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Abstract 

To synthesise the efficacy of digital third-wave process-based interventions (e.g., 

ACT, Mindfulness, Compassion) for improving wellbeing and ameliorating men-

tal health symptoms in adults. A prospectively registered systematic review (OSF: 

10.17605/OSF.IO/5RMU2) and random-effects meta-analysis of randomised con-

trolled trials (RCTs) was conducted across six databases through January 2026. Cer-

tainty of evidence was assessed using the GRADE framework. Interventions (k = 147; 

N = 26,391) yielded small-to-moderate immediate post-intervention improvements in 

wellbeing (k = 46, g = 0.36), depression (k = 110, g = 0.44), anxiety (k = 93, g = 0.40), 

stress (k = 66, g = 0.46), quality of life (k = 32, g = 0.30), and psychological flexibility 

(k = 51, g = 0.41). Heterogeneity was substantial across most outcomes (I2 > 75%). 

Benefits were observed across healthy (61 trials; n = 15,770), mental health (41 trials; 

n = 6,130), and medical samples (46 trials; n = 4,491), with population type not signifi-

cantly moderating immediate post-intervention effects. Comparator type significantly 

moderated several analyses, with smaller effects against active than inactive con-

trols. Guidance did not significantly moderate immediate post-intervention effects, 

although it predicted larger short-term depression effects (QM = 4.17, p = .048). At 

short-term follow-up, effects remained statistically supported across all outcomes, 

while only depression, anxiety, and stress remained statistically supported at  

medium-term follow-up. GRADE certainty was moderate for most immediate post- 

intervention outcomes and low for quality of life. Digital third-wave interventions  

produced small-to-moderate average benefits across symptom-focused, wellbeing- 

focused, and process outcomes. Effects were smaller against active comparators, 

indicating that pooled benefits should be interpreted in relation to comparator inten-

sity. Future research should prioritise rigorous active controls, longer follow-up, and 
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direct tests of whether changes in psychological flexibility mediate improvements in 

symptoms and wellbeing.

Author summary 

Digital programmes based on acceptance, mindfulness, compassion, and related 
approaches are increasingly used to support adult mental health, but their overall 
benefits and durability remain uncertain. We brought together evidence from 147 
randomised controlled trials involving 26,391 participants. We found that these 
programmes produced small-to-moderate average improvements in wellbeing, 
depression, anxiety, stress, quality of life, and people’s ability to respond flexibly 
to difficult thoughts and emotions immediately after the intervention. Benefits 
were observed among healthy adults and people with mental or physical health 
conditions. However, effects were generally smaller when programmes were 
compared with active alternatives, such as structured psychological support, 
rather than inactive controls such as waiting lists. Improvements in depression, 
anxiety, and stress were maintained over the short term, but longer-term evi-
dence was limited and less consistent. Results also varied substantially between 
studies, and most trials had some methodological concerns, meaning that the 
precise size of benefit remains uncertain. Our findings suggest that these digital 
programmes can provide useful mental health support, but future trials should 
compare them with credible active treatments and establish how benefits can be 
maintained over time.

Introduction

Common mental disorders (CMDs), largely comprising depressive and anxiety 
disorders, remain the leading contributors to global disability. In 2019, mental disor-
ders accounted for 125.3 million years lived with disability globally, with depressive 
and anxiety disorders representing the largest contributors to mental-disorder bur-
den, accounting for 37.3% and 22.9% mental-disorder disability-adjusted life years 
(DALYs) respectively [1]. Lifetime prevalence estimates for major depression are 
substantial, with prospective studies suggesting rates exceeding 30% and cross- 
national retrospective surveys estimating 14.6% in high-income countries and 11.1% 
in low- to middle-income countries, alongside an approximately 2:1 female-to-male 
prevalence ratio [2,3]. Depression also follows a variable and often recurrent course, 
with 70–90% of patients with major depressive disorder (MDD) in population-based 
samples recovering within one year, but around 80% of remitted patients experi-
encing at least one recurrence during their lifetime [4]. Anxiety disorders, including 
panic disorder, generalised anxiety disorder, social anxiety disorder, and specific 
phobias, are similarly prevalent, affecting up to one third of adults and commonly 
co-occurring with depression, compounding functional impairment and healthcare 

(https://doi.org/10.17605/OSF.IO/DAZ9J). 
These include the search strategy, extraction 
template, completed extraction sheet, risk of 
bias assessments, analysis-ready effect size 
dataset, and R scripts used for forest plot and 
funnel plot generation.

Funding: The author(s) received no specific 
funding for this work.

Competing interests: The authors have 
declared that no competing interests exist.

https://doi.org/10.17605/OSF.IO/DAZ9J


PLOS Digital Health | https://doi.org/10.1371/journal.pdig.0001764  October 1, 2026 3 / 23

burden [5]. Beyond diagnosable CMDs, a substantial proportion of adults experience subthreshold psychological distress 
that still carries meaningful impairment and risk of progression [6,7]. Although digitally delivered third-wave interventions 
are increasingly used to address this broader spectrum of distress at scale, evidence is heterogeneous and fragmented 
across outcomes, populations, and intervention families, and existing reviews have not synthesised these approaches as 
a unified process-based class. Accordingly, the present systematic review and meta-analysis integrates RCT evidence on 
digital third-wave, process-based interventions in adults to clarify their effects on prespecified mental health outcomes and 
to examine key sources of variability in effects.‌‌

Third-wave, process-based therapies conceptualise distress through the construct of psychological flexibility. Psy-
chological flexibility refers to the capacity to remain in contact with present-moment experiences, including distressing 
thoughts and emotions, while pursuing meaningful action guided by personal values [8–10]. Low psychological flexibility is 
characterised by patterns such as experiential avoidance, cognitive fusion, and behavioural rigidity that undermine valued 
action, which can maintain or exacerbate symptoms over time [11]. Across observational evidence, psychological flexibility 
shows robust associations with both reduced illbeing and enhanced wellbeing, supporting its value as a transdiagnostic, 
modifiable target for mental health promotion [12,13].

Experimental and intervention evidence also indicates that targeting psychological flexibility can yield meaning-
ful improvements across both symptom reduction and positive functioning. For example, a multisite RCT of ACT 
with university students found greater psychological flexibility, wellbeing, and school engagement, alongside lower 
stress, anxiety, and depressive symptoms, compared with wait-list control [14]. This pattern aligns with the core 
claim of process-based approaches, that training mindfulness, acceptance, cognitive defusion, and values-oriented 
behaviour can simultaneously reduce distress and strengthen wellbeing, rather than focusing narrowly on symptom 
elimination [8,9].

Digital delivery has the potential to extend these approaches at scale. Digital third-wave interventions deliver therapeu-
tic content through websites, smartphone applications, chatbots, videoconferencing, and increasingly immersive platforms 
such as virtual reality. Programmes commonly include brief multimedia lessons, guided practices (e.g., audio mindfulness 
exercises), interactive worksheets, and ecological prompts that encourage rehearsal in daily life, with guidance ranging 
from fully automated formats to therapist-supported messaging or blended care [15]. These delivery options are particu-
larly relevant because traditional one-to-one psychological services are unlikely to meet population-level need, and access 
to psychological treatment is often constrained by barriers including availability, cost, time, transport, and stigma [16,17]. 
Internet-based interventions may therefore improve access to evidence-based psychological support while reducing reli-
ance on face-to-face therapist time, although their role alongside traditional services depends on effective implementation 
and dissemination [18].

Evidence to date suggests that digital third-wave interventions are promising, but effects are heterogeneous and the 
literature remains fragmented across outcomes, populations, and intervention families. Prior meta-analyses of digital inter-
ventions delivered via apps report small benefits for depression and anxiety, with substantial heterogeneity [19,20]. Online 
mindfulness-based interventions have similarly shown modest improvements across mental health outcomes [21]. Syn-
theses focusing on digitally delivered ACT indicate improvements in psychological flexibility and mental health symptoms, 
although effects appear to vary by outcome, comparator type, and delivery format [22,23]. In parallel, broader reviews of 
third-wave therapies for depression suggest potential comparability with treatment-as-usual, yet conclusions have often 
been limited by study quality, diversity of interventions, and imprecision [24]. Taken together, these findings support the 
plausibility of benefit while underscoring uncertainty about the size and consistency of effects across populations, out-
comes, and intervention families.‌‌

A further limitation of existing evidence is that reviews have frequently focused on single modalities (e.g., mindfulness 
apps) or single outcome classes (e.g., depressive symptoms), rather than synthesising digital third-wave interventions as 
a process-based class. This matters because contemporary intervention science increasingly emphasises mechanisms 
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and processes that cut across diagnostic categories and delivery formats [8,25]. In addition, intervention effects may 
plausibly differ by participant population (healthy, mental health condition, medical condition), the degree of human 
support, intervention family (e.g., ACT vs mindfulness-based), comparator type (active vs inactive), and programme 
characteristics such as duration and intensity. Comparator type may also shape observed effects, as control condition 
design can influence effect-size estimates in psychological intervention trials, with wait-list controls tending to produce 
larger effects than more structured or active comparators [26,27]. Such potential moderators have rarely been examined 
together in a unified framework.‌‌‌‌

Against this background, the present systematic review and meta-analysis synthesises RCTs of digitally delivered third-
wave, process-based psychological interventions in adults, compared with both active and inactive control conditions. The 
primary objective is to estimate pooled effects on two co-primary outcomes, subjective wellbeing and depressive symptom 
severity. Secondary objectives are to estimate pooled effects on anxiety, perceived stress, psychological flexibility, and 
quality of life (QoL). For all outcomes, we examine effects immediately post-intervention and, where data permit, at pre-
specified follow-up windows (short-term ≤3 months; medium-term >3–6 months; long-term >6 months). To inform interpre-
tation and implementation, we will explore whether effect sizes vary according to prespecified sources of heterogeneity, 
including population group (healthy, mental health condition, medical condition), intervention modality, therapist involvement 
(guided vs unguided), and comparator type (active vs inactive), using subgroup analyses and, where sufficient studies 
contribute, meta-regression. By integrating outcomes reflecting both reductions in distress and improvements in wellbeing, 
alongside process measures, the review aims to provide a comprehensive, decision-relevant summary of the likely benefits 
and contextual moderators of digital third-wave interventions, to inform clinical practice, commissioning, and future interven-
tion development [28].

Methods

Reporting standards and protocol

This systematic review and meta-analysis has been reported according to the Preferred Reporting Items for  
Systematic Reviews and Meta-Analyses (PRISMA) [29]. The protocol was prospectively registered on the Open  
Science Framework (OSF; https://doi.org/10.17605/OSF.IO/5RMU2), specifying eligibility criteria, outcomes, time 
windows, measurement hierarchy, and planned analyses. The completed PRISMA checklist is provided as S1 
Checklist in S1 Appendix.‌‌

Eligibility criteria

The eligibility was determined using the Population Intervention Comparison Outcome Study-type (PICOS) framework 
[30]. This review included RCTs exploring the effectiveness of digital third-wave interventions for improving mental health 
outcomes in adults. Detailed inclusion and exclusion criteria are described in Table 1.‌‌

Search strategy and selection process

A systematic search was conducted across PubMed/MEDLINE, PsycINFO, PsycArticles, the Cochrane Library (CEN-
TRAL), Scopus, and EMBASE from database inception to January 2026. No restrictions were placed on publication 
status. For the search, a combination of MeSH terms and keywords were used. The “title and abstract fields only” and “all 
fields” filters were used (see Text A in S2 Appendix).

Initial screening and full-text review were conducted independently in duplicate by two blinded reviewers (TCG and 
JH-B). Discrepancies were resolved through discussion. Non-English full texts were translated where feasible. Authors 
were contacted (two attempts, two weeks apart) for unavailable full texts or unextractable data. Studies were excluded 
only if eligibility could not be confirmed after these attempts.

https://doi.org/10.17605/OSF.IO/5RMU2
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Data extraction and quality assessment

Data extraction was conducted in duplicate using a standardised form developed for this review (see Table A in S3 Appen-
dix). The extraction template was informed by JBI guidance but adapted to capture specific intervention characteristics 
(e.g., third-wave modality, guidance intensity) and outcome data required for the planned meta-analyses. Extracted vari-
ables included citation details, population characteristics, intervention specifics, and psychometric outcome data.

Risk of bias was assessed independently by two reviewers (TCG and JH-B) using the Cochrane Risk of Bias 2 (RoB 
2) tool [31]. Assessments were made at the result level for each outcome covering five domains: randomisation process, 
deviations from intended interventions, missing outcome data, outcome measurement, and selection of the reported result 
(see Figs A–D in S5 Appendix). Discrepancies were resolved through consultation with a third reviewer (DJE). Visuali-
sations were generated using ‘robvis’ [32]. Risk-of-bias judgements were incorporated via sensitivity analyses excluding 
results at overall high risk of bias.

Table 1.  The eligibility criteria used for decision-making about the inclusion of studies in this systematic review and meta-analysis.

Population Included populations consisted of adults (18+) who were either: (1) individuals without a diagnosed mental 
health condition at the time of study enrolment, as reported by the study authors, or (2) individuals with an 
official clinical diagnosis (by an accredited mental health practitioner) of ongoing anxiety, stress, or depres-
sion, or where studies identified and reported existing anxiety, stress, or depression using mental health psy-
chometric measures. This inclusion criterion was kept open without requiring specific psychometric cut-off 
scores, recognising variability in standardisation across mental health measures.
Populations were excluded if their condition or treatments could confound the outcomes. This included pop-
ulations with neurological conditions such as Alzheimer’s disease, dementia, or brain injury, as well as those 
who were pregnant.

Intervention Studies evaluating digitally delivered third-wave, process-based psychological interventions were included. Eligible 
interventions explicitly targeted one or more core third-wave processes, including mindfulness, acceptance, cognitive 
defusion or decentring, values clarification and committed action, self-compassion, or related contextual behavioural 
processes. Recognised third-wave approaches included Acceptance and Commitment Therapy (ACT), Dialectical 
Behaviour Therapy (DBT), Mindfulness-Based Cognitive Therapy (MBCT), Mindfulness-Based Stress Reduction 
(MBSR), Compassion-Focused Therapy (CFT), third-wave behavioural activation, and other eligible process-based 
programmes. Positive psychology protocols were eligible where they explicitly incorporated one or more of these third-
wave processes.
Studies focusing solely on traditional or non-digital formats of these therapies were excluded. Interventions that did not 
primarily target third-wave principles, such as psychoeducation-only apps or general mental health support platforms, 
were not included. Interventions that combined third-wave approaches with pharmacological treatments as a central 
component of the study design were excluded.

Comparison All eligible RCTs evaluating digital third-wave interventions were included regardless of the type of control condition. 
Both active controls (for example, alternative psychotherapeutic or non-specific digital interventions) and inactive 
controls (for example waitlist, sham interventions, or no intervention) were accepted. In the primary analyses, data from 
studies using both active and inactive comparators were pooled.

Outcome We extracted psychometric outcomes prespecified in the review protocol, focusing on: (1) subjective wellbeing, (2) 
depressive symptoms, (3) anxiety symptoms, (4) perceived stress/psychological distress, (5) psychological flexibility/
inflexibility, and (6) QoL. Specific outcome measures/questionnaires extracted for each construct are reported in Text A 
in S4 Appendix.
The primary timepoint was the immediate post-intervention assessment. Follow-up outcomes were extracted and cate-
gorised as short-term (≤3 months), medium-term (>3–6 months), and long-term (>6 months) when sufficient data were 
available for synthesis, using prespecified time windows to support comparability across trials.

Study-type RCTs were eligible (including studies described as pilot or feasibility trials) provided they evaluated an eligible digital 
third-wave intervention versus an eligible comparator and reported at least one eligible outcome. Parallel-group,  
cluster-randomised, and crossover RCTs were eligible, with cluster and crossover designs handled using 
Cochrane-recommended approaches to unit-of-analysis issues. Studies that were not randomised were excluded.
Additional criteria included the availability of full-text papers. No restrictions were placed on publication status, lan-
guage, or length of follow-up; non-English full texts were translated where feasible, and reports that could not be trans-
lated were listed as studies awaiting classification. Published data were used where possible; authors were contacted 
where feasible when data were reported as collected but not in an extractable form.

https://doi.org/10.1371/journal.pdig.0001764.t001
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Meta-analysis

Meta-analyses were conducted using Comprehensive Meta-Analysis software [33]. Pooled effect estimates were calcu-
lated when at least two studies provided data for the same outcome construct. To avoid unit-of-analysis errors, each study 
contributed at most one effect size per outcome at each time point selected using a prespecified hierarchy (see Text A 
in S4 Appendix). Immediate post-intervention means, standard deviations, and sample sizes were extracted to calculate 
standardised mean differences (SMDs) using Hedges’ g to allow for the synthesis of continuous outcomes across differ-
ent scales [34–36]. All outcomes were oriented so that positive values indicated improvement. To facilitate high-resolution 
reporting, forest plots and funnel plots were created using the Metafor package [37] in R [38]. For immediate post- 
intervention analyses with at least ten effect-size estimates, contour-enhanced funnel plots were visually inspected to 
assess possible small-study effects and publication bias, consistent with protocol and guidance that funnel-plot methods 
have limited power when fewer than ten studies contribute [39,40]. Formal regression tests for funnel-plot asymmetry 
were not used because effect sizes expressed as standardised mean differences are naturally correlated with their stan-
dard errors, which can distort asymmetry tests [40,41]. Interpretation also considered heterogeneity, influence diagnostics, 
and fixed-effect versus random-effects sensitivity analyses.

Random-effects models were used to account for clinical and methodological heterogeneity. Within CMA, random- 
effects models used DerSimonian-Laird between-study variance estimation, with 95% confidence intervals calculated 
using the normal approximation. Summary effects were reported with 95% confidence intervals (CI) and, where feasible, 
95% prediction intervals (PI) [42]. The primary analysis focused on immediate post-intervention outcomes, defined as 
assessments conducted at programme completion, pooling all eligible comparators. Follow-up outcomes were synthe-
sised using prespecified windows [43] defined as short-term (≤3 months), medium-term (>3–6 months), and long-term (>6 
months). Timepoints with fewer than two comparable effect-size estimates for a given outcome were not meta-analysed.

Assessment of heterogeneity and moderators

Statistical heterogeneity was assessed using the I² statistic, which describes the proportion of total variability in observed 
effect estimates attributable to between-study heterogeneity rather than sampling error. I² values were interpreted using 
Cochrane’s overlapping thresholds: values of 0% to 40% suggest low heterogeneity, 30% to 60% represent moderate het-
erogeneity, 50% to 90% represent substantial heterogeneity, and 75% to 100% indicate considerable heterogeneity [42].

Prespecified subgroup analyses were conducted to examine whether intervention effects differed by population group 
(healthy, mental health condition, medical condition), intervention type (ACT, DBT-informed, MBCT, MBSR, compassion- 
focused therapy, and other eligible third-wave programmes), comparator type (active versus inactive), and guidance 
(guided versus unguided). Between-subgroup differences were evaluated using between-group Q statistics to test 
whether pooled effects differed across subgroup levels [42]. In addition, categorical moderators were formally tested 
using mixed-effects meta-regression models, with moderation assessed using the omnibus QM statistic, which evaluates 
whether inclusion of a moderator explains a significant proportion of between-study heterogeneity [42]. Consistent with 
Cochrane guidance and standard recommendations for regression modelling in meta-analysis [42,44], formal mixed- 
effects meta-regression was undertaken only when at least ten effect-size estimates were available for a given outcome, 
timepoint, and moderator. This threshold referred to the full moderator analysis, not to each individual subgroup level. 
Subgroup estimates with smaller level-specific k were retained for descriptive completeness but interpreted as exploratory.

Sensitivity analyses and certainty of evidence

Sensitivity analyses were conducted to test the robustness of the primary results. As a robustness check, change-
from-baseline effects were synthesised separately to account for differences in standardisation metrics between 
change scores and final values. Where standard deviations of change were not reported, they were imputed 



PLOS Digital Health | https://doi.org/10.1371/journal.pdig.0001764  October 1, 2026 7 / 23

assuming baseline–post correlations of 0.3, 0.5, and 0.7. We further assessed robustness by comparing random- 
effects models with fixed-effect models to examine whether the choice of model influenced statistical significance, 
and by repeating meta-analyses after excluding results judged at overall high risk of bias. Finally, for main analyses 
with substantial heterogeneity (I2 ≥ 75%) and at least ten contributing studies, influence diagnostics were used to 
examine whether any single study had a disproportionate impact on the pooled effect estimate or on measures of 
heterogeneity [45].

The certainty of evidence for immediate post-intervention outcomes was assessed using the GRADE framework, 
evaluating risk of bias, inconsistency, indirectness, imprecision, and publication bias. Imprecision was assessed using a 
smallest important effect threshold of 0.20 standardised mean difference [46]. Confidence intervals extending below this 
threshold were treated as serious imprecision.

Results

Study selection

The database search identified 9,087 records. After removal of duplicates (n = 2,234), 6,853 titles and abstracts were 
screened. A total of 189 full-text reports were assessed for eligibility, of which 42 were excluded for prespecified reasons 
(see Fig 1). In total, 147 RCTs were included, contributing data to at least one meta-analysis. A complete list of included 
studies is provided in Text A in S6 Appendix.

Study characteristics

Characteristics of included studies are summarised in Table 2. The extraction dataset comprised 147 RCTs with an 
estimated 26,391 participants (median trial size 99, IQR 74.5 to 150.0; range 30–4,411). Population categories were not 
mutually exclusive because one trial included both a healthy caregiver cohort and a medical condition cohort [47]. Trials 
recruited healthy participants (61 trials; n = 15,770), participants with a mental health condition (41 trials; n = 6,130), and 
participants with a medical condition (46 trials; n = 4,491).

At the trial level, interventions were most commonly ACT-based programmes (64 trials) and mindfulness-based pro-
grammes (74 trials; including mindfulness-based interventions, MBSR, MBCT, and mindfulness-integrative variants), with 
smaller numbers evaluating DBT-informed (5 trials) and compassion-focused (4 trials) interventions. Most trials compared 
the intervention against inactive controls only (97 trials), while 26 used active controls only and 24 included both active 
and inactive comparators.

Interventions were delivered as guided programmes only (83 trials), unguided programmes only (60 trials), or both 
guided and unguided variants within the same trial (4 trials). Programme duration was generally brief (reported in 131 
trials; median 7 weeks, IQR 4–8; range 0.7 to 24 weeks), with intervention frequency and intensity varying substantially 
across programmes. All trials reported immediate post-intervention outcomes; follow-up assessments were available for 
62 trials at short-term, 27 at medium-term, and 12 at long-term timepoints. Immediately post-intervention, sufficient studies 
contributed to meta-analysis for wellbeing (k = 46), depression (k = 110), anxiety (k = 93), stress (k = 66), psychological 
flexibility (k = 51), and QoL (k = 32).

Risk of bias in included studies

Risk of bias visualisations are presented in Figs A–D in S5 Appendix, with study-level judgements available on OSF. 
Across studies, the most common sources of bias were concerns arising from the randomisation process, deviations from 
intended interventions, and missing outcome data. 3 studies were rated overall ‘low risk’, 120 as ‘some concerns’, and 
24 as ‘high risk’. Risk-of-bias judgements were incorporated via sensitivity analyses that repeated meta-analyses after 
excluding results judged at overall high risk of bias.
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Primary outcome measures

Wellbeing.  Immediately post-intervention, digital third-wave interventions were associated with moderate 
improvements in wellbeing (k = 46, g = 0.36, 95% CI [0.24, 0.49], p < .001). Heterogeneity was substantial (I² = 82%, PI 
[−0.34, 1.07]), influenced primarily by a single outlier trial evaluating Mindful Self-Compassion [48] (g > 5.0). Sensitivity 
analyses confirmed that this study disproportionately drove between-study variance. Its exclusion reduced heterogeneity 
from 82% to 60% and attenuated the pooled estimate to g = 0.30 (95% CI [0.22, 0.39]), though the effect remained 
statistically significant. Regarding comparator type, effects were markedly larger relative to inactive controls (k = 38, 

Fig 1.  PRISMA flow diagram.

https://doi.org/10.1371/journal.pdig.0001764.g001
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g = 0.44, 95% CI [0.27, 0.60], p < .001) but were significantly attenuated when compared against active controls (k = 12, 
g = 0.15, 95% CI [0.06, 0.24], p = .002).

Benefits were observed transdiagnostically, with significant improvements found in Healthy (k = 19, g = 0.32, 95% CI 
[0.19, 0.46], p < .001), mental health condition (k = 12, g = 0.36, 95% CI [0.19, 0.54], p < .001), and medical condition sam-
ples (k = 15, g = 0.53, 95% CI [0.13, 0.93], p = .010). Effects were evident in both guided interventions (k = 25, g = 0.49, 95% 
CI [0.27, 0.72], p < .001) and unguided formats (k = 21, g = 0.28, 95% CI [0.16, 0.41], p < .001), although guidance was not 

Table 2.  Characteristics of included studies (population, intervention type, delivery format, com-
parator, outcomes, timepoints).

Characteristic Value

Included trials (k) 147

Total participants (N) 26,391

Sample size per trial Median 99 (IQR 74.5–150.0); range 30–4,411

Population type

  Healthy 61 (41.5%)

  Mental health condition 41 (27.9%)

  Medical condition 46 (31.3%)

Intervention family (intervention arms)

  ACT-based 64 (43.5%)

  Mindfulness-based interventions (MBI) 46 (31.3%)

  Mindfulness-Based Cognitive Therapy (MBCT) 9 (6.1%)

  Mindfulness-Based Stress Reduction (MBSR) 11 (7.5%)

  Mindfulness-integrative variants 8 (5.4%)

  DBT-informed 5 (3.4%)

  CFT 4 (2.7%)

Comparator type (by study)

  Inactive control only 97 (66.0%)

  Active control only 26 (17.7%)

  Active and inactive controls 24 (16.3%)

Therapist involvement (intervention arms)

  Guided 83 (56.5%)

  Unguided 60 (40.8%)

  Mixed (guided + unguided) 4 (2.7%)

Outcomes assessed (immediate post-intervention)

  Wellbeing 46 (31.3%)

  Depression 110 (74.8%)

  Anxiety 93 (63.3%)

  Stress 66 (44.9%)

  Psychological flexibility 51 (34.7%)

  Quality of life 32 (21.8%)

Follow-up assessments available

  Short-term (≤3 months) 62 (42.2%)

  Medium-term (>3–6 months) 27 (18.4%)

  Long-term (>6 months) 12 (8.2%)

Note. Counts are number of trials (k) unless otherwise stated. Population categories are not mutually 
exclusive because one RCT included both healthy caregiver and medical condition cohorts.

https://doi.org/10.1371/journal.pdig.0001764.t002
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supported as a significant immediate post-intervention moderator in formal meta-regression. Across intervention families, 
consistent benefits were observed for ACT (k = 20, g = 0.34, 95% CI [0.23, 0.45], p < .001), MBCT (k = 5, g = 0.21, 95% CI 
[0.12, 0.31], p < .001), and broader mindfulness-based interventions (k = 10, g = 0.26, 95% CI [0.05, 0.46], p = .015).

At short-term follow-up (≤3 months), effects were smaller but remained significant overall (k = 17, g = 0.18, 95% CI [0.05, 
0.31], p = .006; I² = 66%). Interventions showed a statistically reliable effect when compared with inactive controls (g = 0.33, 
p = .002), but not when compared with active controls (g = 0.02, p = .615). Benefits were also observed in mental health 
samples (g = 0.28, p = .021). Guided interventions showed a statistically reliable effect (g = 0.38, p = .012). The unguided 
subgroup estimate was smaller and not statistically reliable (g = 0.09, p = .168). However, guidance was not a significant 
short-term moderator. By medium-term follow-up, the overall pooled effect was no longer statistically distinguishable from 
zero (k = 7, g = 0.12, 95% CI [−0.06, 0.30], p = .203). However, the ACT subgroup demonstrated a small but statistically 
reliable effect at this stage (k = 4, g = 0.24, 95% CI [0.06, 0.42], p = .010). At long-term follow-up, a small pooled effect was 
observed (k = 3, g = 0.20, 95% CI [0.001, 0.405], p = .049), although this estimate was based on limited evidence derived 
exclusively from guided ACT interventions (Fig 2).‌‌

Depression.  Regarding depressive symptoms, immediate post-intervention results indicated moderate reductions 
overall (k = 110, g = 0.44, 95% CI [0.37, 0.52], p < .001), with substantial heterogeneity (I² = 78%, PI [−0.21, 1.10]). Effects 
were significantly smaller when interventions were compared with active controls (k = 30, g = 0.20, 95% CI [0.11, 0.30], 
p < .001) than inactive comparators (k = 89, g = 0.51, 95% CI [0.42, 0.60], p < .001), with comparator type supported as a 
significant moderator in meta-regression (QM = 9.42, p = .003).

Reductions were robust across all populations, including Healthy (k = 37, g = 0.46, 95% CI [0.35, 0.56], p < .001), men-
tal health condition (k = 36, g = 0.44, 95% CI [0.31, 0.56], p < .001), and medical condition samples (k = 37, g = 0.42, 95% 
CI [0.24, 0.60], p < .001), with population type not supported as a significant moderator in meta-regression. Effects were 
similar in guided (k = 65, g = 0.47, 95% CI [0.35, 0.58], p < .001) and unguided formats (k = 45, g = 0.42, 95% CI [0.33, 
0.52], p < .001), with guidance also not supported as a significant immediate post-intervention moderator. Statistically 
reliable reductions were observed across several intervention families, including ACT (k = 53, g = 0.40, 95% CI [0.31, 0.50], 
p < .001), broader mindfulness-based interventions (k = 31, g = 0.43, 95% CI [0.30, 0.57], p < .001), MBCT (k = 7, g = 0.73, 
95% CI [0.40, 1.07], p < .001), mindfulness-CBT integrative programmes (k = 6, g = 0.34, 95% CI [0.09, 0.58], p = .006), and 
DBT-informed interventions (k = 5, g = 0.33, 95% CI [0.08, 0.58], p = .010). However, intervention family was a significant 
moderator in meta-regression, driven primarily by the single compassion-focused trial with an unusually large effect [48]. 
Exclusion of this study did not materially change the pooled estimate.

At short-term follow-up, reductions in depression were maintained (k = 41, g = 0.38, 95% CI [0.27, 0.48], p < .001; 
I² = 69%). Effects were observed when interventions were compared with both active controls (g = 0.20, p = .002) and 
inactive controls (g = 0.44, p < .001), and across all population subgroups. Both guided interventions (k = 20, g = 0.49, 95% 
CI [0.35, 0.64], p < .001) and unguided formats (k = 21, g = 0.28, 95% CI [0.14, 0.42], p < .001) showed statistically reliable 
effects at this stage. By medium-term follow-up, a smaller but statistically reliable effect persisted (k = 19, g = 0.30, 95% CI 
[0.14, 0.46], p < .001). Effects were statistically reliable when compared with inactive controls (g = 0.31, p < .001), while the 
active-control estimate was similar in magnitude but not statistically reliable (k = 8, g = 0.28, p = .087). ACT (k = 9, g = 0.29, 
p = .013) and MBCT (k = 5, g = 0.44, p = .029) continued to demonstrate benefits. At long-term follow-up, the overall pooled 
estimate was small and imprecise (k = 5, g = 0.08, 95% CI [−0.30, 0.46], p = .670), providing limited evidence for mainte-
nance beyond the medium term (Fig 3).

Secondary outcome measures

Anxiety.  For anxiety, digital third-wave interventions were associated with significant reductions immediately post-
intervention (k = 93, g = 0.40, 95% CI [0.32, 0.48], p < .001). Effects were significantly smaller when interventions were 
compared with active controls (k = 29, g = 0.16, 95% CI [0.11, 0.21], p < .001) than inactive controls (k = 74, g = 0.47, 95% 



PLOS Digital Health | https://doi.org/10.1371/journal.pdig.0001764  October 1, 2026 11 / 23

Fig 2.  Wellbeing forest plots (immediate post-intervention).

https://doi.org/10.1371/journal.pdig.0001764.g002
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Fig 3.  Depression forest plots (immediate post-intervention).

https://doi.org/10.1371/journal.pdig.0001764.g003
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CI [0.37, 0.57], p < .001), consistent with comparator type being a significant moderator in meta-regression (QM = 9.96, 
p = .002).

Reductions were evident across healthy (k = 37, g = 0.36, 95% CI [0.27, 0.46], p < .001), mental health condition (k = 26, 
g = 0.44, 95% CI [0.27, 0.62], p < .001), and medical condition samples (k = 30, g = 0.37, 95% CI [0.18, 0.56], p < .001). 
Effects were also evident in both guided (k = 61, g = 0.42, 95% CI [0.31, 0.53], p < .001) and unguided interventions (k = 32, 
g = 0.37, 95% CI [0.25, 0.48], p < .001). ACT (k = 45, g = 0.38, 95% CI [0.27, 0.49], p < .001) and broader mindfulness-based 
interventions (k = 27, g = 0.39, 95% CI [0.26, 0.52], p < .001) both demonstrated statistically reliable reductions. Interven-
tion family was a significant moderator in meta-regression, driven primarily by the single compassion-focused trial with an 
unusually large effect [48], although leave-one-out sensitivity analysis showed that its exclusion did not materially alter the 
pooled anxiety effect.

At short-term follow-up, reductions in anxiety were maintained (k = 36, g = 0.40, 95% CI [0.27, 0.53], p < .001), with 
effects observed against both active (g = 0.21, p = .009) and inactive controls (g = 0.46, p < .001). Both guided interventions 
(k = 20, g = 0.48, 95% CI [0.32, 0.64], p < .001) and unguided formats (k = 16, g = 0.30, 95% CI [0.10, 0.51], p = .004) showed 
statistically reliable effects at this timepoint. At medium-term follow-up, the pooled effect was smaller but remained sta-
tistically reliable (k = 15, g = 0.23, 95% CI [0.13, 0.34], p < .001). Effects were observed against inactive controls (g = 0.28, 
p < .001), whereas the active-control estimate was not statistically significant (k = 7, g = 0.15, 95% CI [−0.03, 0.34], 
p = .098). Guided interventions retained an effect (k = 14, g = 0.25, 95% CI [0.14, 0.37], p < .001). By long-term follow-up, 
the overall estimate was small and not statistically significant (k = 3, g = 0.05, 95% CI [−0.36, 0.47], p = .800), reflecting 
limited evidence at this stage.

Stress.  Immediate post-intervention analyses for stress revealed moderate reductions overall (k = 66, g = 0.46, 95% CI 
[0.36, 0.55], p < .001), but with substantial heterogeneity (I² = 80%, PI [−0.20, 1.11]). Effects were observed against both 
inactive controls (k = 50, g = 0.52, 95% CI [0.40, 0.63], p < .001) and active controls (k = 23, g = 0.30, 95% CI [0.18, 0.42], 
p < .001). Reductions were also observed across Healthy (k = 43, g = 0.42, 95% CI [0.33, 0.50], p < .001) and mental health 
condition samples (k = 12, g = 0.44, 95% CI [0.26, 0.63], p < .001), while the estimate for medical condition samples was 
larger but highly heterogeneous (k = 11, g = 0.76, 95% CI [0.21, 1.32], p = .007). Effects were evident in both guided (k = 35, 
g = 0.50, 95% CI [0.33, 0.68], p < .001) and unguided formats (k = 31, g = 0.43, 95% CI [0.33, 0.53], p < .001), and for both 
broader mindfulness-based interventions (k = 26, g = 0.47, 95% CI [0.36, 0.58], p < .001) and ACT (k = 22, g = 0.34, 95% CI 
[0.23, 0.45], p < .001).

At short-term follow-up, reductions in stress were maintained overall (k = 25, g = 0.35, 95% CI [0.20, 0.50], p < .001; 
I² = 80%, PI [−0.28, 0.99]). Effects were reliable against inactive controls (g = 0.51, p < .001), but not active controls 
(g = 0.07, p = .094), with comparator type supported as a significant short-term moderator in meta-regression (QM = 14.03, 
p < .001). Effects were also observed for both guided (g = 0.43) and unguided formats (g = 0.26). At medium-term follow-up, 
a moderate pooled effect was observed (k = 10, g = 0.30, 95% CI [0.16, 0.44], p < .001), including against both inactive con-
trols (k = 5, g = 0.31, 95% CI [0.14, 0.48], p < .001) and active controls (k = 5, g = 0.31, 95% CI [0.08, 0.55], p = .009). Guided 
interventions retained an effect (k = 8, g = 0.37, 95% CI [0.21, 0.52], p < .001). By long-term follow-up, the overall estimate 
was negligible (k = 3, g = 0.02, 95% CI [−0.53, 0.58], p = .931), indicating insufficient evidence to support long-term mainte-
nance of stress reduction.

Psychological flexibility.  Immediately post-intervention, digital third-wave interventions were associated with 
improvements in psychological flexibility (k = 51, g = 0.41, 95% CI [0.27, 0.54], p < .001). Improvements were evident 
relative to inactive controls (k = 43, g = 0.47, 95% CI [0.32, 0.61], p < .001), but not relative to active controls (k = 11, 
g = 0.05, 95% CI [−0.16, 0.27], p = .614), consistent with comparator type being a significant moderator in meta-regression 
(QM = 5.37, p = .021). Gains were observed across Healthy (k = 14, g = 0.38, 95% CI [0.18, 0.57], p < .001), mental health 
(k = 19, g = 0.46, 95% CI [0.19, 0.72], p < .001), and medical condition samples (k = 18, g = 0.36, 95% CI [0.13, 0.58], 
p = .002). Both guided (k = 33, g = 0.34, 95% CI [0.17, 0.51], p < .001) and unguided formats (k = 18, g = 0.52, 95% CI [0.32, 
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0.73], p < .001) showed effects. ACT accounted for the majority of trials and demonstrated a statistically reliable effect 
(k = 47, g = 0.38, 95% CI [0.24, 0.52], p < .001).

At short-term follow-up, improvements remained statistically significant (k = 21, g = 0.54, 95% CI [0.25, 0.83], p < .001), 
with effects observed relative to both active (g = 0.35, p = .001) and inactive controls (g = 0.58, p = .001). Improvements 
were evident in Healthy (g = 0.46, p < .001) and mental health samples (g = 0.87, p = .004), while the estimate for medical 
condition samples was not statistically significant (g = 0.45, p = .101). Effects were also observed in both guided (g = 0.38, 
p = .010) and unguided interventions (g = 0.96, p = .003). By medium-term follow-up, the pooled estimate was small and 
not statistically distinguishable from zero (k = 9, g = 0.05, 95% CI [−0.17, 0.26], p = .680). At long-term follow-up, the pooled 
estimate remained small and not statistically significant (k = 4, g = 0.08, 95% CI [−0.25, 0.41], p = .648).

Quality of life.  Quality of life improved immediately post-intervention overall (k = 32, g = 0.30, 95% CI [0.19, 0.42], p < .001), 
with effects evident relative to inactive controls (k = 27, g = 0.32, 95% CI [0.19, 0.45], p < .001), but not active controls (k = 6, 
g = 0.15, 95% CI [−0.06, 0.36], p = .170). Gains were observed in mental health (k = 11, g = 0.25, 95% CI [0.04, 0.47], p = .023) 
and medical condition samples (k = 17, g = 0.31, 95% CI [0.14, 0.48], p < .001), and effects were also evident in both guided 
(k = 25, g = 0.27, 95% CI [0.15, 0.39], p < .001) and unguided interventions (k = 7, g = 0.42, 95% CI [0.11, 0.73], p = .008). ACT 
accounted for the majority of trials and showed a statistically reliable effect (k = 22, g = 0.30, 95% CI [0.14, 0.45], p < .001).

At short-term follow-up, improvements remained statistically significant (k = 11, g = 0.47, 95% CI [0.15, 0.78], p = .003). 
Effects were evident relative to inactive controls (k = 8, g = 0.58, 95% CI [0.19, 0.96], p = .003), whereas estimates against 
active controls were not statistically reliable (k = 3, g = 0.13, 95% CI [−0.17, 0.44], p = .395). Improvements were observed 
in medical condition samples (k = 6, g = 0.73, 95% CI [0.28, 1.17], p = .001), and guided interventions retained an effect 
(k = 8, g = 0.48, 95% CI [0.10, 0.86], p = .013). By medium-term (k = 7, g = 0.08, 95% CI [−0.11, 0.26], p = .409) and long-
term follow-up (k = 3, g = 0.09, 95% CI [−0.30, 0.48], p = .635), pooled estimates were small and not statistically distinguish-
able from zero, suggesting limited durability for this outcome.

Key results summary.  Across outcomes, digitally delivered third-wave interventions produced small-to-moderate 
improvements immediately post-intervention, with pooled effects ranging from g = 0.30 for QoL (95% CI [0.19, 0.42]) 
to g = 0.46 for stress (95% CI [0.36, 0.55]). Effects were also observed for depression (g = 0.44, 95% CI [0.37, 0.52]), 
psychological flexibility (g = 0.41, 95% CI [0.27, 0.54]), anxiety (g = 0.40, 95% CI [0.32, 0.48]), and wellbeing (g = 0.36, 95% 
CI [0.24, 0.49]). Heterogeneity was substantial for most symptom and process outcomes (I² typically >75%), whereas 
QoL showed comparatively lower heterogeneity (I² = 58% immediately post-intervention). Prediction intervals were notably 
wide across all outcomes, crossing the null in every instance, which indicates that while pooled effects are positive, the 
expected effects in any single future application remain highly variable.

At short-term follow-up, statistically supported improvements persisted for depression, anxiety, stress, psychological flexibility, 
wellbeing, and QoL. At medium-term follow-up, statistical support was maintained for depression, anxiety, and stress, though 
effects for wellbeing, psychological flexibility, and QoL were no longer statistically supported at this interval. Long-term data were 
sparse across the literature, however a statistically supported effect was observed for wellbeing, whereas depression, anxiety, 
stress, psychological flexibility, and QoL did not demonstrate sustained improvement at the longest follow-up intervals.

These findings indicate that digital third-wave interventions yield immediate post-intervention benefits across both 
symptom-focused and wellbeing-oriented domains. While evidence suggests these benefits are maintained into the 
medium-term for depression, anxiety, and stress, longer-term evidence remains limited and requires further investigation. 
Detailed results for all prespecified subgroup analyses across all outcome domains and time windows are provided in Text 
A and Tables A–D in S7 Appendix (Table 3).‌‌

Meta-regression and sensitivity analyses

Random-effects meta-regression models were conducted to investigate source-specific heterogeneity across eligible  
outcome-timepoint analyses (see Text A and Table A in S8 Appendix). To address dependencies in multi-arm trials, a 
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Split-N correction was applied to shared intervention group sample sizes to ensure accurate variance estimation and 
prevent unit-of-analysis errors. Comparator type was a significant moderator for several outcomes. Immediately post- 
intervention, meta-regression confirmed significantly larger effect sizes in comparisons against inactive controls relative 
to active controls for depression (QM = 9.42, p = .003) and anxiety (QM = 9.96, p = .002). At short-term follow-up, compara-
tor type significantly moderated depression (QM = 4.45, p = .041), wellbeing (QM = 5.16, p = .037), and stress (QM = 14.03, 
p < .001). In contrast, population type was not a significant predictor for any primary outcome immediately post- 
intervention (all p values > .35), providing statistical support for the transdiagnostic efficacy of these interventions across 
healthy, medical, and mental health samples. These moderator findings should be interpreted as exploratory, particularly 
for the short-term comparator models for wellbeing and stress, where active-control subgroup estimates were based on 
relatively few comparisons (k = 6 and k = 9, respectively).

Regarding intervention characteristics, intervention family was a significant moderator for depression and anxiety 
(p < .001). Examination of regression coefficients indicated that these moderator findings were driven by exceptionally 
large effect sizes in the compassion-focused therapy subgroup, which comprised a single outlier trial [48]. Leave-one-
out analyses showed that excluding this study reduced heterogeneity but did not alter the direction or statistical sig-
nificance of the pooled depression or anxiety effects. Therapist involvement (guidance) did not significantly moderate 
any outcome immediately post-intervention (all p values were .236 or greater), but emerged as a significant predictor 
for depression outcomes at short-term follow-up (QM = 4.17, p = .048), with significantly smaller effects in unguided 
formats (B = -0.21).

Table 3.  Immediate post-intervention pooled effect sizes (Hedges’ g), heterogeneity (I²), and prediction intervals by outcome and timepoint.

Outcome Timepoint k Hedges’ g 95% CI p I² (%) Prediction interval

Wellbeing Immediate post-intervention 46 0.36 0.24 to 0.49 <.001 82 −0.34 to 1.07

Short-term 17 0.18 0.05 to 0.31 .006 66 −0.23 to 0.59

Medium-term 7 0.12 −0.06 to 0.30 .203 56 −0.27 to 0.50

Long-term 3 0.20 0.001 to 0.405 .049 0 0.00 to 0.40

Depression Immediate post-intervention 110 0.44 0.37 to 0.52 <.001 78 −0.21 to 1.10

Short-term 41 0.38 0.27 to 0.48 <.001 69 −0.14 to 0.89

Medium-term 19 0.30 0.14 to 0.46 <.001 74 −0.30 to 0.89

Long-term 5 0.08 −0.30 to 0.46 .670 75 −0.73 to 0.90

Anxiety Immediate post-intervention 93 0.40 0.32 to 0.48 <.001 79 −0.25 to 1.04

Short-term 36 0.40 0.27 to 0.53 <.001 80 −0.26 to 1.06

Medium-term 15 0.23 0.13 to 0.34 <.001 35 −0.02 to 0.49

Long-term 3 0.05 −0.36 to 0.47 .800 76 −0.70 to 0.80

Stress Immediate post-intervention 66 0.46 0.36 to 0.55 <.001 80 −0.20 to 1.11

Short-term 25 0.35 0.20 to 0.50 <.001 80 −0.28 to 0.99

Medium-term 10 0.30 0.16 to 0.44 <.001 37 0.01 to 0.59

Long-term 3 0.02 −0.53 to 0.58 .931 77 −0.98 to 1.02

Psychological Flexibility Immediate post-intervention 51 0.41 0.27 to 0.54 <.001 81 −0.44 to 1.26

Short-term 21 0.54 0.25 to 0.83 <.001 88 −0.70 to 1.78

Medium-term 9 0.05 −0.17 to 0.26 .680 63 −0.49 to 0.58

Long-term 4 0.08 −0.25 to 0.41 .648 55 −0.50 to 0.66

Quality of Life Immediate post-intervention 32 0.30 0.19 to 0.42 <.001 58 −0.19 to 0.79

Short-term 11 0.47 0.15 to 0.78 .003 74 −0.47 to 1.40

Medium-term 7 0.08 −0.11 to 0.26 .409 28 −0.23 to 0.39

Long-term 3 0.09 −0.30 to 0.48 .635 80 −0.61 to 0.80

https://doi.org/10.1371/journal.pdig.0001764.t003
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The robustness of these findings was confirmed through multiple sensitivity analyses. Excluding studies at high 
risk of bias did not significantly alter the magnitude or direction of pooled effects for any primary outcome (see Text 
A and Tables A–B in S9 Appendix). Similarly, effect sizes derived from pre-post change scores were consistent with 
those from immediate post-intervention comparisons (g differences < 0.05; see Text A and Table A in S10 Appendix). 
Fixed-effect and random-effects models produced effects in the same direction across all main analyses, with immedi-
ate post-intervention estimates remaining statistically significant under both models (fixed-effect g range = 0.26 to 0.43; 
random-effects g range = 0.30 to 0.46; see Text A and Table A in S11 Appendix). Funnel plots for all immediate post- 
intervention outcomes are presented in Figs B, D, F, H, J, and L in S12 Appendix. Visual inspection suggested possible 
small-study effects for some outcomes, particularly where isolated large positive effects were present, although this pat-
tern was not consistent across outcomes. These findings did not suggest that the pooled conclusions were explained 
by small-study effects alone. For the outlier trial [48], the published means and standard deviations, outcome direc-
tion, and Hedges’ g calculations were rechecked. No extraction, direction-coding, or calculation errors were identified. 
Finally, leave-one-out analyses confirmed that exclusion of this trial reduced heterogeneity but did not alter the direction 
or statistical significance of the primary pooled effects, including wellbeing (g = 0.30, 95% CI [0.22, 0.39]), depression 
(g = 0.42, 95% CI [0.36, 0.49]), anxiety (g = 0.37, 95% CI [0.30, 0.44]), and stress (g = 0.42, 95% CI [0.34, 0.49]) (see 
Text A and Table A in S13 Appendix).

Certainty of evidence

The certainty of evidence for immediate post-intervention outcomes was assessed using the GRADE framework (Table 4). 
Evidence was rated as moderate for wellbeing, depression, anxiety, stress, and psychological flexibility, and low for QoL. 
For wellbeing, depression, anxiety, stress, and psychological flexibility, the main limitation was inconsistency, as hetero-
geneity was substantial (I² > 75%) and prediction intervals crossed the null, which resulted in a one-level GRADE down-
grade for serious inconsistency. A second downgrade for inconsistency was not applied because influence diagnostics 
and sensitivity analyses indicated that pooled effects remained statistically significant after exclusion of influential studies. 
QoL was not downgraded for inconsistency because heterogeneity was lower (I² = 57.9%), but it retained the risk-of-bias 
downgrade from the original assessment because 7 of 32 contributing effect estimates were from studies rated at high risk 
of bias. QoL was also downgraded for imprecision because the lower confidence limit (0.19) extended below the prespec-
ified smallest important effect threshold (SMD = 0.20). No serious concerns were identified regarding indirectness. Publi-
cation bias was considered in the GRADE assessment, but no additional downgrades were applied because funnel-plot 

Table 4.  GRADE Summary of Findings for primary outcomes (immediate post-intervention).

Outcome Stud-
ies (k)

Partici-
pants (N)

Pooled effect 
(Hedges’ g, 95% CI)

Heteroge-
neity (I²)

Certainty 
(GRADE)

Downgrade rationale

Wellbeing 46 7,485 0.36 (0.24 to 0.49) 82.3% Moderate −1 inconsistency (substantial heterogeneity; PI crosses no 
effect)

Depression 110 15,102 0.44 (0.37 to 0.52) 77.8% Moderate −1 inconsistency (substantial heterogeneity; PI crosses no 
effect)

Anxiety 93 13,812 0.40 (0.32 to 0.48) 78.7% Moderate −1 inconsistency (substantial heterogeneity; PI crosses no 
effect)

Stress 66 10,544 0.46 (0.36 to 0.55) 79.9% Moderate −1 inconsistency (substantial heterogeneity; PI crosses no 
effect)

Psychologi-
cal flexibility

51 5,492 0.41 (0.27 to 0.54) 81.4% Moderate −1 inconsistency (substantial heterogeneity; PI crosses no 
effect)

QoL 32 3,184 0.30 (0.19 to 0.42) 57.9% Low −1 risk of bias (high proportion of high-RoB results); −1 impreci-
sion (lower CI extended below prespecified SMD 0.20 threshold)

https://doi.org/10.1371/journal.pdig.0001764.t004
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asymmetry was inconsistent across outcomes, fixed-effect sensitivity analyses did not alter the primary conclusions, and 
possible asymmetry was difficult to distinguish from substantial heterogeneity and identified outlying effects.

Discussion

This review synthesised evidence from 147 RCTs (26,391 participants) evaluating digitally delivered third-wave,  
process-based psychological interventions across healthy samples and samples with mental and medical conditions. 
Immediately post-intervention, digital third-wave interventions were associated with statistically supported improve-
ments in wellbeing (g = 0.36), reductions in depressive symptoms (g = 0.44), anxiety (g = 0.40) and stress (g = 0.46), 
alongside improvements in psychological flexibility (g = 0.41) and QoL (g = 0.30). Across outcomes, pooled effects were 
small-to-moderate in magnitude and consistently favoured intervention immediately post-intervention, indicating reliable 
average benefits across both symptom-focused and wellbeing-focused domains.

Heterogeneity was substantial across most immediate post-intervention syntheses, and prediction intervals were often 
wide and crossed the null. This does not negate the pooled mean effects, but indicates that average effects should not 
be treated as uniform expectations across settings. Confidence intervals quantify uncertainty around the pooled mean, 
whereas prediction intervals reflect the likely dispersion of true effects across settings, populations and implementations 
[49–51]. Practically, these results indicate that digital third-wave interventions are beneficial on average, but that realised 
effects are likely to vary meaningfully across contexts, consistent with substantial variation in programme content, delivery 
platforms, guidance intensity, engagement supports, and comparator intensity across trials.

These interpretations are further supported by prespecified sensitivity analyses and certainty-of-evidence assessments. 
Across outcomes, exclusion of results judged at overall high risk of bias generally produced pooled estimates that were 
similar in magnitude and direction to the primary analyses. However, robustness varied by timepoint. While immediate 
post-intervention results remained stable, the short-term wellbeing estimate was attenuated and was no longer statistically 
significant after exclusion of high risk-of-bias results (p = .051). The medium-term QoL estimate was also reduced but was 
not statistically significant in either the primary or sensitivity analysis. Influence diagnostics identified specific outliers con-
tributing disproportionately to heterogeneity, most notably a trial evaluating Mindful Self-Compassion [48] which reported 
exceptionally large effect sizes. Leave-one-out analyses confirmed that while removing such outliers substantially reduced 
residual heterogeneity (e.g., reducing I² for wellbeing from 82% to 60%), it did not alter the statistical significance or direc-
tion of the primary pooled effects. Sensitivity analyses based on change-from-baseline effect sizes yielded comparable 
results across a range of plausible pre–post correlation assumptions (r = 0.30–0.70), confirming that conclusions were not 
dependent on the choice of effect metric or imputation strategy.

Consistent with these findings, certainty of evidence was rated as moderate for five immediate post-intervention 
outcomes and low for QoL using the GRADE framework. Downgrading was driven primarily by statistical inconsistency, 
reflecting substantial residual heterogeneity and wide prediction intervals. For QoL, certainty was also downgraded for risk 
of bias and imprecision because the lower confidence limit fell just below the prespecified smallest important effect thresh-
old. This pattern is expected in a synthesis spanning diverse populations, intervention formats and comparator contexts, 
and indicates that while average effects are reliable, their magnitude is likely to vary across settings. From a  
decision-making perspective, the results support cautious confidence in the presence of benefit immediately post- 
intervention, alongside recognition that implementation context remains an important determinant of realised impact.

One consistent finding was the pattern of smaller pooled effects against active controls than against inactive controls, 
alongside formal moderation support in several key outcome-timepoint subgroups. This means that pooled average 
effects should be interpreted alongside comparator intensity, rather than as uniform estimates of superiority over cred-
ible alternatives. Comparator type significantly moderated immediate post-intervention effects for depression, anxiety, 
and psychological flexibility, with larger effects in inactive-control trials in each case. This pattern was also observed at 
short-term follow-up for depression, wellbeing, and stress. These results mirror the subgroup syntheses. Immediately 
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post-intervention, effects against active controls were smaller but statistically supported for wellbeing (g = 0.15), depres-
sion (g = 0.20), anxiety (g = 0.16), and stress (g = 0.30), while QoL was smaller and not statistically supported (g = 0.15). 
Inactive-control contrasts were consistently larger across all outcomes. This pattern is expected, as active controls often 
include credible therapeutic ingredients such as structured activity, psychoeducation, self-monitoring or skills practice. 
Importantly, several outcomes retained statistically supported incremental benefits even under active-control conditions, 
strengthening the real-world relevance of these findings where choices are more often between plausible alternatives than 
between intervention and no support. This comparator separation also represents a methodological advance over synthe-
ses dominated by minimal-control contrasts [52].

These findings align with broader evidence that waitlist and minimal-control designs can inflate apparent psychother-
apy effects relative to care-as-usual or other credible comparators [53]. In the present review, inactive-control estimates 
remain informative for contexts characterised by limited provision, long waits or minimal support. However, the active- 
control estimates provide more conservative and arguably more realistic benchmarks for settings where credible alterna-
tives are available. Notably, the moderation by comparator type was also observed at short-term follow-up for depression, 
wellbeing, and stress, indicating that inflation from minimal controls is a robust and pervasive factor influencing effect 
magnitude into the early follow-up period.

Across outcomes, follow-up syntheses indicated partial attenuation over time, with important differences across domains. 
Reductions in depressive symptoms, anxiety and stress remained statistically supported at short- and medium-term  
follow-up, although effect sizes were smaller than immediately post-intervention, whereas long-term estimates were small 
and imprecise and did not demonstrate sustained statistical support. Wellbeing and QoL showed statistically supported 
improvements immediately post-intervention and short-term follow-up, but statistical support was not maintained at the 
medium-term interval for either outcome. A small but statistically supported effect for wellbeing was observed at long-term 
follow-up, although this estimate was based on only three trials and should therefore be interpreted cautiously. In contrast, 
psychological flexibility demonstrated a distinct trajectory, with robust effects immediately post-intervention and short-term 
follow-up that were not sustained at medium- or long-term follow-up. This divergence between the maintenance of symp-
tom reduction and the attenuation of process-based gains may partly reflect limited follow-up power and measurement 
heterogeneity. Because this review synthesised aggregate outcome trajectories rather than within-person mediation, these 
findings should not be interpreted as demonstrating a mechanism-outcome gap. Rather, they are consistent with ACT medi-
ation reviews and internet-based ACT syntheses that support psychological flexibility as a plausible treatment process while 
emphasising the need for stronger longitudinal and process-measure evidence [8,54–56].

Moderator analyses helped identify sources of the substantial heterogeneity observed across outcomes. Intervention 
family significantly moderated immediate post-intervention effects for depression (QM = 126.12, p < .001) and anxiety 
(QM = 106.30, p < .001). These findings should be interpreted cautiously because several intervention-family categories 
had small study counts. For depression and anxiety, the compassion-focused category included one trial, which evaluated 
Mindful Self-Compassion in participants with chronic skin conditions and elevated psychological distress [48]. The esti-
mates for this category were very large (depression: g = 6.44; anxiety: g = 5.49), making this single trial a major contributor 
to the significant intervention-family moderation. These estimates are unlikely to represent typical effects for  
compassion-focused digital interventions and should therefore be treated as hypothesis-generating until replicated in 
larger, methodologically robust trials.

Guidance did not significantly moderate any immediate post-intervention outcome, indicating that therapist involvement 
was not a general determinant of effect size at programme completion. The only statistically supported guidance modera-
tion was observed for depression at short-term follow-up (QM = 4.17, p = .048), where effects were smaller in unguided  
formats (B = -0.21). This suggests that therapist involvement may be more relevant to the maintenance of depres-
sive symptom gains than to immediate intervention effects, although this pattern was not consistent across outcomes. 
Supportive accountability offers one explanation for this finding, as human support may improve engagement through 
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accountability and expectations to a trusted support person [57]. Broader digital mental health literature also suggests that 
social support and persuasive design features may be relevant to engagement and adherence, while showing that their 
effects on clinical outcomes remain uncertain and difficult to evaluate because engagement metrics are reported incon-
sistently [58,59]. Future trials should report guidance content, adherence, and engagement metrics more consistently to 
clarify when human support adds value to digital third-wave interventions.

Population type moderated anxiety and depression outcomes at short-term follow-up, indicating that clinical samples 
(mental health and medical conditions) may derive larger short-term benefits than healthy samples. However, no statisti-
cally significant moderation was observed immediately post-intervention, suggesting that the transdiagnostic logic of  
third-wave and process-based approaches holds during the active treatment phase [8,10,60]. It also suggests that imple-
mentation decisions may be better guided by factors such as comparator context, intervention modality and delivery 
supports than by broad population category alone.

Several limitations constrain inference and point to priorities for future research. First, most studies were judged to raise 
risk-of-bias concerns, with 120 of 147 trials (82%) rated as ‘some concerns’, 24 (16%) as ‘high risk’, and 3 (2%) as ‘low 
risk’. Outcomes were also primarily self-reported, reducing certainty about effect magnitude. This profile limits confidence 
in the exact magnitude of effects, particularly because some concerns commonly reflected incomplete reporting of alloca-
tion concealment, self-reported outcomes in unblinded behavioural trials, limited prespecification of analyses, and missing 
outcome data. However, sensitivity analyses excluding high-risk studies generally produced effects of similar magnitude 
and direction, supporting the robustness of the main immediate post-intervention conclusions. Accordingly, the findings 
should be interpreted as evidence of probable average benefit rather than precise implementation benchmarks. Second, 
follow-up evidence, particularly long-term, remains sparse across outcomes, limiting precision about durability and espe-
cially about incremental benefits against active comparators at later timepoints. Third, the evidence base is dominated by 
ACT-based and mindfulness-based programmes, with comparatively few trials of DBT-informed and  
compassion-focused interventions, limiting the precision and generalisability of modality-specific estimates. Potential 
small-study effects also remain a limitation, particularly for outcomes with visible funnel-plot asymmetry (see Figs B, D, 
F, H, J, and L in S12 Appendix). However, fixed-effect sensitivity analyses and leave-one-out analyses indicated that the 
direction and statistical significance of the main pooled effects were not dependent on these patterns (see Text A and 
Table A in S11 Appendix and Text A and Table A in S13 Appendix), suggesting that small-study effects are more relevant 
to the interpretation of effect magnitude than to the presence of an overall benefit. Module completion, platform usage, 
adherence, and broader engagement metrics were also reported inconsistently across trials and therefore could not be 
examined in meta-regression, despite their likely relevance to digital intervention effects [15,59,61]. Finally, wide predic-
tion intervals and substantial heterogeneity indicate that average effects should not be treated as uniform expectations. 
Instead, heterogeneity should be treated as a target for explanation, including better reporting of engagement, adherence, 
comparator content and implementation conditions.

Clinical implications

Overall, these findings support digitally delivered third-wave interventions as scalable programmes that yield reliable 
average improvements in wellbeing, depressive symptoms, anxiety, stress, psychological flexibility and QoL immediately 
post-intervention. Several benefits persisted across follow-up windows, although effects were consistently smaller when 
interventions were evaluated against active comparators. The most decision-relevant messages are that pooled effects 
are consistently smaller against active controls than inactive controls, and that effects do not differ systematically across 
broad population types, supporting a transdiagnostic framing in digital delivery contexts. Future trials should prioritise 
well-specified active comparators, longer follow-up with adequate power, consistent reporting of adherence and engage-
ment metrics, and mechanistic analyses testing whether within-person changes in theorised process targets, particularly 
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psychological flexibility, account for downstream changes in symptoms and wellbeing, and whether such process changes 
are maintained or require structured booster strategies over time.
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