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Abstract

Mobile phone-based interventions have been proposed as a means for reducing the burden of
disease associated with mental illness. While numerous randomized controlled trials and meta-
analyses have investigated this possibility, evidence remains unclear. We conducted a systematic
meta-review of meta-analyses examining mobile phone-based interventions tested in randomized
controlled trials. We synthesized results from 14 meta-analyses representing 145 randomized
controlled trials and 47,940 participants. We identified 34 effect sizes representing unique pairings
of participants, intervention, comparisons, and outcome (PICO) and graded the strength of the
evidence as using umbrella review methodology. We failed to find convincing evidence of efficacy
(i.e., n>1000, p< 1078, 2 < 50%, absence of publication bias); publication bias was rarely
assessed for the representative effect sizes. Eight effect sizes provided highly suggestive evidence
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(i.e., n> 1000, p < 107%), including smartphone interventions outperforming inactive controls

on measures of psychological symptoms and quality of life (6 = 0.32 to 0.47) and text message-
based interventions outperforming non-specific controls and active controls for smoking cessation
(06 =0.31 and 0.19, respectively). The magnitude of effects and strength of evidence tended to
diminish as comparison conditions became more rigorous (i.e., inactive to active, non-specific to
specific). Four effect sizes provided suggestive evidence, 14 effect sizes provided weak evidence,
and eight effect sizes were non-significant. Despite substantial heterogeneity, no moderators were
identified. Adverse effects were not reported. Taken together, results support the potential of
mobile phone-based interventions and highlight key directions to guide providers, policy makers,
clinical trialists, and meta-analysts working in this area.

The global burden of mental health continues to increase with illnesses like depression
representing the single largest source of worldwide disability [1]. The World Health
Organization estimates that this burden disproportionately impacts low-income countries
[2], but even in high income countries there is rising concern around unmet mental health
needs, particularly during the COVID-19 pandemic [3]. While effective treatments for
mental health disorders exist, including a variety of evidence-based therapies as well as
medications—access to care is limited. For example, in a 2020 report the Substance Abuse
and Mental Health Services Administration in the United States noted that to offer full
access to evidence based mental health care in the United States would require training
4,486,865 new mental health professionals [4]. The stark reality of the simple impossibility
of meeting rising needs with the current workforce or mental healthcare system, even in high
income countries, has thus catalyzed interest in mobile mental health interventions.

While the global pandemic and COVID-19 have accelerated interest and uptake of mobile
health interventions [5], the field has been active since smartphones became accessible to
consumers. As early as 2012, smartphone apps were being studied for use in DBT treatment
[6] and the New York times reported “therapy apps...may soon make psychological help
accessible anytime, anywhere [7].” Interventions capitalizing on pre-smartphone mobile
phone technology (e.g., text message-based interventions) have been studied even longer [8].
For the purposes of this review, we define mobile phone-based interventions as behavioral
interventions delivered remotely through mobile phones. This can include a wide variety

of approaches such as smartphone apps, text message-based interventions, apps integrated
with wearable sensors such as Fitbits, as well as interventions that combine a mobile phone
component with additional support (e.g., mobile phone-based intervention added to augment
a clinician-delivered intervention). We do not consider interventions delivered through
websites that could theoretically be access through smartphone but not specifically designed
for mobile phones as mobile phone-based interventions. Likewise, interventions delivered by
clinicians via videoconferencing or telephone (i.e., teletherapy) were not considered mobile
phone-based interventions.

Mobile phone-based interventions may be particularly helpful for increasing access, as these
devices are owned by the vast majority of the population and typically kept within arm’s
reach [9]. Today thousands of mental health apps are available for immediate download
[10]. The landscape has expanded to such an extent that professional societies have created
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evaluation frameworks [11] and healthcare regulators around the world are exploring new
ways to categorize and regulate this burgeoning space [12-14]. Large healthcare systems
like Kaiser Permanente that had already integrated mobile health apps into care before
COVID-19 doubled the number of app referrals in the first months of the pandemic
(40,000 in May 2020 [15]), representing the continued expansion of mobile mental health
interventions.

As interest and uptake of mobile phone-based intervention and mobile mental health
interventions generally has increased, so has research on their efficacy. From fewer than
five studies per year in 2011 [16] to now hundreds per year—there exist thousands of
research studies on mobile health interventions. While the first generation of these studies
focused on feasibility and acceptability, the accumulating evidence clearly indicates that
people suffering from all mental health conditions, including even schizophrenia (which
may be associated with severe disability that in theory could interfere with feasibility and
acceptability), are interested in and willing to use technology as part of their care [17]. The
newer generation of investigation now focuses on engagement, efficacy (i.e., performance in
ideal conditions), and effectiveness (i.e., performance in naturalistic contexts) in ultimately
seeking to answer questions around real world use of these interventions towards improving
outcomes. Yet surprisingly, this research has not yielded clear answers with recent 2021
systematic reviews of app interventions reporting outcomes ranging from “inconsistent
results” [18] to “proven effectiveness” [19].

Inconsistencies in the literature on mobile health interventions are also reflected in meta-
analyses. Examining different portions of the literature have resulted in some meta-analysis
of mobile health apps to conclude that self-help apps “cannot be recommended” [20]

while others that these apps may “serve as a cost-effective, easily accessible, and low
intensity interventions” [21]. Meta-reviews (i.e., systematic reviews of meta-analyses) can
be particularly helpful in instances like this [22]. Meta-reviews studies can clarify points of
convergence and divergence within the meta-analytic literature and can more reliably guide
providers and health care policy makers than a single meta-analysis. Meta-reviews can also
clarify potential methodological shortcomings of both the meta-analytic and primary study
literature to guide future work [22-24].

To our knowledge, Lecomte et al. [25] conducted the only meta-review investigating the
effects of mobile phone-based interventions on mental health. They reviewed seven meta-
analyses focused on mental health apps, concluding that apps for anxiety and depression
hold clinical promise. While a valuable first assessment of this growing meta-analytic
literature, the study has several important limitations which limit the strength of conclusions
that can be drawn. One important limitation was the inclusion of both randomized and
non-randomized studies, the latter of which cannot be used to draw causal inferences.

In addition, Lecomte et al. [25] included effect size estimates that were based on the
combination of active and inactive controls. Given robust evidence that the strength of
the control condition impacts estimates of relative efficacy [26], such effect sizes provide
ambiguous information regarding intervention effects. In addition, this review did not
include text message-based interventions, which for some conditions (e.g., smoking) have
a well-established evidence base[27]. Lastly, Lecomte et al. [25] did not identify a single
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effect size most likely to represent a particular outcome (e.g., effects on depression versus
inactive controls). Lacking such a summary effect size may make findings less actionable for
clinicians and other health care decision makers.

The varied conclusions of meta-analyses are understandable in the context of numerous
use cases as well as schemas to classify mobile phone-based health interventions.
Interventions focusing on prevention may target those without a diagnosed mental illness
and offer different effects than those targeting acute or chronic illness management
[28-29]. Interventions for depression may utilize a plethora of psychological techniques
that each offer unique benefits to different clusters of patients. Studies reporting on the
preliminary efficacy of mobile phone-based interventions may not require an active control
group while those examining effectiveness (i.e., impact in the real world) may. Further
complicating matters, clinical endpoints across studies are obfuscated by a panoply of self-
reported outcomes and varied assessment schedules. Thus, each element in the participants,
interventions, comparisons, outcomes [PICO] framework presents a potentially complex
choice for any review or meta-analyses.

A further challenge in understanding the effect of mobile phone-based interventions is
inconsistent reporting of methodology and outcomes in the literature itself. Results are rarely
reported in terms of engagement, control group coding is inconsistent, testing of moderators
infrequently completed, and publication bias not consistently assessed. These concerns are
not strictly academic and in 2021 a pharmaceutical industry backed study of an app for
schizophrenia reported negative results that the company ascribed to engagement and control
group issues [30]. Thus, just as mobile health interventions for mental health have reached a
peak of public interest with COVD-19, are entering into clinical care settings, and emerging
as the focus of high stakes and high-cost clinical research studies—the strength of their
evidence remains, and preferred meta-analytical methods, unclear.

With this framing, in the current study we conduct a meta-review of meta-analyses

of mobile phone-based intervention tested in randomized controlled trials. We aim to
clarify the strength of evidence across PICO categories (i.e., different pairings of types

of participants, interventions, comparisons, and outcomes) and identify important study
design considerations for future primary research and meta-analysis. Given the many ways
this literature could be examined (i.e., crossing of PICO) and an interest in clarifying

points of convergence and divergence across existing meta-analyses, we utilize extant meta-
analytic summaries to offer guidance to the public, clinicians, and researchers around mobile
phone-based interventions. To do so, we followed an umbrella review methodology and
identified representative effect sizes for specific PICO pairings that was based on the largest
sample. Effect sizes were evaluated based on the certainty of the evidence using previously
employed metrics [22,24].

Protocol and registration

This meta-review was preregistered through the Open Science Framework (https://osf.io/
s2t67/) and followed the Preferred Reporting Items for Systematic Reviews and Meta-
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analyses (PRISMA [31]) guidelines. We made three deviations from the protocol. First, we
used a five-tier comparison condition coding scheme (inactive, active, non-specific, specific,
adjunct). This allowed inclusion of effect sizes based on active comparison conditions that
may or may not have been intended to be therapeutic (i.e., non-specific and specific) [32].
Second, we applied criteria drawn from umbrella reviews to evaluate certainty of evidence
[22]. Third, we did not evaluate attrition as this was not reported across meta-analyses.

Eligibility criteria

Studies were eligible if they (1) reported a meta-analytically derived effect size related

to mobile phone-based interventions (2) on a mental health outcome (e.qg., psychiatric
symptoms, stress, quality of life, addictive behaviors that are included in the DSM-5 [33]
such as alcohol and tobacco use) (3) based on a minimum of four randomized controlled
trials (RCTs) [34] (4) using comparison conditions that could be categorized as inactive,
active, non-specific, specific, or adjunct (i.e., added to an active treatment) [21]. We planned
a priorito avoid combining across comparison condition types as these estimates are
ambiguous to interpret and can lead to misleading results (e.g., interventions tested using
more rigorous specific active control conditions appear less effective [35]). Effect sizes had
to be reported in standardized units (e.g., Cohen’s @, Hedges’ g, odds ratio) along with a
95% confidence interval (Cl) and be based on a sample of studies that did not combine
comparison condition types (e.g., combined specific active controls and inactive controls as
defined below). No restrictions were made based on other PICO categories. Interventions
could include components beyond mobile phones (e.g., smartphones as adjunct intervention
[21]) but must have included a mobile phone component (e.g., telephone-based interventions
were not eligible).

Information sources

Search

We searched six databases (MEDLINE/PubMed, CINAHL, PsycINFO, Scopus, Web of
Science, Cochrane Systematic Reviews). Databases were searched since inception until
October 315¢, 2020.

We used the following search terms: (“meta-analy?””) AND (“smartphone?” OR “smart
phone” OR “mobile phone” OR “cellular phone” OR “cell phone” OR “mobile app?” OR
“mobile device” OR “mobile-based” OR “mobile health” OR “mhealth” OR “m-health” OR
“iphone” OR “android” OR “tablet”).

Study selection

Titles and/or abstracts were independently and blindly screened for inclusion by pairs of
two authors (SG, SL, OS, SS). Disagreements were discussed until reaching consensus.
Interrater reliability was excellent (kappa = .75) [36].

Data collect process

All study-level data were independently coded using standardized spreadsheets with the
exception of ratings of quality which were independently and blindly coded.
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Eligible effect sizes were extracted along with the associated 95% ClI, the number of studies
and participants represented, estimates of heterogeneity (i.e., £2), and results of tests of
publication bias (e.g., trim-and-fill, fail-safe N). We also coded results of moderator tests
when these tests were conducted on an eligible effect size (i.e., not conducted across a
sample combining comparison condition types). In order to facilitate summarizing across
PICO subcategories, we coded sample population (e.g., adults, adolescents) and/or clinical
condition (e.g., depression), intervention (e.g., text message, smartphone app), comparison
condition, and outcome (e.g., depression, smoking cessation). Samples were considered
clinical if the participants in the associated RCTs were diagnosed with a particular condition
and/or reported elevated symptoms. To define clinical conditions, we followed definitions
used in the eligible meta-analyses which included symptoms above a clinical threshold,

a formal diagnosis of a specific disorder (e.g., depression) [20], or various indicators

of smoking behavior [27, 37]. We coded interventions into six categories based on the
groupings found within the eligible studies. Of note, these groupings were not mutually
exclusive (i.e., a specific intervention could fall into multiple categories) but were created
to reflect the groupings used in the eligible meta-analyses. These included smartphone apps
(smartphone apps without additional support), smartphone-based interventions (smartphone
apps with or without additional support), meditation apps (meditation apps with or without
additional support), text message-based interventions (text messages with or without
additional support), ecological momentary assessment (EMA) interventions (EMA with or
without additional support), and mobile phone-based interventions which could include any
combination of the previous categories. We used a five-tier scheme to separate comparison
conditions into coherent subgroups. One commonly applied distinction was between inactive
and active controls [38]. Conditions that involved no intervention beyond that received

by the mobile phone intervention arm were coded as inactive. Waitlist, no treatment
controls, and treatment-as-usual when the mobile phone arm also received this were all
coded as inactive. Conditions that involved an active intervention were coded as active.
Active interventions could include interventions that were designed to control for active
components (such as time and attention) but not to provide therapeutic ingredients (e.g.,
attentional control) as well as interventions that were designed to provide therapeutic benefit
(i.e., other interventions). However, instead of separating comparison conditions based

on whether they were active or inactive, some meta-analyses [39] separated comparison
conditions based on whether they were intended to be therapeutic [32]. Thus, effect sizes
based on the combination of inactive conditions (e.g., waitlist) and active conditions not
intended to be therapeutic (e.g., attentional control) were coded as non-specific controls. In
other words, no specific intervention ingredients intended to be therapeutic were included.
Comparison conditions that were restricted to active interventions that were intended to be
therapeutic (i.e., other therapies) were coded as specific active controls. A final category
included comparisons between active interventions with and without a mobile phone-based
intervention added (i.e., adjunct intervention) [21].

When available in the included meta-analyses, we coded evaluations of primary study risk
of bias (e.g., Cochrane risk of bias tool [40]) and reports of adverse events. We coded
the quality of each meta-analysis using the National Institutes of Health (NIH) Quality
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Assessment of Systematic Reviews and Meta-Analyses Tool [41] and interpreted scores in
line with previous meta-reviews [42] where 7 or 8 indicates “good,” 4 to 6 “fair,” and 0 to 3
“poor” quality. In order to describe the magnitude of the primary study literature, we coded
each primary RCT’s sample size, country, and year of publication.

Summary measures

Standardized mean difference (i.e., Cohen’s d, Hedges’ g) served as our primary effect size
measure. As both effect sizes are in standardized mean difference units (with Hedges’

g accounting for small sample bias [43]), we refer to them together as Cohen’s d.
Alternative effect size measures (e.g., odds ratio, hazard ratio) were converted into Cohen’s
d using standard methods [44]. The magnitude of Cohen’s dand /2 were interpreted using
established guidelines [45, 46].

We evaluated the certainty of the evidence using criteria drawn from umbrella review
methodology [22, 24]. Convincing evidence required: 7> 1000, p < 1075, no evidence of
publication bias, low to moderate heterogeneity (2 <50%). Highly suggestive evidence
required: 7> 1000, p< 1078, Suggestive evidence required: 7> 1000, p < 1073. Weak
evidence required: p < .050. P-values were calculated from confidence intervals using
standard methods [47].

Synthesis of results

For each PICO subcategory, we identified a representative effect size that was based on

the largest sample, which in theory would provide the most reliable estimate. The specific
PICO subcategories were identified inductively based on categories utilized in the available
meta-analyses. When multiple effect sizes within a given PICO subcategory were reported
(e.g., effects of text messaging on depression symptoms, effects of text messaging on Beck
Depression Inventory [48]), we selected the effect size based on the larger sample. We
organized our reporting of results by outcome domains, reviewing effect size magnitude and
certainty of the evidence separated by population, intervention, and comparison (i.e., the
remaining PICO).

Results

Study selection

A total of 4,447 citations were retrieved (S1 Fig), with 14 meta-analyses reporting eligible
effect sizes. Thirty-six potentially eligible meta-analyses were excluded due to combining
either inactive and active controls or non-specific and specific controls. The 14 meta-
analyses represented data from 145 unique primary RCTs with 47,940 participants.

Study characteristics

Meta-analysis-level characteristics are shown in Table 1. Meta-analyses included an average
of 18.71 studies (SD = 16.22, range = 6 to 66). In terms of population, six meta-analyses
(42.9%) were focused exclusively on adults while eight (57.1%) included studies from both
adult and adolescent/adult samples. The most commonly investigated clinical condition was
smoking (k= 5, 35.7%), with two meta-analyses (14.3%) focusing on individuals with
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elevated mental health symptoms, and one (7.1%) focusing on individuals with depression.
Average meta-analysis quality was 7.07 out of 8 (SD = 0.62, range = 6 to 8). All but two
meta-analyses received a 7 or 8, indicating “good” quality. Meta-analyses were published
between 2015 and 2020. All studies with the exception of those focused on smoking
assessed outcomes at post-treatment. Smoking studies commonly included longer-term
follow-up assessment (6 or 12 months post-quit attempt [27, 37]).

Primary studies represented in the 14 meta-analyses had an average sample size of 330.62
(SD = 747.73, range = 8 to 5,800). Studies occurred in North America (43.4%), Europe
(35.2%), Oceania (Australia or New Zealand; 10.3%), Asia (6.9%), the Middle East (2.1%),
or across multiple regions (2.1%). Primary studies were published between 2005 and 2020
with a median year of 2017.

Risk of bias within studies

Most meta-analyses evaluated risk of bias (k= 12, 85.7%), most commonly using the
Cochrane tool (k= 10, 71.4%). Three studies used GRADE (21.4%). Fig 1 displays a
summary of bias assessment. Blinding of personnel and participants was the area most
consistently rated as high risk for bias (44.5%) and incomplete outcome data was the second
most common (26.5%). There was evidence for some inconsistency in the coding of bias,
specifically in the domain of blinding (S1 Table; S2 Fig). Several meta-analyses indicated
high risk of bias related to blinding of personnel and participants, while also indicating that
outcome assessors were blind [48]. It appeared that authors may have considered a lack of
interaction with study personnel as reflecting low risk of bias for outcome assessors when
outcomes were self-reported [39].

Although many of the included meta-analyses assessed publication bias, this was often

done using the full sample of studies (i.e., not separated by comparison condition type).
Publication bias was tested for only two of the 34 eligible effect size estimates. Of these, one
indicated evidence for publication bias (upwardly biased original estimate [49]) and one did
not [50].

Results of individual studies

After removing non-representative effect sizes (i.e., effect sizes that overlapped with another
effect size with equivalent PICO based on a larger sample), 34 unique effect sizes were
retained. Table 2 displays representative effect sizes which uniquely capture a PICO
combination along with grading of the certainty of the evidence. Effect sizes were based on
an average of 9.94 RCTs (SD = 8.29, range = 4 to 37) and 2,707 participants (SD = 4,374,
range = 246 to 19,368). In terms of intervention, 15 effect sizes (44.1%) were from studies
investigating smartphone interventions (e.g., apps with or without additional support), seven
(20.6%) from smartphone apps, six (17.6%) from meditation apps, four (11.8%) from text
messaging, one (2.9%) from ecological momentary interventions, and one (2.9%) from
mobile phone-based interventions (i.e., combination of text messaging and smartphone
interventions). In terms of comparison condition, nine (26.5%) were from comparisons with
inactive controls, 13 (38.2%) from comparisons with non-specific controls, five (14.7%)
from comparisons with active controls, five (14.7%) from comparisons with specific active
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controls, and two (5.9%) from comparisons between active treatments with and without an
adjunctive mobile phone-based intervention.

Synthesis of results

Across outcome categories, 11 effect sizes were related to anxiety (32.4%), 10 to depression
(29.4%), four to smoking (11.8%), three to stress (8.8%), three to quality of life (8.8%), one
to wellbeing (2.9%), one to suicidal ideation (2.9%), and one to smoking/drinking (2.9%).
Sixteen (47.1%) of the representative effect sizes were based on 7> 1000. Nine (26.5%)
were significant at p< 1076, 16 (47.1%) were significant at p< 1073, and 25 (73.5%) were
significant at p < .050. Average heterogeneity was 38.24% (SD = 30.06, range = 0 to 82.5)
and sixteen (47.1%) had low to moderate heterogeneity (2 <50%). Evidence was graded as
highly suggestive for eight effect sizes (23.5%), as suggestive for four effect sizes (11.8%),
and as weak for 14 effect sizes (38.2%). Eight effect sizes (26.5%) were non-significant. No
effect size was graded as convincing.

Figs 2 and 3 display the distribution of effect sizes separated by comparison. Both figures
illustrate heterogeneity across estimates within a given comparison type, but a generally
monotonic movement of effect sizes towards zero as the comparison condition becomes
more rigorous (i.e., moving from inactive to specific active). Fig 4 displays the distribution
of effect sizes separated by outcome domain.

Anxiety.—Compared to inactive controls, smartphone interventions showed highly
suggestive evidence of small magnitude effects on anxiety in the general population (d'=
0.32 [21]) and among those with elevated symptoms (o= 0.45 [38]). Compared to inactive
controls, meditation apps showed suggestive evidence of small magnitude effects (¢=0.31
[39]). There was weak evidence of small magnitude effects of apps compared to inactive
controls among those with elevated symptoms (&= 0.49 [20]), downgraded from highly
suggestive due to the small sample size (n7 = 806). Evidence for ecological momentary
interventions and apps compared to non-specific controls was weak or non-significant,
although of similar magnitude (&5 = 0.30 to 0.43 [20, 49]). Smartphone interventions
showed weak evidence of very small effects compared to active controls in the general
population and among those with elevated symptoms (&5 = 0.18 and 0.19, respectively [21,
38]). Compared to specific active controls, meditation apps and smartphone interventions
were not significantly superior in their effects on anxiety (a5 = 0.26 and 0.09, respectively
[21, 39)).

Depression.—Compared to inactive controls, smartphone interventions showed highly
suggestive evidence of small magnitude effects on depression (&= 0.32 [21]) and meditation
apps showed weak evidence of small magnitude effects (¢= 0.35 [39]). Compared to non-
specific controls, smartphone interventions showed suggestive evidence of small magnitude
effects (&= 0.39 [21]) as did app interventions among those with elevated symptoms
(d=10.34[20]). Evidence was weak for small effects of app interventions versus non-
specific controls among those with depression (&= 0.33 [20]) and for text message-based
interventions (= 0.27 [48]). Smartphone apps showed suggestive evidence of small effects
compared to active controls (d= 0.22 [50]). Meditation apps showed weak evidence of small

PLOS Digit Health. Author manuscript; available in PMC 2022 February 26.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Goldberg et al.

Moderators

Page 10

effects compared to specific active controls (¢= 0.28 [39]). Smartphone interventions did
not differ significantly from specific active controls (¢= 0.13 [21]) or when tested as an
adjunct to treatment (&= 0.26 [21]).

Smoking and smoking/drinking.—Compared to non-specific controls, both mobile
phone interventions and text message-based interventions showed highly suggestive
evidence of small magnitude effects on smoking cessation (a5 = 0.30 to 0.31 [27, 37]). Text
message-based interventions showed highly suggestive evidence of very small magnitude
effects compared to active controls on smoking cessation (&= 0.19 [51]) and weak evidence
of small magnitude effects when tested as an adjunct to other support on smoking cessation
(d=0.31[27]). Apps did not differ from non-specific controls on a combination of smoking
and drinking outcomes (&= 0.18 [20]).

Stress.—Compared to inactive controls, smartphone interventions showed highly
suggestive evidence of small magnitude effects on stress (&= 0.47 [21]). Meditation apps
showed weak evidence of moderate magnitude effects compared to inactive controls (=
0.62 [39]). Smartphone interventions did not differ from active controls (¢= 0.09 [21]).

Suicidal ideation.—Only one effect size characterized effects on suicidal ideation. Apps
did not differ from non-specific controls (¢= 0.14 [20]).

Quiality of life and wellbeing.—Compared to inactive controls, smartphone interventions
showed highly suggestive evidence of small magnitude effects on quality of life (¢=0.35
[21]). Compared to non-specific controls, smartphone interventions showed weak evidence
of small magnitude effects on quality of life (¢= 0.41 [21]) and meditation apps showed
weak evidence of small magnitude effects on wellbeing (&= 0.31 [39]). Smartphone
interventions did not differ from specific active controls on quality of life (¢=0.02 [21]).

Only one study tested moderators within an eligible effect size (i.e., not using a sample that
combined across comparison types). Spohr et al. [52] tested nine moderators as predictors
of smoking cessation in text message-based interventions. These included study design
features (follow-up length) and aspects of the intervention (e.g., text message only, message
frequency, message type, inclusion of social support, inclusion of nicotine replacement
therapy). None of these features significantly moderated treatment effects.

Adverse events

Only one meta-analysis evaluated adverse events. Cox et al. [48] indicated that adverse
events were not reported in the seven trials they included testing text message-based
interventions for depression.

Discussion

Psychological interventions delivered via mobile technology have been proposed as a means
for reducing the global burden of disease associated with mental illness [53]. We sought
to rigorously summarize and evaluate the strength of the available empirical evidence by
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conducting a meta-review of meta-analyses of mobile phone-based interventions tested in
RCTs. Testament to the dramatic growth in this literature, the 14 meta-analyses we included
were comprised of 145 primary studies representing 47,940 participants published since
2005 with 2017 being the median year of publication.

Applying standards drawn from umbrella review methodology [22, 24], we failed to find
convincing evidence in support of any mobile phone-based intervention on any outcome.
One reason evidence could not be graded as convincing was the lack of publication bias
assessment within the meta-analyses themselves necessary for ruling out influence due

to small sample bias. This highlights the importance of future meta-analyses including
publication bias assessment at the effect size-level (i.e., not across the full sample if studies
used differing comparison types).

Eight of the 34 representative effect sizes evaluated were graded as providing highly
suggestive evidence, based on having large sample (7> 1000) and low p-value (p <

1076). Specifically, smartphone interventions outperformed inactive controls on measures
of psychological symptoms (anxiety, depression, stress) and quality of life with small
magnitude effects (&5 = 0.32 to 0.47). Mobile phone-based interventions and text message-
based interventions outperformed non-specific controls (e.g., attentional controls) on
smoking cessation (&5 = 0.30 and 0.31, respectively). The only comparison with an

active control condition that yielded highly suggestive evidence was text message-based
interventions for smoking cessation (¢= 0.19). While none of the highly suggestive effect
sizes were moderate or larger in magnitude, they can be taken as proof-of-concept evidence
that mobile phone-based interventions can at least modestly reduce some psychological
symptoms and smoking. Scaled at a population level, even small effects may meaningfully
impact public health [54].

Across the literature, we saw a general pattern of weakening evidence (i.e., fewer effect sizes
graded as highly suggestive or suggestive) and diminishing effect sizes as the comparison
condition became more rigorous. This finding is consistent with the broader psychotherapy
literature which has highlighted the importance of the comparison condition when designing
and interpreting the results of RCTs (e.g., whether determining absolute vs. relative

efficacy [26, 55]). Three effect sizes indicated suggestive evidence (i.e., 7> 1000 and p

< 1073) of small magnitude superiority for mobile phone-based interventions (smartphone
interventions, apps, meditation apps) on psychological symptoms (depression, anxiety)
relative to inactive controls or non-specific controls (i.e., combination of inactive controls
and active controls not intended to be therapeutic; o6 = 0.31 to 0.39). In addition, we found
suggestive evidence that smartphone interventions produce small magnitude effects relative
to active controls on depression (&= 0.22).

Thirteen of the 34 effect sizes provided weak (p < .050) evidence for mobile phone-based
interventions. Several effect sizes were downgraded from suggestive to weak due to limited
sample size (/7< 1000). One notable effect size categorized as providing weak evidence
was the comparisons between meditation apps and specific active controls (i.e., other
interventions intended to be therapeutic) on depression (¢=0.28 [39]). As a point of
comparison, the upper bound of the effect size for the difference between various forms
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of psychotherapy is estimated to be &= 0.20 [26]. Thus, given the rigorous comparison
condition, should this effect size which is slightly larger than 0.20 persist as the literature
grows and demonstrate robustness to publication bias, it may indicate an instance in which
mobile phone-based interventions are particularly promising.

All of the remaining comparisons with specific active controls failed to demonstrate
superiority of mobile phone-based interventions. Similarly, smartphone interventions did
not yield benefits on depression when added as adjunctive to other treatments, although the
effect was of small magnitude (¢= 0.26 [21]).

Taken together, these results suggest that mobile phone-based interventions may hold
promise for modestly reducing common psychological symptoms (e.g., depression, anxiety),
although effect sizes are generally small and rarely do these interventions outperform other
interventions intended to be therapeutic (i.e., specific active controls). Text message-based
interventions appear particularly effective in supporting smoking cessation. Despite modest
effect sizes, the relatively low cost and high scalability of most of the interventions

tested supports their public health relevance. Pragmatic RCTs and dissemination and
implementation research will be crucial for evaluating the degree to which efficacy findings
translate into real world effectiveness. This is especially important given the rapid dropout of
user engagement for some forms of mobile phone interventions (e.g., health apps generally
and mental health apps specifically [56, 57]). Determining safety of these interventions

is also essential; discussion of adverse events was almost entirely absent from the meta-
analytic literature. While limited assessment of adverse events is an issue in the broader
psychotherapy literature [58], it may be particularly problematic to ignore within the context
of mobile phone-based interventions which often include less support than traditional
treatments. Unfortunately, to date is appears content for managing safety-related crises (e.g.,
suicidality) is not included in the majority of mental health apps [59].

There are several limitations necessary to consider when evaluating these findings. As is
always the case with meta-analyses and meta-reviews, our study was limited by the available
meta-analytic and primary study literature. It may well be that a body of literature exists
pertaining the mobile phone-based interventions effects on mental health outcomes that
was simply not meta-analyzed (or was meta-analyzed in a way that combined comparison
conditions). Likewise, it is possible that the strength of the evidence may have been
underestimated due to lack of publication bias assessment. In addition, the heterogeneity
evident both within and between meta-analyses decreases confidence in any particular point
estimate and highlights the potential of systematic differences in efficacy. Unfortunately,
valid tests of moderators that might explain variability within a specific meta-analysis

were rare and the one meta-analysis testing moderators within an eligible effect size found
no significant predictors [52]. Thus, despite almost half of the representative effect sizes
showing moderate heterogeneity (2 >50%), the included meta-analyses provided no clear
indication of features that may account for this variability. Similarly, although there was

a generally monotonic pattern of decreasing effects as the comparison condition became
more rigorous, there was also substantial variability between representative effect sizes
even within a comparison condition type. This suggests mobile phone-based interventions
may vary in efficacy across PICO (e.g., based on participants, interventions, comparisons,
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outcomes). Another possibility not directly evaluated within the included meta-analyses is
that quality of mobile phone-based interventions varies in important ways. The included
primary studies tested a variety of interventions, some of which are widely used commercial
products (e.g., Headspace [60, 61]) while others are interventions designed in collaboration
with researchers (e.g., Wildflowers [62]). Lacking standardized assessment of intervention
quality and related constructs (e.g., usability, acceptability, engagement), it is difficult for
meta-analysts to evaluate whether effect sizes varied due to characteristics of the mobile
phone-based interventions themselves.

Confidence in these results is also diminished by indication of risk of bias associated with
lack of blinding of personnel and participants as well as incomplete outcome data. Many
authors considered the included studies of low risk for bias due to blinding of outcome
assessors. However, the widespread reliance on self-report measures within this literature
coupled with the lack of participants blinding and difficulty inherent in blinding participants
to behavioral interventions [26] raises questions regarding the degree to which outcome
assessors are in fact blind.

These limitations notwithstanding, the current study highlights several important future
directions for both meta-analyses and primary studies. One potentially rich area may be
the application of text message-based interventions for addictive behaviors [63]. While our
review included several meta-analyses investigating text messaging for smoking cessation,
only one effect size included assessment of other addictive behaviors (smoking and drinking
combined [20]). Other PICOs that were relatively underrepresented in the meta-review
include comparisons testing active interventions with and without a mobile phone-based
adjunct, comparisons with specific active controls, and comparisons focused on non-adult
samples. It is not possible to say from the current study whether these omissions are due

to limited primary RCTs or meta-analyses of the available RCTs. Nonetheless, they may
be important areas for future work of both kinds. In addition, we hope our results sensitize
both clinical trialists and meta-analysts to the importance of considering the comparison
condition (for an exemplary meta-analytic treatment of comparison type, see Linardon et
al. [21]). This literature would be strengthened through more studies including active and
ideally specific active controls which are capable of identifying key intervention ingredients
and disentangling intervention-specific elements from the effect of expectancy and other
non-specific factors alone (although these non-specific elements are likely an important
component worthy of study in their own right [64, 65]). The quality of the primary study
literature would be improved through the use of objective measures (to reduce bias due

to unblinded outcome assessors), use of intention-to-treat analyses (to reduce bias due to
incomplete outcome data), and preregistration of outcomes (to reduce selective reporting
bias). A crucial future direction is consistent assessment and reporting of adverse events
within both the primary studies and the meta-analytic literature. Surprisingly, only one
meta-analysis mentioned adverse events, indicating the primary studies did not report on
adverse events. Inconsistent assessment and evaluation of potential harm is a widespread
issue within the psychotherapy literature [58], and is an important understudied area
within mobile health research. As noted, the efficacy of mobile phone-based interventions
among youth and adolescents also appears to be an understudied area and no eligible
effect sizes were focused exclusively on this population. Future primary studies with youth
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and adolescent samples may be warranted, particularly given evidence of clinical need,
acceptability, and potential efficacy of mobile health interventions for this group [66].

Future meta-analysts could consider grading the strength of their meta-analytic evidence
using umbrella review methods. Given evidence that effects vary based on comparison
condition, moderators will ideally be tested within a subsample of studies sharing a
comparison condition type. Moderator tests are an important method to support efforts
determining which intervention components appear most efficacious. Candidate moderators
might include the degree of research staff interaction or therapist support, app quality

[21], and whether an intervention was designed to prevent versus treat symptoms. It may
also be informative to test whether the therapeutic model included in a given mobile
phone-based intervention (e.g., cognitive behavioral therapy vs. mindfulness) moderates
effects. Aggregating patient-level data across studies (i.e., individual patient meta-analysis)
would be another powerful method for identifying moderators [67]. It would also be
valuable to closely examine the effects of mobile phone-based interventions at various
follow-up timepoints (e.g., 2-months, 6-months, 12-months post-baseline). Unlike the
psychotherapy literature in which treatments are often time-limited and meta-analyses

can cleanly examine effects at post-treatment versus follow-up [68], mobile phone-based
interventions particularly those without guidance can be easily accessed ongoingly thus
making demarcation of “post-treatment” more ambiguous. However, a future meta-analysis
might examine the persistence of effects at varying distances from baseline by including
this characteristic as a moderator and/or assessing effects restricted to those measured within
certain timeframes (as is commonly done in Cochrane Reviews [69]).

Lastly, the current findings have public health and health policy implications. While failing
to demonstrate convincing evidence, the highly suggestive evidence for some mobile
phone-based interventions on some outcomes (e.g., smartphone interventions on depression,
anxiety, and stress; text message interventions on smoking cessation) supports future
research in this area as well as consideration of these approaches as cost-effective means for
reducing common psychiatric symptoms and supporting smoking cessation. Mobile phone-
based interventions may be worth considering as prevention tools, or as initial interventions
within a stepped care model. They may also serve as useful adjunct to traditional treatment,
although we found only weak evidence supporting this possibility (text message-based
interventions for smoking cessation [27]). Eventually, standardized and transparent formal
evaluation of these interventions’ clinical efficacy (e.g., by the United States Food and

Drug Administration) may help guide consumers and providers [10]. These possibilities
are, however, dependent on future primary studies and meta-analytic research continuing

to establish under what circumstances these approaches are most effective, acceptable, and
safe.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.

Acknowledgments

We are grateful to Katty Li and Hannah Reale for their assistance coding primary studies.

PLOS Digit Health. Author manuscript; available in PMC 2022 February 26.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuep Joyiny

Goldberg et al.

Page 15

Funding: This research was supported by the National Center for Complementary and Integrative Health Grant
K23AT010879 (S. B. Goldberg) and Grant K23AT011173 (S. Sun). J. Torous was supported by a grant from the
Baer Foundation. O. Simonsson was supported by the Sweden-America Foundation. The funders had no role in
study design, data collection and analysis, decision to publish, or preparation of the manuscript.

Data Availability Statement:

St

udy-level data are reported in included studies for this review (see tables and citations for

all included studies).

References
1.

10

11.

12.

13.

14.

15.

World Health Organization. Depression. Accessed April 24, 2021. https://www.who.int/news-room/
factsheets/detail/depression

. World Health Organization. Prevention. Accessed April

24, 2021. https://lwww.who.int/teams/sexual-and-reproductive-health-and-research/areas-of-work/
fertility-care/infertility-definitions-and-terminology/mental-health-and-substances-use

. Pfefferbaum B, North CS. Mental Health and the Covid-19 Pandemic. N Engl J Med. 2020;

383(6):510-512. 10.1056/NEJMp2008017 [PubMed: 32283003]

. SAMHSA. Behavioral Health Workforce Report.: 38.
. Inkster B, Group (DMHDIG) DMHDI. Early Warning Signs of a Mental Health Tsunami: A

Coordinated Response to Gather Initial Data Insights From Multiple Digital Services Providers.
Front Digit Health. 2021; 2. 10.3389/fdgth.2020.578902

. Rizvi SL, Dimeff LA, Skutch J, Carroll D, Linehan MM. A pilot study of the DBT coach:

an interactive mobile phone application for individuals with borderline personality disorder and
substance use disorder. Behav Ther. 2011; 42(4):589-600. 10.1016/j.beth.2011.01.003 [PubMed:
22035988]

. Carey B The Therapist May See You Anytime, Anywhere. The New York

Times. https://www.nytimes.com/2012/02/14/health/feeling-anxious-soon-there-will-be-an-app-for-
that.html. Published February 13, 2012. Accessed April 24, 2021.

. Hall AK, Cole-Lewis H, Bernhardt JM. Mobile Text Messaging for Health: A Systematic

Review of Reviews. Annu Rev Public Health. 2015; 36(1):393-415. 10.1146/annurev-
publhealth-031914-122855 [PubMed: 25785892]

. Taylor K, Silver L. Smartphone Ownership Is Growing Rapidly around the World, but Not Always

Equally. Pew Research Center; 2019.

. Torous J, Roberts LW. Needed Innovation in Digital Health and Smartphone Applications
for Mental Health: Transparency and Trust. JAMA Psychiatry. 2017; 74(5):437-438. 10.1001/
jamapsychiatry.2017.0262 [PubMed: 28384700]

Carlo AD, Hosseini Ghomi R, Renn BN, Arean PA. By the numbers: ratings and

utilization of behavioral health mobile applications. Npj Digit Med. 2019; 2(1):1-8. 10.1038/
s41746-019-0129-6 [PubMed: 31304351]

Rodriguez-Villa E, Torous J. Regulating digital health technologies with transparency: the

case for dynamic and multi-stakeholder evaluation. BMC Med. 2019; 17(1):226. 10.1186/
512916-019-1447-x [PubMed: 31801532]

Parker L, Bero L, Gillies D, Raven M, Grundy Q. The "Hot Potato" of Mental Health App
Regulation: A Critical Case Study of the Australian Policy Arena. Int J Health Policy Manag.
2018; 8(3):168-176. 10.15171/ijhpm.2018.117

Lee TT, Kesselheim AS. U.S. Food and Drug Administration Precertification Pilot Program for
Digital Health Software: Weighing the Benefits and Risks. Ann Intern Med. 2018; 168(10):730—
732.10.7326/M17-2715 [PubMed: 29632953]

Mordecai D, Histon T, Neuwirth E, Heisler WS, Kraft A, Bang Y, et al. How Kaiser

Permanente Created a Mental Health and Wellness Digital Ecosystem. NEJM Catal. 2(1). 10.1056/
CAT.20.0295

PLOS Digit Health. Author manuscript; available in PMC 2022 February 26.


https://www.who.int/news-room/factsheets/detail/depression
https://www.who.int/news-room/factsheets/detail/depression
https://www.who.int/teams/sexual-and-reproductive-health-and-research/areas-of-work/fertility-care/infertility-definitions-and-terminology/mental-health-and-substances-use
https://www.who.int/teams/sexual-and-reproductive-health-and-research/areas-of-work/fertility-care/infertility-definitions-and-terminology/mental-health-and-substances-use
https://www.nytimes.com/2012/02/14/health/feeling-anxious-soon-there-will-be-an-app-for-that.html
https://www.nytimes.com/2012/02/14/health/feeling-anxious-soon-there-will-be-an-app-for-that.html

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Goldberg et al.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

217.

28.

29.

30.

31.

32.

33.

Page 16

Drissi N, Ouhbi S, Idrissi MAJ, Fernandez-Luque L, Ghogho M. Connected Mental Health:
Systematic Mapping Study. J Med Internet Res. 2020; 22(8):e19950. 10.2196/19950 [PubMed:
32857055]

Ng MM, Firth J, Minen M, Torous J. User Engagement in Mental Health Apps: A

Review of Measurement, Reporting, and Validity. Psychiatr Serv. 2019; 70(7):538-544. 10.1176/
appi.ps.201800519 [PubMed: 30914003]

Hrynyschyn R, Dockweiler C. Effectiveness of Smartphone-Based Cognitive Behavioral Therapy
Among Patients With Major Depression: Systematic Review of Health Implications. JIMIR
MHealth UHealth. 2021; 9(2):e24703. 10.2196/24703 [PubMed: 33565989]

Planas R, Yuguero O. Technological prescription: evaluation of the effectiveness of mobile
applications to improve depression and anxiety. Systematic review. Inform Health Soc Care. 2021;
0(0):1-18. 10.1080/17538157.2021.1887196

Weisel KK, Fuhrmann LM, Berking M, Baumeister H, Cuijpers P, Ebert DD. Standalone
smartphone apps for mental health—a systematic review and meta-analysis. Npj Digit Med. 2019;
2(1):1-10. 10.1038/s41746-019-0188-8 [PubMed: 31304351]

Linardon J, Cuijpers P, Carlbring P, Messer M, Fuller-Tyszkiewicz M. The efficacy of
app-supported smartphone interventions for mental health problems: a meta-analysis of
randomized controlled trials. World Psychiatry. 2019; 18(3):325-336. 10.1002/wps.20673
[PubMed: 31496095]

Fusar-Poli P, Radua J. Ten simple rules for conducting umbrella reviews. Evid Based Ment Health.
2018; 21(3):95-100. 10.1136/ebmental-2018-300014 [PubMed: 30006442]

Barbui C, Purgato M, Abdulmalik J, Acarturk C, Eaton J, Gastaldon C, et al. Efficacy

of psychosocial interventions for mental health outcomes in low-income and middle-

income countries: an umbrella review. Lancet Psychiatry. 2020; 7(2):162-172. 10.1016/
$2215-0366(19)30511-5 [PubMed: 31948935]

Dragioti E, Solmi M, Favaro A, Fusar-Poli P, Dazzan P, Thompson T, et al. Association of
Antidepressant Use With Adverse Health Outcomes: A Systematic Umbrella Review. JAMA
Psychiatry. 2019; 76 (12):1241-1255. 10.1001/jamapsychiatry.2019.2859 [PubMed: 31577342]
Lecomte T, Potvin S, Corbiére M, Guay S, Samson C, Cloutier B, et al. Mobile Apps for Mental
Health Issues: Meta-Review of Meta-Analyses. IMIR MHealth UHealth. 2020; 8(5):e17458.
10.2196/17458 [PubMed: 32348289]

Wampold BE, Imel ZE. The Great Psychotherapy Debate: The Evidence for What Makes
Psychotherapy Work (2nd Ed.). Routledge; 2015.

Whittaker R, McRobbie H, Bullen C, Rodgers A, Gu Y, Dobson R. Mobile phone text messaging
and app-based interventions for smoking cessation. Cochrane Database Syst Rev. 2019;(10).
10.1002/14651858.CD006611.pub5

Deady M, Choi I, Calvo RA, Glozier N, Christensen H, Harvey SB. eHealth interventions for

the prevention of depression and anxiety in the general population: a systematic review and meta-
analysis. BMC Psychiatry. 2017; 17(1):310. 10.1186/s12888-017-1473-1 [PubMed: 28851342]

Deady M, Glozier N, Calvo R, Johnston D, Mackinnon A, Milne D, et al. Preventing depression
using a smartphone app: a randomized controlled trial. Psychol Med Published online undefined/
ed:1-10. 10.1017/S0033291720002081

Novartis trial shows no benefits from Pear's schizophrenia app as CEO

cites trial irregularities. Mobi-HealthNews. Published January 13, 2021. Accessed

April 24, 2021. https://www.mobihealthnews.com/news/novartis-trial-shows-no-benefits-pears-
schizophrenia-app-ceo-cites-trial-irregularities

Moher D, Liberati A, Tetzlaff J, Altman DG, Group TP. Preferred Reporting Items for Systematic
Reviews and Meta-Analyses: The PRISMA Statement. PLOS Med. 2009; 6(7):e1000097. 10.1371/
journal.pmed.1000097 [PubMed: 19621072]

Wampold BE, Mondin GW, Moody M, Stich F, Benson K, Ahn H. A meta-analysis of outcome
studies comparing bona fide psychotherapies: Empiricially, 2all must have prizes.® Psychol Bull.
1997; 122 (3):203-215. 10.1037/0033-2909.122.3.203

American Psychiatric Association. Diagnostic and Statistical Manual of Mental Disorders (5th
Ed.).; 2013.

PLOS Digit Health. Author manuscript; available in PMC 2022 February 26.


https://www.mobihealthnews.com/news/novartis-trial-shows-no-benefits-pears-schizophrenia-app-ceo-cites-trial-irregularities
https://www.mobihealthnews.com/news/novartis-trial-shows-no-benefits-pears-schizophrenia-app-ceo-cites-trial-irregularities

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Goldberg et al.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,
45.
46.

47.

48.

49.

50.

51.

52.

53.

Page 17

Fu R, Gartlehner G, Grant M, Shamliyan T, Sedrakyan A, Wilt TJ, et al. Conducting quantitative
synthesis when comparing medical interventions: AHRQ and the Effective Health Care Program. J
Clin Epidemiol. 2011; 64(11):1187-1197. 10.1016/j.jclinepi.2010.08.010 [PubMed: 21477993]

Goldberg SB, Riordan KM, Sun S, Davidson RJ. The Empirical Status of Mindfulness-
Based Interventions: A Systematic Review of 44 Meta-Analyses of Randomized Controlled
Trials. Perspect Psychol Sci. Published online February 16, 2021:1745691620968771.
10.1177/1745691620968771

Cicchetti DV. Guidelines, criteria, and rules of thumb for evaluating normed and

standardized assessment instruments in psychology. Psychol Assess. 1994; 6(4):284-290.
10.1037/1040-3590.6.4.284

Whittaker R, McRobbie H, Bullen C, Rodgers A, Gu Y. Mobile phone-based

interventions for smoking cessation. Cochrane Database Syst Rev. 2016; 4:CD006611.
10.1002/14651858.CD006611.pub4 [PubMed: 27060875]

Firth J, Torous J, Nicholas J, Carney R, Rosenbaum S, Sarris J. Can smartphone mental health
interventions reduce symptoms of anxiety? A meta-analysis of randomized controlled trials. J
Affect Disord. 2017; 218:15-22. 10.1016/j.jad.2017.04.046 [PubMed: 28456072]

Gél E, Stefan S, Cristea IA. The efficacy of mindfulness meditation apps in enhancing users'
well-being and mental health related outcomes: a meta-analysis of randomized controlled trials. J
Affect Disord. 2021; 279:131-142. 10.1016/j.jad.2020.09.134 [PubMed: 33049431]

Higgins JPT, Altman DG, Ggtzsche PC, Peter C; Juni P; Moher D; et al. The Cochrane
Collaboration's tool for assessing risk of bias in randomised trials. BMJ. 2011; 343:d5928.
10.1136/bmj.d5928 [PubMed: 22008217]

Study Quality Assessment Tools | NHLBI, NIH. Accessed April 24, 2021. https://
www.nhlbi.nih.gov/health-topics/study-quality-assessment-tools

Firth J, Solmi M, Wootton RE, Vancampfort D, Schuch FB, Hoare E, et al. A meta-review of
"lifestyle psychiatry": the role of exercise, smoking, diet and sleep in the prevention and treatment
of mental disorders. World Psychiatry. 2020; 19(3):360-380. 10.1002/wps.20773 [PubMed:
32931092]

Borenstein M, Hedges LV, Higgins JPT, Rothstein HR. Introduction to Meta-Analysis. John Wiley
& Sons; 2011.

Borenstein M, Hedges LV, Higgins JPT, Rothstein H. Introduction to Meta-Analysis. Wiley; 2009.
Cohen J Statistical Power Analysis for the Behavioral Sciences (2nd Ed.). Erlbaum; 1988.

Higgins JPT, Thompson SG, Deeks JJ, Altman DG. Measuring inconsistency in meta-analyses.
BMJ. 2003; 327(7414):557-560. 10.1136/bmj.327.7414.557 [PubMed: 12958120]

Altman DG, Bland JM. How to obtain the confidence interval from a P value. BMJ. 2011;
343:d2090. 10.1136/bm;j.d2090 [PubMed: 21824904]

Cox KL, Allida SM, Hackett ML. Text messages to reduce depressive symptoms: Do they work
and what makes them effective? A systematic review. Health Educ J. 2021; 80(3):253-271.
10.1177/0017896920959368

Loo Gee B, Griffiths KM, Gulliver A. Effectiveness of mobile technologies delivering Ecological
Momentary Interventions for stress and anxiety: a systematic review. J Am Med Inform Assoc
JAMIA. 2016; 23 (1):221-229. 10.1093/jamia/ocv043 [PubMed: 25997643]

Firth J, Torous J, Nicholas J, Carney R, Pratap A, Rosenbaum S, et al. The efficacy of smartphone-
based mental health interventions for depressive symptoms: a meta-analysis of randomized
controlled trials. World Psychiatry Off J World Psychiatr Assoc WPA. 2017; 16(3):287-298.
10.1002/wps.20472

Scott-Sheldon LA, Lantini RC, Jennings EG, Thind H, Rosen RK, Salmoirago-Blotcher E, et

al. Text Messaging-Based Interventions for Smoking Cessation: A Systematic Review and Meta-
Analysis. JMIR MHealth UHealth. 2016; 4(2):e5436. 10.2196/mhealth.5436

Spohr SA, Taxman FS, Walters ST. The relationship between electronic goal reminders and
subsequent drug use and treatment initiation in a criminal justice setting. Addict Behav. 2015;
51:51-56. 10.1016/j.addbeh.2015.07.005 [PubMed: 26217929]

Steinhubl SR, Muse ED, Topol EJ. Can Mobile Health Technologies Transform Health Care?
JAMA. 2013; 310(22):2395-2396. 10.1001/jama.2013.281078 [PubMed: 24158428]

PLOS Digit Health. Author manuscript; available in PMC 2022 February 26.


https://www.nhlbi.nih.gov/health-topics/study-quality-assessment-tools
https://www.nhlbi.nih.gov/health-topics/study-quality-assessment-tools

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Goldberg et al.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

Page 18

Meyer GJ, Finn SE, Eyde LD, Kay GG, Moreland KL, Dies RR, et al. Psychological testing and
psychological assessment: A review of evidence and issues. Am Psychol. 2001; 56(2):128-165.
10.1037/0003-066X.56.2.128 [PubMed: 11279806]

Wampold BE. How important are the common factors in psychotherapy? An update. World
Psychiatry. 2015; 14(3):270-277. 10.1002/wps.20238 [PubMed: 26407772]

Baumel A, Muench F, Edan S, Kane JM. Objective User Engagement With Mental Health Apps:
Systematic Search and Panel-Based Usage Analysis. J Med Internet Res. 2019; 21(9):e14567.
10.2196/14567 [PubMed: 31573916]

Pratap A, Neto EC, Snyder P, Stepnowsky C, Elhadad N, Grant D, et al. Indicators of retention
in remote digital health studies: a cross-study evaluation of 100,000 participants. Npj Digit Med.
2020; 3(1):1-10. 10.1038/s41746-020-0224-8 [PubMed: 31934645]

Jonsson U, Alaie I, Parling T, Arnberg FK. Reporting of harms in randomized controlled trials
of psychological interventions for mental and behavioral disorders: A review of current practice.
Contemp Clin Trials. 2014; 38(1):1-8. 10.1016/j.cct.2014.02.005 [PubMed: 24607768]

Parrish EM, Filip TF, Torous J, Nebeker C, Moore RC, Depp CA. Are mental health apps
adequately equipped to handle users in crisis? Crisis J Crisis Interv Suicide Prev. Published online
2021:No Pagination Specified-No Pagination Specified. 10.1027/0227-5910/a000785
Champion L, Economides M, Chandler C. The efficacy of a brief app-based mindfulness
intervention on psychosocial outcomes in healthy adults: A pilot randomised controlled trial.
PLOS ONE. 2018; 13(12): e0209482. 10.1371/journal.pone.0209482 [PubMed: 30596696]

Wasil AR, Gillespie S, Patel R, Petre A, Venturo-Conerly KE, Shingleton RM, et al. Reassessing
evidence-based content in popular smartphone apps for depression and anxiety: Developing

and applying user-adjusted analyses. J Consult Clin Psychol. 2020; 88(11):983-993. 10.1037/
ccp0000604 [PubMed: 32881542]

Walsh KM, Saab BJ, Farb NA. Effects of a Mindfulness Meditation App on Subjective Well-Being:
Active Randomized Controlled Trial and Experience Sampling Study. JMIR Ment Health. 2019;
6(1):10844. 10.2196/10844 [PubMed: 30622094]

Keoleian V, Polcin D, Galloway GP. Text messaging for addiction: a review. J Psychoactive Drugs.
2015; 47(2):158-176. 10.1080/02791072.2015.1009200 [PubMed: 25950596]

Goldberg SB, Baldwin SA, Riordan KM, Torous J, Dahl CJ, Davidson RJ, et al. Alliance with

an unguided smartphone app: Validation of the Digital Working Alliance Inventory. Assessment.
Published online 2021. 10.1177/10731911211015310

Torous J, Firth J. The digital placebo effect: mobile mental health meets clinical psychiatry. Lancet
Psychiatry. 2016; 3(2):100-102. 10.1016/S2215-0366(15)00565-9 [PubMed: 26851322]

Fedele DA, Cushing CC, Fritz A, Amaro CM, Ortega A. Mobile Health Interventions for
Improving Health Outcomes in Youth: A Meta-analysis. JAMA Pediatr. 2017; 171(5):461-469.
10.1001/jamapediatrics.2017.0042 [PubMed: 28319239]

Kuyken W, Warren FC, Taylor RS, Whalley B, Crane C, Bondolfi G, et al. Efficacy of
Mindfulness-Based Cognitive Therapy in Prevention of Depressive Relapse: An Individual Patient
Data Meta-analysis From Randomized Trials. JAMA Psychiatry. 2016; 73(6):565-574. 10.1001/
jamapsychiatry.2016.0076 [PubMed: 27119968]

Cuijpers P, van Straten A, Warmerdam L. Behavioral activation treatments of depression: A meta-
analysis. Clin Psychol Rev. 2007; 27(3):318-326. 10.1016/j.cpr.2006.11.001 [PubMed: 17184887]
Higgins JPT, Green S. Cochrane Handbook for Systematic Reviews of Interventions. Wiley &
Sons; 2008.

Do HP, Tran BX, Le Pham Q, Nguyen LH, Tran TT, Latkin CA, et al. Which eHealth interventions
are most effective for smoking cessation? A systematic review. Patient Prefer Adherence. 2018;
12:2065-2084. 10.2147/PPA.S169397 [PubMed: 30349201]

Linardon J Can Acceptance, Mindfulness, and Self-Compassion Be Learned by Smartphone Apps?
A Systematic and Meta-Analytic Review of Randomized Controlled Trials. Behav Ther. 2020;
51(4):646-658. 10.1016/j.beth.2019.10.002 [PubMed: 32586436]

Senanayake B, Wickramasinghe Sl, Chatfield MD, Hansen J, Edirippulige S, Smith AC.
Effectiveness of text messaging interventions for the management of depression: A systematic

PLOS Digit Health. Author manuscript; available in PMC 2022 February 26.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Goldberg et al.

Page 19

review and meta-analysis. J Telemed Telecare. 2019; 25(9):513-523. 10.1177/1357633X19875852
[PubMed: 31631764]

PLOS Digit Health. Author manuscript; available in PMC 2022 February 26.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Goldberg et al.
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Fig 1. Risk of bias summary aggregated across meta-analyses.
Random Seq = random sequence generation; Allocat Conceal = allocation concealment;
Blind Person/Partic = blinding of personnel and participants; Blind Outcome = blinding
of outcome assessor; Incomp Data = incomplete outcome data; Select Report = selective
reporting; Other = other bias.
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Fig 2. Density plots displaying distribution of representative effect sizes separated by comparison

type.

Inactive = no active comparison (e.g., assessment only, waitlist control); Non-specific =
non-specific controls (i.e., not intended to be therapeutic); Active = active comparison that
may or may not have included therapeutic ingredients; Specific = specific active controls
(i.e., intended to be therapeutic); Adjunct = mobile phone-based intervention tested as

adjunct to another intervention.

PLOS Digit Health. Author manuscript; available in PMC 2022 February 26.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuely Joyiny

Goldberg et al.

Whittaker (2019) Smoke 4
Linardon (2019) Dep 4

lounipy,

Gal (2021
Gal (2021
Linardon (2019
Linardon (2019
Linardon (2019) QOL 4

Dep
AnXx A
Dep A

Anx 4

oypadg

Firth (2017b) Anx 4
Scott-Sheldon (2016) Smoke
Firth (2017a) Anx

Linardon (2019) Anx 4
Linardon (2019) Stress

Aoy

Weisel (2019) Anx
Linardon (2019) QOL 4
Linardon (2019) Dep 4
Weisel (2019) Dep -
Weisel (2019) Dep 4

Gal (2021) WB A
Whittaker (2019) Smoke -
Gee (2016) Anx A
Whittaker (2016) Smoke -
Weisel (2019) Anx

Cox (2020) Dep

Weisel (2019) SU -
Weisel (2019) Sl A

oy1oads-uoN

Gal (2021) Stress 4
Weisel (2019) Anx
Linardon (2019) Stress -
Firth (2017a) Anx 4
Linardon (2019) QOL 4
Gal (2021) Dep -
Linardon (2019) Dep 4
Linardon (2019) Anx
(2021)

Gal (2021) Anx

aAoRU|

0.25

0.00

0.25

Effect Size (d)

0.50
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(i.e., intended to be therapeutic); Adjunct = mobile phone-based intervention tested as
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non-specific controls (i.e., not intended to be therapeutic); Specific = specific active controls
(i.e., intended to be therapeutic); Adjunct = mobile phone-based intervention tested as
adjunct to another intervention.
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Table 1.
Characteristics of included meta-analyses.
Meta-analysis Population Condition Intervention Outcomes k RoB NIH
Cox (2020) [48] adults nla text messaging depression 9 Cochrane, 7
GRADE
Do (2018) [70] adults/ smoking text messaging smoking cessation 6 Cochrane 8
adolescents
Firth (2017a) [38] adults mental health smartphone anxiety 9 Cochrane 6
concerns intervention
Firth (2017b) [50] adults n/a smartphone depression 18 | Cochrane 7
intervention
Gal (2021) [39] adults n/a meditation apps anxiety, depression, 34 | Cochrane 7
stress, wellbeing
Gee (2016) [49] adults/ n/a ecological anxiety 6 Cochrane 8
adolescents momentary
interventions
Linardon (2019) [21] | adults/ n/a smartphone depression, anxiety, 66 | Cochrane 6
adolescents intervention stress, quality of life
Linardon (2020) [71] | adults/ n/a smartphone app self-compassion, 33 | Cochrane 7
adolescents mindfulness/
acceptance,
depression/distress
Scott-Sheldon (2016) | adults smoking text messaging smoking cessation 16 | Jadad and 7
[51] other measures
Senanayake (2019) adults/ depression text messaging depression 7 Joanna Briggs 7
[72] adolescents Institute
Spohr (2015) [52] adults/ smoking text messaging smoking cessation 13 | n/a 7
adolescents
Weisel (2019) [20] adults mental health smartphone app depression, anxiety, 16 | n/a 7
concerns suicidal ideation,
smoking/drinking
Whittaker (2016) adults/ smoking text messaging / smoking cessation 12 | Cochrane, 7
[37] adolescents smartphone app GRADE
Whittaker (2019) adults/ smoking text messaging / smoking cessation 17 | Cochrane, 8
[27] adolescents smartphone app GRADE

PLOS Digit Health. Author manuscript; available in PMC 2022 February 26.

Note: k = number of included studies; ROB = risk of bias assessment method; NIH = National Institutes of Health Quality Assessment of
Systematic Reviews and Meta-Analyses Tool. n/a = not applicable (i.e., not clinical condition required for inclusion).
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Table 2.
Representative effect sizes across PICO categories.
Out Pop Cond Intervention | Comp Meta- k n ES Cl 12 Pub | Strength
analysis
Anx adult | n/a smartphone inactive Linardon 28 | 3,093 0.32 | [0.19, 63 n/a high
(2019) 0.44] suggest
Anx adult | 1 sx smartphone inactive Firth 6 1,212 0.45 | [0.30, 324 nfa high
(2017a) 0.61] suggest
Anx adult | 1 sx app inactive Weisel 6 806 0.49 | [0.27, 47 nfa weak
(2019) 0.71]
Anx adult | n/a med app inactive Gal (2021) 10 | 1,381 0.31 | [0.17, 48 n/a suggestive
0.46]
Anx mix nla EMA non- Gee (2016) | 6 1,021 0.31 | [0.07, 17.78 | yes | weak
specific 0.55]
Anx adult | 1 sx app non- Weisel 8 948 0.43 | [0.19, 66 n/a weak
specific (2019) 0.66]
Anx adult | anxious app non- Weisel 4 479 0.3 [-0.10, 75 n/a non-sig
specific (2019) 0.70]
Anx adult | 1 sx smartphone active Firth 5 1,026 0.19 | [0.07, 0 n/a weak
(2017a) 0.31]
Anx adult | n/a smartphone active Linardon 8 890 0.18 | [0.07, 7 nfa weak
(2019) 0.29]
Anx adult | n/a med app specific Gal (2021) 4 337 0.26 | [-0.00, 0 n/a non-sig
0.52]
Anx adult | n/a smartphone specific Linardon 4 246 0.09 | [-0.21, 32 WE non-sig
(2019) 0.39]
Dep adult | n/a med app inactive Gal (2021) 8 n/a 0.35 | [0.24, 9 n/a weak
0.47]
Dep adult | n/a smartphone inactive Linardon 34 | 3,907 0.32 | [0.22, 52 n/a high
(2019) 0.42] suggest
Dep adult | n/a text non- Cox (2020) | 9 1,918 0.27 | [0.00, 82.5 n/a weak
specific 0.54]
Dep mix n/a smartphone non- Linardon 8 1,840 0.39 | [0.21, 60 n/a suggestive
specific (2019) 0.58]
Dep adult | 1 sx app non- Weisel 12 | 1544 0.34 | [0.18, 53 nfa suggestive
specific (2019) 0.49]
Dep adult | depressed | app non- Weisel 6 796 0.33 | [0.10, 59 WE weak
specific (2019) 0.57]
Dep adult | n/a smartphone active Firth 12 | 2,381 0.22 | [0.10, 47.2 no suggestive
(2017b) 0.33]
Dep adult | n/a med app specific Gal (2021) 5 981 0.28 | [0.09, 0 n/a weak
0.48]
Dep adult | n/a smartphone specific Linardon 12 | 751 0.13 | [-0.07, 60 n/a non-sig
(2019) 0.34]
Dep adult | n/a smartphone adjunct Linardon 4 n/a 0.26 | [-0.09, 71 n/a non-sig
(2019) 0.61]
Smoke | mix smokers mobile non- Whittaker 12 | 11,885 | 0.3 [0.22, 59 nfa high
specific (2016) 0.38] suggest
Smoke | mix smokers text non- Whittaker 13 | 14,133 | 0.31 | [0.24, 71 n/a high
specific (2019) 0.38] suggest

PLOS Digit Health. Author manuscript; available in PMC 2022 February 26.
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Out Pop Cond Intervention | Comp Meta- k n ES Cl 12 Pub | Strength
analysis
Smoke | adult | smokers text active Scott- 16 | 19,364 | 0.19 | [0.14, n/a n/a high
Sheldon 0.24] suggest
(2016)
Smoke | adult | smokers text adjunct Whittaker 4 997 0.31 | [0.08, 0 nfa weak
(2019) 0.54]
SuU adult | 1sx app non- Weisel 5 1,732 0.18 | [-0.09, 81 WE non-sig
specific (2019) 0.45]
Stress adult | n/a smartphone inactive Linardon 20 | 2,558 0.47 | [0.33, 60 n/a high
(2019) 0.62] suggest
Stress adult | n/a med app inactive Gal (2021) 8 923 0.62 | [0.24, 80 n/a weak
1.01]
Stress adult | n/a smartphone active Linardon 6 929 0.09 | [-0.05, 0 n/a non-sig
(2019) 0.24]
Sl adult | 1 sx app non- Weisel 4 286 0.14 | [-0.10, 0 nfa non-sig
specific (2019) 0.37]
QOL mix n/a smartphone inactive Linardon 37 | 4,672 0.35 | [0.28, 29 n/a high
(2019) 0.43] suggest
QOL adult | n/a smartphone non- Linardon 4 489 0.41 | [0.21, 0 WE weak
specific (2019) 0.61]
QOL adult | n/a smartphone specific Linardon 6 388 0.02 | [-0.14, 0 n/a non-sig
(2019) 0.17]
WB adult | n/a med app non- Gal (2021) 4 n/a 0.31 | [0.05, 0 n/a weak
specific 0.56]

Note: PICO = participants, interventions, comparisons, outcomes; Out = outcome; Pop = population; Cond = condition; Comp = comparison; k

= number of studies; n = sample size; ES = effect size in Cohen’s d'units; CI = 95% confidence interval; 12= heterogeneity estimate; Pub =
indication of publication bias (coded as n/a if not reported); Strength = evaluation of evidence strength; Anx = anxiety; Dep = depression; Smoke
= smoking cessation; SU = substance use (smoking/drinking); SI = suicidal ideation; QOL = quality of life; WB = wellbeing; adult = adult sample;
mix = mixture of adult and adolescent samples; 1 sx = elevated symptoms; smartphone = smartphone-based interventions (smartphone apps with
or without additional support); app = smartphone app without additional support; med app = meditation app with or without additional support;
EMA = ecological momentary assessment intervention with or without additional support; text = text message-based intervention with or without
additional support; mobile = mobile phone-based interventions which could include any combination of mobile phone-based intervention types;
inactive = control conditions without active component (e.g., waitlist); active = control conditions that included an active component that may or
may not have been intended to be therapeutic; non-specific = non-specific controls which included inactive condition and active conditions that
were not intended to be therapeutic; specific = specific active controls which included active controls that were intended to be therapeutic; adjunct
= comparison between active interventions with and without a mobile phone-based intervention added; high suggest = highly suggestive evidence

(n>1000, p< 10_6); suggest = suggestive evidence (7> 1000, p< 10_3); weak = weak evidence (p < .050); non-sig = non-significant effect (o>
.050).
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