–366. https://doi.org/10.1037/ppm0000243
Ferguson, C. J., Copenhaver, A., & Markey, P. (2020). Re-examining the
ﬁndings of the APA’s 2015 task force on violent media: A meta-analysis.
Perspectives on Psychological Science, 15(6), 1423–1443. https://doi.org/
10.1177/1745691620927666
Ferguson, C. J., & Heene, M. (in press). Providing a lower-bound estimate
for psychology’s “crud factor”: The case of aggression. Professional
Psychology, Research and Practice.
Ferguson, C. J. (2021, July 5). Screen Time Metas. https://osf.io/d4zxy
Furuya-Kanamori, L., & Doi, S. A. (2016). Angry birds, angry children and
angry meta-analysts. Perspectives on Psychological Science, 11(3), 408–
414. https://doi.org/10.1177/1745691616635599
Glenn, C. R., Kleiman, E. M., Kellerman, J., Pollak, O., Cha, C. B., Esposito,
E. C., Porter, A. C., Wyman, P. A., & Boatman, A. E. (2020). Annual
research review: A meta-analytic review of worldwide suicide rates in
adolescents. Journal of Child Psychology and Psychiatry, and Allied
Disciplines, 61(3), 294–308. https://doi.org/10.1111/jcpp.13106
Grieve, R., & Watkinson, J. (2016). The psychological beneﬁts of being
authentic on Facebook. Cyberpsychology, Behavior, and Social Networking, 19(7), 420–425. https://doi.org/10.1089/cyber.2016.0010
Heffner, T., Good, M., Daly, O., MacDonell, E., & Willoughby, T. (2019).
The longitudinal association between social-media use and depressive
symptoms among adolescents and young adults: An empirical reply to
Twenge et al. (2018). Clinical Psychological Science, 7(3), 462–470.
https://doi.org/10.1177/2167702618812727
Huang, C. (2017). Time spent on social network sites and psychological well-being: A meta-analysis. Cyberpsychology, Behavior, and

10

FERGUSON ET AL.

Social Networking, 20(6), 346–354. https://doi.org/10.1089/cyber.2016
.0758
Jensen, M., George, M., Russell, M., & Odgers, C. (2019). Young adolescents’ digital technology use and mental health symptoms: Little evidence
of longitudinal or daily linkages. Clinical Psychological Science, 7, 1416–
1433. https://doi.org/10.1177/2167702619859336
Katz, C., Bolton, J., & Sareen, J. (2016). The prevalence rates of suicide are
likely underestimated worldwide: Why it matters. Social Psychiatry and
Psychiatric Epidemiology, 51(1), 125–127. https://doi.org/10.1007/
s00127-015-1158-3
Kaye, L. K., Orben, A., Ellis, D. A., Hunter, S. C., & Houghton, S. (2020).
The conceptual and methodological mayhem of “screen time.” International Journal of Environmental Research and Public Health, 17(10),
Article 3661. https://doi.org/10.3390/ijerph17103661
Kim, H., Lee, Y., & Choi, S. (2019). Increasing trend in the risk of suicide
among residential care children and adolescents in South Korea. Children
and Youth Services Review, 105, Article 104445. https://doi.org/10.1016/j
.childyouth.2019.104445
Kleppang, A. L., Thurston, M., Hartz, I., & Hagquist, C. (2019). Psychological distress among Norwegian adolescents: Changes between 2001
and 2009 and associations with leisure time physical activity and screenbased sedentary behaviour. Scandinavian Journal of Public Health, 47(2),
166–173. https://doi.org/10.1177/1403494817716374
Kramer, A. D., Guillory, J. E., & Hancock, J. T. (2014). Experimental
evidence of massive-scale emotional contagion through social networks.
Proceedings of the National Academy of Sciences of the United States of
America, 111, 8788–8790. https://doi.org/10.1073/pnas.1320040111
Kutner, L., & Olson, C. (2008). Grand theft childhood: The surprising truth
about violent video games and what parents can do. Simon & Schuster.
Lykken, D. T. (1968). Statistical signiﬁcance in psychological research.
Psychological Bulletin, 70(3), 151–159. https://doi.org/10.1037/
h0026141
Markey, P. M., Markey, C. N., & French, J. E. (2015). Violent video games
and real-world violence: Rhetoric versus data. Psychology of Popular
Media Culture, 4(4), 277–295. https://doi.org/10.1037/ppm0000030
McDonnell, D., Hunt, E., Grifﬁn, L., & Sasamoto, R. (2019). Evaluating the
relationship between multimedia viewing, sedentary behavior, and executive function: A systematic review. Journal of Technology in Behavioral
Science, 4(4), 318–331. https://doi.org/10.1007/s41347-019-00097-8
O’Donohue, W., & Dyslin, C. (1996). Abortion, boxing and Zionism:
Politics and the APA. New Ideas in Psychology, 14(1), 1–10. https://
doi.org/10.1016/0732-118X(95)00025-C
Orben, A., Dienlin, T., & Przybylski, A. K. (2019). Social media’s enduring
effect on adolescent life satisfaction. Proceedings of the National Academy
of Sciences of the United States of America, 116(21), 10226–10228.
https://doi.org/10.1073/pnas.1902058116
Orben, A., & Przybylski, A. K. (2019a). The association between adolescent
well-being and digital technology use. Nature Human Behaviour, 3, 173–
182. https://doi.org/10.1038/s41562-018-0506-1
Orben, A., & Przybylski, A. K. (2019b). Screens, teens, and psychological
well-being: Evidence from three time-use-diary studies. Psychological
Science, 30(5), 682–696. https://doi.org/10.1177/0956797619830329
Orne, M. T. (1962). On the social psychology of the psychological experiment: With particular reference to demand characteristics and their implications. American Psychologist, 17(11), 776–783. https://doi.org/10
.1037/h0043424
Park, J., Lee, D. S., Shablack, H., Verduyn, P., Deldin, P., Ybarra, O.,
Jonides, J., & Kross, E. (2016). When perceptions defy reality: The
relationships between depression and actual and perceived Facebook
social support. Journal of Affective Disorders, 200, 37–44. https://
doi.org/10.1016/j.jad.2016.01.048
Parry, D. A., Davidson, B. I., Sewall, C. J. R., Fisher, J. T., Mieczkowski, H.,
& Quintana, D. S. (2021). A systematic review and meta-analysis of
discrepancies between logged and self-reported digital media use. Nature

Human Behaviour. Advance online publication. https://doi.org/10.1038/
s41562-021-01117-5
Pratt, T., Cullen, F., Sellers, C., Winfree, T., Madensen, T., & Daigle, L.,. (2010).
The Empirical status of social learning theory: A meta-analysis. Justice
Quarterly, 27, 765–802. https://doi.org/10.1080/07418820903379610
Preston, M. I. (1941). Children’s reactions to movie horrors and radio crime.
The Journal of Pediatrics, 19, 147–168. https://doi.org/10.1016/S00223476(41)80059-6
Przybylski, A. K. (2014). Who believes electronic games cause real world
aggression? Cyberpsychology, Behavior, and Social Networking, 17(4),
228–234. https://doi.org/10.1089/cyber.2013.0245
Przybylski, A. K., & Weinstein, N. (2019). Digital screen time limits and
young children’s psychological well‐being: Evidence from a population‐
based study. Child Development, 90(1), e56–e65. https://doi.org/10.1111/
cdev.13007
Pustejovsky, J. (2019). Sometimes, aggregating effect sizes is ﬁne. https://
www.jepusto.com/sometimes-aggregating-effect-sizes-is-ﬁne/#ref-Vanden
Noortgate2015metaanalysis
Quandt, T. (2017). Stepping back to advance: Why IGD needs an intensiﬁed
debate instead of a consensus. Journal of Behavioral Addictions, 6(2),
121–123. https://doi.org/10.1556/2006.6.2017.014
Reinecke, L., & Trepte, S. (2014). Authenticity and well-being on social
network sites: A two-wave longitudinal study on the effects of online
authenticity and the positivity bias in SNS communication. Computers in
Human Behavior, 30, 95–102. https://doi.org/10.1016/j.chb.2013.07.030
Rosen, L. D., Whaling, K., Rab, S., Carrier, L. M., & Cheever, N. A. (2013).
Is Facebook creating ““iDisorders””? The link between clinical symptoms
of psychiatric disorders and technology use, attitudes and anxiety. Computers in Human Behavior, 29(3), 1243–1254. https://doi.org/10.1016/j
.chb.2012.11.012
Rubinstein, E. A. (1983). Television and behavior. Research conclusions of
the 1982 NIMH report and their policy implications. American Psychologist, 38(7), 820–825. https://doi.org/10.1037/0003-066X.38.7.820
Savage, J., & Yancey, C. (2008). The effects of media violence exposure on
criminal aggression: A meta-analysis. Criminal Justice and Behavior, 35,
1123–1136. https://doi.org/10.1177/0093854808316487
Shaw, H., Ellis, D. A., Geyer, K., Davidson, B. I., Ziegler, F. V., & Smith, A.
(2020). Quantifying smartphone “use”: Choice of measurement impacts
relationships between “usage” and health. Technology. Mind & Behavior,
1(2). https://doi.org/10.1037/tmb0000022
Sim, T., Gentile, D. A., Bricolo, F., Serpelloni, G., & Gulamoydeen, F.
(2012). A conceptual review of research on the pathological use of
computers, video games, and the Internet. International Journal of Mental
Health and Addiction, 10(5), 748–769. https://doi.org/10.1007/s11469011-9369-7
Simmons, J. P., Nelson, L. D., & Simonsohn, U. (2011). False-positive
psychology: Undisclosed ﬂexibility in data collection and analysis allows
presenting anything as signiﬁcant. Psychological Science, 22(11), 1359–
1366. https://doi.org/10.1177/0956797611417632
Tamura, H., Nishida, T., Tsuji, A., & Sakakibara, H. (2017). Association
between excessive use of mobile phone and insomnia and depression
among japanese adolescents. International Journal of Environmental
Research and Public Health, 14(7), Article 701. https://doi.org/10
.3390/ijerph14070701
Tsuji, S., Christia, A., Frank, M., & Bergmann, C. (2019). Addressing
publication bias in meta-analysis: Empirical ﬁndings from communityaugmented meta-analyses of infant language development. MetaArXiv.
https://osf.io/preprints/metaarxiv/q5axy/
Twenge, J. M. (2017). Have smartphones destroyed a generation? The
Atlantic. https://www.theatlantic.com/magazine/archive/2017/09/has-thesmartphone-destroyed-a-generation/534198/
Twenge, J. M., & Campbell, W. K. (2019). Media use is linked to lower
psychological well-being: Evidence from three datasets. Psychiatric
Quarterly, 90, 311–331. https://doi.org/10.1007/s11126-019-09630-7

SCREENS MENTAL HEALTH
Twenge, J. M., Cooper, A. B., Joiner, T. E., Duffy, M. E., & Binau, S. G.
(2019). Age, period, and cohort trends in mood disorder indicators and
suicide-related outcomes in a nationally representative dataset, 2005–
2017. Journal of Abnormal Psychology, 128(3), 185–199. https://doi.org/
10.1037/abn0000410
Twenge, J. M., Haidt, J., Joiner, T. E., & Campbell, W. K. (2020). Underestimating digital media harm. Nature Human Behaviour, 4, 346–348.
https://doi.org/10.1038/s41562-020-0839-4
Twenge, J. M., Joiner, T. E., Rogers, M. L., & Martin, G. N. (2018).
Increases in depressive symptoms, suicide-related outcomes, and suicide
rates among U.S. adolescents after 2010 and links to increased new media
screen time. Clinical Psychological Science, 6(1), 3–17. https://doi.org/10
.1177/2167702617723376
Utz, S. (2015). The function of self-disclosure on social network sites: Not
only intimate, but also positive and entertaining self-disclosures increase
the feeling of connection. Computers in Human Behavior, 45, 1–10.
https://doi.org/10.1016/j.chb.2014.11.076
Vernon, L., Modecki, K. L., & Barber, B. L. (2018). Mobile phones in the
bedroom: Trajectories of sleep habits and subsequent adolescent psychosocial development. Child Development, 89(1), 66–77. https://doi.org/10
.1111/cdev.12836
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