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Abstract

Background: The increasing prevalence of mental health issues among adolescents and young adults, coupled with barriers to
accessing traditional therapy, has led to growing interest in artificial-intelligence-driven (AI-driven) conversational agents (CAs)
as a novel digital mental health intervention. Despite accumulating evidence suggesting the effectiveness of AI-driven CAs for
mental health, there is still limited evidence on their effectiveness for different mental health conditions in adolescents and young
adults.

Objective: This study aims to examine the effectiveness of AI-driven Conversational Agents for mental health among young
people.

Methods: Five main databases (PubMed, PsycINFO, EMBASE, Cochrane Library, and Web of Science) were searched
systematically, resulting in fifteen articles (including 16 randomized controlled trials) involving 1,974 participants. The quality
of these studies, possible publication bias and moderators were then examined.

Results: The results indicated a moderate-to-large (Hedges’ g = 0.60) effect of AI-driven CAs on reducing depressive
symptoms, particularly in subclinical populations. However, their effectiveness in addressing other health issues, such as anxiety
and stress, was not significant (p > 0.05).

Conclusions: The findings highlight the potential of AI-driven CAs for early intervention in depression among this population,
and underscore the need for further improvements to enhance their efficacy across a broader range of mental health outcomes.
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Effectiveness  of  AI-driven  Conversational  Agents  in  Improving
Mental  Health  Among Young People:  A Systematic  Review and
Meta-analysis

Abstract

Background: The  increasing  prevalence  of  mental  health  issues  among  adolescents  and  young
adults, coupled with barriers to accessing traditional therapy, has led to growing interest in artificial-
intelligence-driven  (AI-driven)  conversational  agents  (CAs)  as  a  novel  digital  mental  health
intervention.  Despite  accumulating  evidence  suggesting  the  effectiveness  of  AI-driven  CAs  for
mental  health,  there  is  still  limited  evidence  on  their  effectiveness  for  different  mental  health
conditions in adolescents and young adults.
Objective: This study aims to examine the effectiveness of AI-driven Conversational Agents for
mental health among young people.
Methods: Five  main  databases  (PubMed,  PsycINFO, EMBASE, Cochrane  Library,  and Web of
Science)  were  searched  systematically,  resulting  in  fifteen  articles  (including  16  randomized
controlled trials) involving 1,974 participants. The quality of these studies, possible publication bias
and moderators were then examined.
Results: The results indicated a moderate-to-large (Hedges’ g = 0.60) effect of AI-driven CAs on
reducing depressive symptoms, particularly in subclinical populations. However, their effectiveness
in addressing other health issues, such as anxiety and stress, was not significant (p > 0.05). 
Conclusions:  The  findings  highlight  the  potential  of  AI-driven  CAs  for  early  intervention  in
depression among this population,  and underscore the need for further improvements to enhance
their efficacy across a broader range of mental health outcomes.

Keywords:  artificial intelligence; conversational agents; meta-analysis; mental health intervention;
young people

Introduction

Mental health issues among adolescents and young adults are increasingly becoming a public health
concern, affecting between 10% to 20% of the global youth population [1]. The early-onset mental
health disorders are particularly alarming, with 50% of cases emerging before the age of 14 and 75%
by the age of 25 [2]. Despite the significant impact of mental health disorders on young populations,
these  conditions  remain  underdiagnosed  and  undertreated  [3].  The  impact  of  these  untreated
conditions is profound, as persistent mental health problems often extend into adulthood, leading to
impairments in educational achievement, psychosocial functioning, and overall quality of life [4, 5].
The COVID-19 pandemic has exacerbated these challenges, resulting in a marked increase in rates of
depression, anxiety, and stress among young people [6].
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In parallel with the rise in mental health issues, this generation of young people is growing up in a
digital world. Over 90% of individuals aged 15-24 are “online”, and even in low-income countries,
mobile access is widespread [7, 8]. Adolescents and young adults are also the earliest adopters and
heaviest  users  of  new  technologies  [9].  This  level  of  digital  engagement  provides  a  unique
opportunity to leverage digital mental health interventions, which can bridge the treatment gap by
offering scalable, accessible, and cost-effective solutions [10]. Compared to traditional face-to-face
therapy, web- and mobile-based interventions provide anonymity, reduce stigma, and offer greater
flexibility and autonomy [11]. As a result, digital mental health interventions have gained increasing
attention.  For  example,  in  the  third  global  survey  on  eHealth,  WHO reported  that  58% of  the
surveyed countries have integrated digital health strategies as part of their healthcare frameworks
[12]. However, early forms of digital mental health interventions, such as Internet-Based Cognitive
Behavioral  Therapy  (ICBT),  encounter  several  challenges,  including  limited  interactivity  and
relatively high dropout rates [13]. Moreover, these interventions tend to be generalized, often lacking
the personalization needed to meet the unique needs of individual users.

With the development of large language model in the field of artificial intelligence (AI), a promising
avenue for digital mental health interventions is the use of AI-driven Conversational Agents (CAs),
which use artificial intelligence to simulate human behavior and offer a task-oriented framework
with  evolving  dialogue  able  to  engage  users  in  conversation  [14].  These  agents  can  provide
psychoeducation and deliver treatment options [15], such as Cognitive Behavioral Therapy (CBT).
AI-driven  CAs  offer  personalized  and  interactive  mental  health  support,  engaging  users  in
therapeutic dialogues that simulate human conversations [16]. Compared with the rule-based systems
that rely on predefined responses, AI-driven CAs adapt and personalize their interactions based on
user inputs, which may enhance therapeutic engagement and outcomes [17]. Although these systems
are increasingly utilized among adults, their effectiveness for adolescents and young adults remains
underexplored.  Given  the  increasing  mental  health  burden  and  the  unique  digital  engagement
patterns of younger individuals,  understanding the potential  of AI-driven CAs to support  mental
health among this group is crucial.

Despite the growing interest in AI-driven CAs for mental health, there is still limited evidence on
their effectiveness for various mental health conditions in adolescents and young adults. Previous
reviews have often combined rule-based and AI-driven CAs or included both young people and older
adults  [18,  19],  which  may  lead  to  significant  heterogeneity.  To address  these  gaps,  this  meta-
analysis aims to evaluate the effectiveness of AI-driven CAs in reducing mental health symptoms,
particularly depression and anxiety, among adolescents and young adults aged 12-25. Additionally,
this study explores the moderators that may influence treatment outcomes, such as characteristics of
study population and AI-driven CAs, to better understand the factors that enhance the intervention
effectiveness of these digital tools among this population.

Methods

Literature Search

This systematic review followed the Preferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) guidelines [20]. To locate studies assessing the effectiveness of AI-driven CAs
for mental health problems in adolescents and young adults, two independent researchers (LYN and
SXH) conducted a  comprehensive search across  five  databases:  PubMed,  PsycINFO, EMBASE,
Cochrane Library, and Web of Science. The search spanned from the inception of each database up to
August 6th, 2024. The following search terms were used: (robot OR social bot OR dialogue system
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OR  conversational  agent  OR  conversational  bot  OR  conversational  system  OR  conversational
interface OR chatbot OR chat bot OR chatterbot OR chatter bot OR chat-bot OR smartbot OR smart
bot OR smart-bot OR virtual coach OR virtual agent OR embodied agent OR relational agent OR
avatar OR virtual character OR animated character OR virtual human OR virtual assistant OR digital
assistant OR counseling agent) AND (mental illness OR mental disorder* OR affective disorder OR
psychotic disorder OR post-traumatic stress disorder OR PTSD OR distress OR depress OR anxiety
OR bipolar OR schizophrenia OR psychosis OR mental health OR mental wellness OR wellbeing
OR well-being OR SWB OR happiness OR happy OR positive affect OR negative affect OR positive
emotion OR negative emotion OR mood OR life satisfaction OR healthy relationship OR resilience
OR self-efficacy).  Detailed Search strategies  were also provided in  Multimedia Appendix 1.  No
filters were applied to ensure the inclusion of all relevant studies. Additionally, reference lists of
included  studies  and  previous  reviews  were  manually  searched  to  identify  any  further  eligible
studies. A detailed search strategy is provided in the Supplementary Material.

Inclusion and Exclusion Criteria

Studies  were  selected  based  on  these  criteria:  (1)  Population:  studies  using  AI-driven  CAs  for
managing mental health issues were included if the average age of participants was between 12 and
25 years. This age range followed previous meta-analyses conducted in adolescents and young adults
[21]. No restrictions were imposed on the eligible participant populations regarding diagnoses of
common mental disorders or any other clinical or demographic characteristics. Participants could be
from clinical (formally diagnosed mental health conditions), subclinical (self-reported or screened
mental  health  symptoms),  or  unselected/nonclinical  populations;  (2)  Intervention:  we  included
interventions  delivered by AI-driven CAs.  These  CAs utilized  artificial  intelligence  technologies
such as natural language processing or machine learning to engage in human-like conversations,
distinct from rule-based systems. This definition followed a previous study [19]; (3) Comparator:
eligible  studies  included  any  control  conditions,  such  as  waitlist  or  active  control  groups  (e.g.,
treatment as usual, therapist-led interventions); (4) Outcomes: studies were included if they reported
at least one mental health outcome and provided sufficient data for effect size calculation; (5) Study
design: only randomized controlled trials (RCTs) were included. Studies on rule-based CAs, review
articles, conference abstracts, and non-English publications were excluded. Screening was performed
independently by two researchers (WWZ and HYM), and full texts of potential studies were obtained
for detailed eligibility assessment.

Data Extraction and Quality Assessment

For  each  included  study,  the  following  data  were  extracted:  authorship,  year  of  publication,
participant characteristics (e.g., sample size, gender distribution, mean age), CA specifications (e.g.,
name, platform, response generation approach, interaction mode), intervention details (e.g., length,
control group type), and measures. Methodological quality was assessed using the Cochrane Risk of
Bias  tool  [22],  considering factors  such as  random sequence generation,  allocation concealment,
blinding of participants and assessors, handling of incomplete outcome data, and selective reporting.
Two authors (WWZ and SXH) independently conducted the data extraction and quality assessments.
Disagreements were resolved through discussion, with the involvement of a third author (HYM)
when necessary. The results of the risk of bias assessments are visually presented in a summary
graph.

Meta-analytic Procedure

For  each  study,  the  means,  standard  deviations,  and sample  sizes  at  post-test  were  extracted  to
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compute effect sizes (ESs). When multiple studies reported data for the same outcome, pooled ESs
were calculated. Given the small sample sizes in some studies, Hedges’ g was used to adjust for bias
[23].  All  ESs were coded so that positive Hedges’  g values indicated superior outcomes for the
treatment group relative to the control group. Where intention-to-treat and completer analyses were
both available, data from the intention-to-treat analyses were used. Follow-up data were not analyzed
due  to  insufficient  reporting  across  studies.  Effect  size  calculations  and  overall  estimates  were
performed  using  Comprehensive  Meta-Analysis  software  (Version  3.0)  and  Stata  SE  15.1.  For
studies that did not report means and standard deviations, alternative statistics (e.g., Cohen’s  d,  t
values, F values) were used. Multi-arm trials were treated in accordance with Cochrane guidelines by
combining means and standard deviations to create a single pairwise comparison [24]. Given the
expected heterogeneity across studies, a random-effects model was applied to estimate the mean ESs
[25]. Heterogeneity was examined using the Q statistic and I² index [23]. Outliers were identified as
studies  whose  95% confidence  intervals  lay  outside  the  95% confidence  interval  of  the  overall
estimate [26]. A “leave-one-out” sensitivity analysis was conducted to assess the robustness of the
results. Subgroup and meta-regression analyses were performed with outliers excluded.

To assess publication bias, three methods were used: (1) visual inspection of funnel plots, (2) Duval
and  Tweedie’s  trim-and-fill  procedure  [27]  to  adjust  ES  estimates  for  publication  bias,  and  (3)
Egger's test for funnel plot asymmetry [28]. Moderator analyses were performed for both categorical
and continuous moderators where heterogeneity was significant (p < 0.10 or  I² > 25%). Subgroup
analyses  utilized  a  mixed-effects  model,  while  meta-regression  used  unrestricted  maximum
likelihood  estimation.  Moderators  included  age,  gender,  intervention  length,  interaction  mode,
delivery platform, response generation approach, sample type, and control group type, selected based
on previous meta-analytic studies [19, 29]. All visualization was conducted by R version 4.3.1 and
Review Manager 5.3.

Results

Search Results

The  initial  database  search  identified  14,907  potentially  relevant  articles,  supplemented  by  two
additional  studies  found through manual  reference  list  checks.  After  removing 7,412 duplicates,
7,497 unique articles remained for screening. Titles and abstracts were reviewed, resulting in the
exclusion of 7,100 records.  Subsequently,  397 full-text  articles were assessed for eligibility.  The
PRISMA flow diagram outlining this process is provided (Figure 1). Ultimately, 15 articles with 16
RCTs were included in the systematic review and meta-analysis.

-----------------Please insert Figure 1 here-----------------

Study Characteristics

The characteristics of the 16 included RCTs are presented below (Table S1 in Multimedia Appendix
1 [30-44]). Sample size ranged from 42 to 415 participants, with a total pooled sample size of 1,974
across all studies. The meta-analysis incorporated studies conducted with clinical (n = 1), subclinical
(n  =  7),  and  nonclinical  (n  =  8)  populations.  Twelve  studies  used  retrieval-based  CAs,  three
employed  generative  CAs,  and  one  study  utilized  both  retrieval-based  and  generative  CAs.
Regarding interaction modes, thirteen studies employed text-based CAs, and three used multimodal
CAs.

Risk of Bias in Included Studies

The overall quality of the included studies was suboptimal. Only one study [36] satisfied all six
quality criteria. Three studies met four criteria, while five studies met three, and seven studies met
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fewer than three criteria. Notably, a significant number of studies lacked sufficient information to
assess certain criteria: seven out of 16 studies did not report on blinding of participants or personnel,
ten did not mention blinding of outcome assessors, and nine studies were not registered and lacked
information on selective reporting. A summary of the risk of bias for each criterion is displayed
below (Figure 2).

-----------------Please insert Figure 2 here-----------------

Depression

Overall Effect

AI-driven CAs demonstrated a medium effect on depression symptoms at post-test, with a Hedges’ g
of 0.50 (95% CI [0.20, 0.80],  N = 11,  z = 3.24,  p < 0.01; Figure 3). Significant heterogeneity was
observed among the studies [Q (10) = 39.66, p < 0.001, I² = 74.8%]. One study [30] was identified as
an outlier with 95% confidence interval outside the 95% confidence interval of the pooled studies.
After this study was removed, sensitivity analyses indicated that the ES increased to medium-to-large
(Hedges’ g = 0.60, 95% CI [0.36, 0.84], N = 10, z = 4.95, p < 0.001) and the heterogeneity reduced
but remained significant [Q (9) = 17.86, p < 0.05, I² = 49.6%]. This outlier study was excluded from
further analyses. Complementary sensitivity analyses confirmed that no single study significantly
influenced the results.

-----------------Please insert Figure 3 here-----------------

Publication Bias

Duval  and Tweedie’s  trim-and-fill  method found no evidence  of  publication  bias  (Figure  S1 in
Multimedia Appendix 1). Similarly, Egger’s test revealed no significant bias (b₀ = -2.03, SE = 1.73, t
= 1.78, one-tailed p = 0.14).

Moderators

Subgroup analyses revealed that sample type significantly moderated the ESs at post-test (Qb = 8.46,
p < 0.05; Table 1). Only studies conducted in subclinical samples exhibited significant ESs (g =
0.73), and the ESs were larger than those conducted in nonclinical samples (g = 0.04). Additionally,
heterogeneities  within  subgroups  were  reduced  to  non-significance  (p >  0.10).  Meta-regression
analyses  indicated  that  none of  the  variables  (i.e.,  mean  age,  publication  year,  sex,  and quality
criteria) were significant moderators (p > 0.05; Table 2).

Table 1. Moderation analysis with categorical variables for depression symptoms.
Moderators N g 95% CI Qw p Qb p
Interaction
mode

Text-based 8 0.52 [0.21,0.83] 15.58 0.03 1.93 0.17

Multimodal 2 0.82 [0.54,1.09] 0 0.99
Response
generation
approach

Retrieval based 7 0.52 [0.28,0.76] 7.36 0.29 0.09 0.77
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Generative 2 0.69 [-0.37,1.75] 7.97 0.005
Sample type Clinical sample 1 0.91 [-0.11,1.94] 8.46 0.02

Nonclinical sample 2 0.04 [-0.38,0.46] 0.18 0.67
Subclinical sample 7 0.73 [0.51,0.95] 8.43 0.21

Control group Active control 6 0.52 [0.23,0.81] 14.98 0.01 0.61 0.74
Information only 3 0.38 [0.17,0.58] 1.69 0.43
Waitlist  or  assessment
only

1 0.91 [-0.11,1.94]

Delivery
platform

Instant  messenger
platform

5 0.59 [0.15,1.03] 11.15 0.03 0.06 0.97

Standalone app 4 0.62 [0.29,0.96] 6.52 0.09
Serious gaming platform 1 0.52 [-0.24,1.28]

Intervention
length

0-4 weeks 7 0.55 [0.23,0.86] 16.79 0.01 0.78 0.38

> 4 weeks 3 0.76 [0.40,1.12] 0.54 0.76

Table 2. Moderation analysis with continuous variables for depression symptoms

Moderators N β SE Z p
Mean age 10 -0.06 0.06 -1.03 0.30
Year 10 0.04 0.04 0.97 0.33
%—total Female 10 -0.01 0.01 -0.76 0.45
Quality criteria 10 0.07 0.07 1.04 0.30

Generalized Anxiety

Overall Effect

The  results  showed  that  AI-driven  CAs  had  a  non-significant  impact  on  generalized  anxiety
symptoms compared to control conditions (g = 0.42, 95% CI [-0.04, 0.87], N = 10, z = 1.78, p = 0.08;
Figure S2 in Multimedia Appendix 1). Large and significant heterogeneity was observed (Q (9) =
71.45,  p < 0.001,  I² = 87.4%). One study [42] was identified as an outlier with 95% confidence
interval outside the 95% confidence interval of the pooled studies. After this study was removed, the
ES reduced and remained non-significant (Hedges’ g = 0.17, 95% CI [-0.07, 0.42], N = 9, z = 1.38, p
= 0.17) and the heterogeneity remained significant [Q (5) = 16.41, p < 0.05, I² = 51.3%]. This outlier
study  was  excluded  from  further  analyses.  Complementary  sensitivity  analyses  confirmed  the
robustness of the findings.

Publication Bias

Duval  and Tweedie’s  trim-and-fill  method found no evidence  of  publication  bias  (Figure  S1 in
Multimedia Appendix 1). Similarly, Egger’s test revealed no significant bias (b₀ = -2.03, SE = 1.73, t
= 1.78, one-tailed  p = 0.14). Duval and Tweedie’s trim-and-fill analysis indicated that two studies
were missing on the left side of the mean effect size. After imputing the missing studies under a
random-effects model, the adjusted effect size remained non-significant (g = 0.06, 95% CI [-0.21,
0.32], Q (11) = 27.20). However, Egger’s test failed to detect significant publication bias (b₀ = 1.97,
SE = 1.68, t = 1.18, one-tailed p = 0.14).

Moderators

Given that  the adjusted effect  size was non-significant  (p > 0.05),  moderator  analyses  were not
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conducted.

Stress

Overall Effect

AI-driven CAs had a non-significant impact on stress at post-test compared to control groups (g =
0.002, 95% CI [-0.19, 0.20], N = 4, z = 0.02, p = 0.98; Figure S3 in Multimedia Appendix 1). No
significant  heterogeneity  was  detected  among  the  studies  (Q (3)  =  2.39,  p =  0.50,  I² =  0.0%).
Sensitivity analyses showed that the results were not driven by any single study, and no outliers were
identified.

Publication Bias

Neither Duval and Tweedie’s trim-and-fill method nor Egger’s test found any evidence of publication
bias (b  = -0.68, SE = 1.75, t = 0.39, one-tailed p = 0.37; Figure S1 in Multimedia Appendix 1). ₀

Moderators

Since the overall effect size and heterogeneity were not significant (p > 0.05), moderator analyses
were not performed.

Positive Affect

Overall Effect

The effect of AI-driven CAs on positive affect at post-test was non-significant (g = 0.01, 95% CI [-
0.24, 0.27], N = 7, z = 0.11, p = 0.92; Figure S4 in Multimedia Appendix 1). There was significant
heterogeneity  among  the  studies  (Q  (6)  =  16.28,  p  =  0.012,  I²  =  63.1%).  Sensitivity  analyses
confirmed that the results were not driven by any individual study, and no outliers were detected.

Publication Bias

Duval and Tweedie’s trim-and-fill method and Egger’s test (b₀ = 2.12, SE = 2.21, t = 0.96, one-tailed
p = 0.19; Figure S1 in Multimedia Appendix 1) both indicated no publication bias. 

Moderators

Given the non-significant effect size (p > 0.05), no moderator analyses were conducted.

Negative Affect

Overall Effect

Similar  to  the  effect  on positive  affect,  AI-driven CAs demonstrated a  non-significant  effect  on
negative affect compared to control groups at post-test (g = 0.36, 95% CI [-0.04, 0.76], N = 7,  z =
1.77, p = 0.08; Figure S5 in Multimedia Appendix 1). Heterogeneity was large and significant among
the studies (Q (6) = 38.11, p < 0.001, I² = 84.3%). One study [42] was identified as an outlier with
95% confidence interval outside the 95% confidence interval of the pooled studies. After this study
was removed, the ES reduced and remained non-significant (Hedges’ g = 0.11, 95% CI [-0.06, 0.28],
N = 10,  z = 4.95,  p < 0.001) and the heterogeneity reduced to non-significance [Q (5) = 5.64,  p =
0.34, I² = 11.3%]. This outlier study was excluded from further analyses. Complementary sensitivity
analyses confirmed that no study disproportionately influenced the results.
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Publication Bias

Duval and Tweedie’s trim-and-fill analysis indicated that one study was missing on the left side of
the mean effect size. After imputing the missing study under a random-effects model, the adjusted
effect size remained non-significant (g = 0.07, 95% CI [-0.13, 0.27],  Q (6) = 8.96; Figure S1 in
Multimedia Appendix 1). However, Egger’s test suggested no evidence of publication bias (b₀ =
1.53, SE = 1.40, t = 1.09, one-tailed p = 0.17). 

Moderators

Given the non-significant overall effect size (p > 0.05), no moderator analyses were performed.

Mental Well-being

Overall Effect

The effect of AI-driven CAs on mental well-being at post-test was non-significant (g = 0.04, 95% CI
[-0.21, 0.29], N = 4, z = 0.31, p = 0.76; Figure S6 in Multimedia Appendix 1). There was significant
heterogeneity among the studies (Q (3) = 4.43, p = 0.22, I² = 32.3%). Sensitivity analyses confirmed
that the results were not driven by any individual study, and no outliers were detected.

Publication Bias

Duval and Tweedie’s trim-and-fill method and Egger’s test (b₀ = 3.46, SE = 2.01, t = 1.72, one-tailed
p = 0.11; Figure S1 in Multimedia Appendix 1) both indicated no publication bias. 

Moderators

Given the non-significant effect size (p > 0.05), no moderator analyses were conducted.

Discussion

This meta-analysis was the first comprehensive evaluation for the effectiveness of AI-driven CAs
mental health intervention among young people. Sixteen studies with a total of 1,974 participants
were  evaluated.  Findings  underscored  the  potential  of  AI-driven  CAs  to  significantly  alleviate
depressive symptoms, particularly in subclinical populations. However, their effects on other mental
health outcomes, such as anxiety, stress, and negative affect, were less robust, revealing important
insights into both the promise and limitations of AI-driven interventions in this demographic.

Principal Results and Comparison with Prior Work

The  results  of  this  meta-analysis  revealed  that  AI-driven CAs demonstrated  a  moderate-to-large
intervention  effect  on  depressive  symptoms.  This  finding aligns  with  previous  research  that  has
demonstrated the efficacy of AI-driven CAs in reducing depression among all age groups [19], which
also revealed that AI-driven CAs had a moderate-to-large effect on depression. This suggests that AI-
driven CAs, especially when enhanced with natural language processing and machine learning, can
be particularly effective in mitigating depressive symptoms. To note, these results are more favorable
compared to earlier meta-analyses that included rule-based systems, which reported smaller effect
sizes (g ranging from 0.26 to 0.29) for depression [29, 45]. One possible explanation is that as AI-
driven CAs can offer greater flexibility and adaptability in delivering therapeutic interventions [46,
47], thus they are generally more effective in managing depressive symptoms than their rule-based
counterparts. It is also possible that the larger ES found in this study reflects that AI-based CAs are
more  beneficial  to  young  people,  for  whom digital  interventions  may  be  more  acceptable  and
engaging due to their  familiarity with digital  platforms [48]. This aligns with a previous review
which indicated that younger age was associated with larger effect of CAs on depressive symptoms
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[29].

In contrast to the substantial effects observed for depression, the effects of AI-driven CAs on anxiety,
stress,  positive  affect,  negative  affect,  and  mental  well-being  in  this  age  group  were  all  non-
significant. This aligns with previous meta-analyses that have found AI-based CA interventions to be
less effective for anxiety, positive affect, negative affect, and psychological well-being compared to
depression [18, 19]. The non-significant findings for anxiety and stress in this meta-analysis may be
explained by the limited inclusion of behavioral strategies, such as exposure therapy, in current AI-
driven CAs. As anxiety and stress often require more intensive behavioral interventions [49], future
iterations of AI-driven CAs may benefit from integrating these techniques to improve outcomes for
anxiety-related symptoms. In addition, the small and non-significant effects on outcomes related to
well-being may suggest that AI-based CAs were not yet able to enhance well-being in young people.
It  is  possible  that  as  most  AI-driven  CAs  were  based  on  CBT [45],  they  are  less  effective  in
cultivating positive psychological assets.

Subgroup analyses revealed the significant role of clinical vs. subclinical type in moderating the
efficacy of AI-driven CAs on depression intervention. Specifically, AI-driven CAs were particularly
effective  in  subclinical  populations.  This  finding  aligns  with  a  previous  meta-analysis  [19],
suggesting  that  subclinical  populations  are  more  likely  to  benefit  from  AI-based  CAs.  This  is
consistent with the broader literature on psychological interventions, which has shown that these
interventions are often more effective in promoting mental well-being for people with mental or
physical  health  conditions  compared  to  the  general  population  [50].  Subclinical  depression  is
clinically significant not only because it can cause considerable impairment requiring intervention,
but also due to the heightened risk of progression to major depressive disorder, which can potentially
be prevented with early treatment  [51].  The notable intervention effectiveness of AI-driven CAs
among young people with subclinical depression provides an important insight that these digital tools
may serve as valuable early interventions, to help mitigate the risk of developing more severe mental
health conditions. 

The  non-significant  moderating  effects  of  interaction  mode,  response  generation  approach,  and
delivery platform revealed that CA technical features may not influence the effectiveness of AI-
driven CAs in reducing depression among young people. It is possible that as young people are
familiar  with  digital  platforms,  they  can  interact  effectively  with  AI-driven  CAs  with  different
technical features. Age and sex also did not moderate post-test effect. This may reflect that AI-driven
CAs could be effective for both males and females, and for young people in different age groups. In
addition, intervention length did not moderate the ESs on depression, which may reflect that both
short-course and long-course treatments delivered by AI-driven CAs could be effective in alleviating
depressive  symptoms.  Finally,  control  group  type,  publication  year  and  study  quality  did  not
moderate post-test ESs, which further support the robustness of the effectiveness of AI-driven CAs
for depression among young people.

Limitations

Despite the promising results, several limitations should be acknowledged. First, the limited number
of studies examining the long-term effects of AI-driven CAs prevented a thorough evaluation of the
sustainability  of  treatment  outcomes.  As  digital  interventions  continue  to  gain  prominence,  it  is
crucial  for future studies  to include follow-up assessments to better  understand the durability of
therapeutic  effects.  Second,  the inclusion of  only English-language studies may have introduced
selection  bias,  limiting  the  generalizability  of  our  findings.  Finally,  we  included  CAs based on
various therapeutic orientations, which may lead to considerable heterogeneity in results.
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Implications

Despite the promising results, several limitations should be acknowledged. First, the limited number
of studies examining the long-term effects of AI-driven CAs prevented a thorough evaluation of the
sustainability  of  treatment  outcomes.  As  digital  interventions  continue  to  gain  prominence,  it  is
crucial  for future studies  to include follow-up assessments to better  understand the durability of
therapeutic  effects.  Second,  the inclusion of  only English-language studies may have introduced
selection  bias,  limiting  the  generalizability  of  our  findings.  Finally,  we  included  CAs based on
various therapeutic orientations, which may lead to considerable heterogeneity in results.

Conclusions

With continued advancements in AI technologies, these digital tools have the potential to play a
pivotal  role  in  bridging  the  mental  health  treatment  gap  for  young  people.  This  meta-analysis
provides robust evidence for the effectiveness of AI-driven CAs in reducing depressive symptoms
among young people, particularly in subclinical populations, indicating great promise as a novel tool
in scalable and accessible interventions. Their effectiveness for anxiety, stress, and outcomes related
to well-being is not robust, highlighting the need for further development. Future research should
focus on refining the therapeutic  capabilities  of AI-driven CAs and exploring long-term mental-
health outcomes. 
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Forest plot of effect sizes for AI-driven CAs in depression.
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