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Mental health chatbots have proliferated rapidly, yet their effectiveness remains unclear. This
systematic review and meta-analysis included randomized controlled trials comparing chatbots with
any control condition for depressive and/or anxiety outcomes. PubMed, Embase, PsycINFO, Scopus
and Web of Science were searched from January 2017 to October 2025. Risk of bias was assessed
using the revisedCochrane tool. Pooled effect sizes (Hedges’g) were calculatedusing random-effects
models. Of the 39 eligible studies, 38 (n = 7,401) were analyzed for depression and 34 (n = 7,621) for
anxiety. Chatbots produced statistically significant reductions in depressive (g = 0.31, 95% CI [0.17,
0.46]) and anxiety symptoms (g = 0.28, 95% CI [0.05, 0.51]) compared with controls. Subgroup
analyses for depressive symptoms showed larger effects in clinical and subclinical than in nonclinical
samples (p = 0.001). Contemporary chatbots thus appear to alleviate depressive and anxiety
symptoms, especially in individuals with greater depressive severity. (PROSPERO registration:
CRD42024598761).

Mental health disorders represent a significant global health burden,
affecting an estimated 970 million people (one in eight individuals) in
2019, with depressive and anxiety disorders being the most prevalent1.
The COVID-19 pandemic further exacerbated this issue, showing
about a 25% increase in cases of major depressive disorder (MDD) and
anxiety disorders (AD) during the first year of the pandemic2. Despite
the growing need, access to mental health services remains limited
globally due to various barriers, including resource shortages, geo-
graphical limitations, cost, and the stigma associated with mental
health3.

In response, digital mental healthcare, encompassing technologies
such as teletherapy,mobile applications, andwearable devices, has become a
viable approach to overcome these challenges4. Within this domain, con-
versational agent interventions (CAIs), particularly chatbots, are promising.
Chatbots are computer programs that simulate human conversations
through text, image, or voice interfaces, and they offer several notable
advantages: continuous (24/7) availability, anonymity, and cost-
effectiveness5–7. Together, these features can make mental health support
more accessible, especially for people in remote areas or for those who
encounter barriers to traditional care.

The evolution of chatbots has been driven by advances in Natural
Language Processing (NLP) technologies. Early chatbots utilized rule-based
NLP, operating on predefined linguistic rules and keywords. While these
systems offered high explainability, they demonstrated limited flexibility in
handling complex language nuances, constraining their use to basic tasks
such as appointment scheduling and information sharing8.

The emergence of AI-based NLP marked a transformation in chatbot
capabilities. These systems, incorporating machine learning and deep
learning techniques, enabled more dynamic and personalized interactions,
showing remarkable success in managing linguistic ambiguities and com-
plex language tasks7. Notable examples includeWoebot9 andWysa10, which
deliver cognitive behavioral therapy for depression and anxiety through
natural conversations. These AI-powered chatbots demonstrate the
potential for sophisticated therapeutic interventions, though they still face
challenges in achieving truly natural conversations11.

The latest breakthrough came with Large Language Models (LLMs),
such as OpenAI’s Chat GPT12, and Google’s Gemini13. These models
demonstrate unprecedented capabilities in generating human-like text and
understanding context, with particular significance in psychiatry given the
central role of language in mental health assessment and treatment14. This
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advancement has sparked a rapid proliferation of mental health chatbots
with diverse purposes, such as psychological counseling, cognitive beha-
vioral therapy, emotion identification, and personalized mental health
journaling15–17.

Despite the growing prevalence of mental health chatbots, several
critical challenges remain. First, there is a notable scarcity of standardized
evaluation guidelines for mental health chatbots, hindering systematic
assessment of their clinical validity and long-term efficacy18. This lack of
standardization is further complicated by the inherent complexity of
machine learning algorithms, which makes it difficult to trace how these
chatbots arrive at specific recommendations or responses—a crucial con-
cern in healthcare applications where understanding the rationale behind
clinical suggestions is essential for patient safety and accountability19. Most
critically, in real-world medical settings, the potential for immediate harm
exists when chatbots generate inappropriate or incorrect responses, parti-
cularly given the absence of real-time clinical verification mechanisms20.
Addressing these challenges requires developing robust evaluation frame-
works, improving algorithm transparency, and especially establishing
empirical evidence through rigorous reviews.

Previous systematic reviews have evaluated the impact of conversa-
tional agents on mental health21,22. However, these reviews generally
addressed a broad range of psychological outcomes, including overall well-
being, stress, and general distress, rather than focusing on specific clinical
symptom domains. In contrast, the present review provides a symptom-
specific synthesis by focusing exclusively on depressive and anxiety symp-
toms, thereby yielding more homogeneous effect estimates that can more
directly inform the efficacy of chatbot-based interventions for these two
prevalent and diagnostically defined conditions.

Additionally, one recent review examined NLP-based self-adminis-
tered interventions for reducing depressive and anxiety symptoms; however,
its scope included interactive voice response systems, sentiment-analysis
tools, and virtual assistants23. In contrast, the current review is deliberately
confined to chatbot interventions that engage users through turn-taking,
text-based conversational exchanges, thereby improving construct homo-
geneity and enabling mechanism-aligned comparisons across trials.

Moreover, given the rapid advancement of LLMs since late 2022 and
the ensuing proliferation of chatbots, updating the evidence basewith recent
randomized controlled trials (RCTs) is both timely and essential.

Taken together, these developments and gaps in the current evidence
highlight the need for a comprehensive evaluation of chatbot interventions
in managing depressive and anxiety symptoms. Such evaluation is crucial
for understanding the potential role of chatbots in addressing the growing
global mental health burden while maintaining high standards of
clinical care.

This systematic review and meta-analysis aimed to evaluate the
effectiveness of chatbot interventions in managing depressive and anxiety
symptoms.We synthesized evidence fromRCTs to outline both clinical and
implementation characteristics of chatbot interventions, examined their
overall effectiveness compared to control conditions, and analyzed out-
comes fordepressive andanxiety symptoms separately.Wealso investigated
potential moderating factors, including intervention characteristics and
participant profiles.

Results
Study selection
The flow of study selection is presented in a flow diagram adapted from the
template proposed in the Preferred Reporting Items for Systematic Reviews
and Meta-Analyses (PRISMA) 2020 statement (see Fig. 1)24. The initial
database search yielded 14,020 records. Following the removal of duplicates,
6,652 records were screened, of which 265 records warranted full-text
evaluations. After this process, 35 studies met the inclusion criteria. Sub-
sequent citation tracking and reference list screening of these initially
included studies identified 4 additional eligible studies. Thus, the final
analysis comprised 39 studies9,25–62.

Study characteristics
Table 1 presents the major characteristics of studies included in the review.
A total of 39 studies were included, and the majority of studies were con-
ducted in the United States (n = 10), followed by China (n = 7), Japan
(n = 4), and Hong Kong (n = 3). Several studies were also carried out in

Fig. 1 | PRISMA flow diagram of study selection process. Records were identified through database and citation searching. After duplicate removal, records were screened
and excluded based on title/abstract and full-text review. A total of 39 studies were included in the final analyses.
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Australia, SouthKorea, Canada, and Switzerland (n = 2 each). Single studies
were conducted in the United Kingdom, Singapore, Italy, Jordan, Poland,
Malawi, and Ukraine (n = 1 each).

Regarding population characteristics, most studies targeted non-
clinical samples (n = 15), followed by sub-clinical (n = 14) and clinical
populations (n = 10).

A variety of self-report instruments were employed to assess
depressive symptoms, with the Patient Health Questionnaire-9
(PHQ-9) being the most frequently used measure (n = 23), followed
by the Patient Health Questionnaire-8 (PHQ-8) (n = 4). Other tools
included the Depression subscale of the Hospital Anxiety and
Depression Scale (HADS-D), Depression Anxiety and Stress Scale-21
(DASS-21), Edinburgh Postnatal Depression Scale (EPDS), Beck
Depression Inventory-II (BDI-II), Quick Inventory of Depressive
Symptomatology–Self Report (QIDS-SR), Patient-Reported Out-
comes Measurement Information System (PROMIS), Hopkins
Symptom Checklist (HSCL-25), Children’s Depression Inventory
(CDI), Center for Epidemiologic Studies Depression Scale-Revised
(CESD-R), and Overall Depression Severity and Impairment
Scale (ODSIS).

For anxiety outcomes, the Generalized Anxiety Disorder-7
(GAD-7) was the most commonly administered instrument
(n = 21). Other measures included the Anxiety subscale of the Hos-
pital Anxiety and Depression Scale (HADS-A), State-Trait Anxiety
Inventory (STAI), Depression Anxiety and Stress Scale-21 (DASS-
21), Zung Self-Rating Anxiety Scale (SAS), Patient-Reported Out-
comes Measurement Information System (PROMIS), Hopkins
Symptom Checklist (HSCL-25), Screen for Child Anxiety Related
Emotional Disorders (SCARED), Generalized Anxiety Disorder
Questionnaire-IV (GAD-Q-IV), and Overall Anxiety Severity and
Impairment Scale (OASIS), indicating substantial methodological
diversity in outcome assessment across studies.

As shown in Fig. 2, the number of RCTs examining chatbot inter-
ventions has increased steadily over time. Among the studies included, 31
employed retrieval-based chatbots, 8 utilized generative AI-based chatbots,
and one study incorporated both approaches. Notably, half of the studies
using generative AI-based chatbots were published in 2025.

Risk of Bias
Risk of bias assessment was conducted using the revised Cochrane Risk of
Bias tool for randomized trials (RoB 2), and the results are summarized in
Supplementary Fig. S2. Among the 39 included studies, 35 were judged to
have a high overall risk of bias. The most frequently flagged domain was
Domain 4 (bias in measurement of the outcome). In many cases, outcome
measurements were based on participant self-reports.

Result of Synthesis
Meta-analysis of studies revealed therapeutic effects of chatbots, with
varying levels of statistical significance across conditions. For depres-
sive outcomes, 38 RCTs (N = 7,401) demonstrated that participants
interacting with chatbots showed statistically significant symptom
reductions compared with various control conditions (g = 0.31, 95% CI
[0.17, 0.46]), accompanied by significant heterogeneity (Q = 153.10,
p < 0.001, I^2 = 85.34%) (see Fig. 3)9,25–45,47–62. Analysis of anxiety out-
comes from 34RCTs (N = 7,621) also indicated a statistically significant
effect of chatbots compared with control conditions (g = 0.28, 95% CI
[0.05, 0.51]), with significant heterogeneity (Q = 207.91, p < 0.001,
I^2 = 94.32%) (see Fig. 4)9,25,27–29,31–42,44–51,53–56,58–62.

Publication bias
For depressive outcomes, statistically significant publication bias was
detected through both Egger’s test (t = 3.31, df = 36, p = 0.002) andmodified
Egger’s test (t = 2.28, df = 36, p = 0.007). For anxiety outcomes, publication
bias analysis showedno significant asymmetry in either Egger’s test (t = 1.71,
df = 32, p = 0.098) or modified Egger’s test (t = 1.11, df = 32, p = 0.276).T
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Subgroup analyses
A statistically significant subgroup difference for depressive symptom
outcomes was observed based on participants’ clinical status
(p = 0.001), with larger effect sizes found in clinical (g = 0.64, 95% CI
[0.20, 1.09]) and sub-clinical populations (g = 0.34, 95%CI [0.13, 0.55])

than in non-clinical populations (g = 0.07, 95% CI [−0.01, 0.15]) (see
Fig. 5). No other moderators (including intervention primary purpose,
chatbot response-generation method, type of control group, study
duration, or assessment scales) showed significant difference (see
Supplementary material).

Fig. 3 | The effect of chatbot on depressive symptoms. Forest plot of studies reporting the effect of chatbot on depressive symptoms.

Fig. 2 | Growth of chatbot intervention studies
over time, categorized by chatbot type. *One study
published in 2023 included both retrieval-based and
generative AI-based chatbot components and was
categorized under generative AI-based chatbots.
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Discussion
In this systematic review andmeta-analysis, we synthesized evidence on the
effectiveness of chatbots in mental health care. Overall, chatbot interven-
tions showed statistically significant benefits in alleviating both depressive
(g = 0.31) and anxiety (g = 0.28) symptoms compared with various control
conditions. Subgroup analyses further revealed that these beneficial effects
on depressive symptoms were more pronounced among individuals in
clinical or subclinical populations than among those in nonclinical
populations.

Our findings extend prior evidence on the benefits of chatbots (or
conversational agents) in mental health care by incorporating a larger and

more recent pool of RCTs. He et al. (2023) reported statistically significant
short-term effects of conversational agent interventions on depressive
symptoms (g = 0.29), generalized anxiety symptoms (g = 0.27), and specific
anxiety symptoms (g = 0.47)21. In contrast, Li et al. (2023) found a statisti-
cally significant effect of AI-based conversational agents on depressive
symptoms (g = 0.64) but no significant improvement in anxiety outcomes22.
Recently, Villarreal-Zegarra et al. (2024) observed statistically significant
effects for depressive symptoms (g = 0.82) and smaller but significant effects
for anxiety symptoms (g = 0.27) in their synthesis of self-administeredNLP-
based interventions23.

Compared with these earlier reviews, the present study included an
additional 20 RCTs, thereby expanding the evidence base with more recent
and methodologically diverse trials. Furthermore, whereas other meta-
analyses included at most three generative AI-based chatbots, our review
included eight such studies, capturing the most recent technological
advances in large language model-driven conversational agents.

The subgroup analyses revealed a statistically significantmoderation of
treatment effects by participants’ clinical status. Specifically, the chatbot
produced moderate effects among individuals in clinical population and
small effects among those in the subclinical range, whereas its impact was
negligible in nonclinical populations.

These findings help clarify previous research, which has shown
inconsistent results regarding whether treatment effects differ by baseline
symptom severity. For example, one study reported statistically significantly
greater reductions in psychological distress among clinical and subclinical
groups relative to nonclinical samples22, whereas another, using a three-level
classification (clinical, symptomatic, general), detected no between-group
differences in anxiety, quality of life, or stress outcomes21. By employing a

Fig. 4 | The effect of chatbot on anxiety symptoms. Forest plot of studies reporting the effect of chatbot on anxiety.

Fig. 5 | Subgroup analyses of the effect of chatbot on depressive symptoms.
Selected subgroup analyses are presented according to clinical status, study duration,
and response-generation method.
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comparable three-tier framework, the present study extends prior work in
twoways. First, it provides statistically significant evidence that chatbots can
alleviate depressive symptoms among users with clinical or near-clinical
levels of distress, thereby supporting the role of chatbots as “bridge inter-
ventions” that expand access to mental health care and complement more
intensive treatments. Second, themarkedly attenuated effects in nonclinical
participants underscore the limitations of a one-size-fits-all approach. They
highlight the need formodular and personalized intervention strategies that
flexibly adapt therapeutic content to an individual’s symptom severity and
treatment goals, rather than delivering an identical protocol to all users.

Nevertheless, the interpretation of these subgroup findings warrants
caution. Subgroup analyses in meta-analyses are inherently observational
and examine between-study rather than within-study differences, making
them vulnerable to confounding by study-level characteristics63. Moreover,
the greater apparent improvement among clinical samples may partly
reflect regression to the mean (RTM), a statistical phenomenon in which
individuals with extreme baseline scores tend to move toward the average
upon retesting, independent of any true intervention effect64,65. Participants
with higher initial symptom levels thus have greater potential for natural
reduction over time, whereas those with low baseline scores (i.e., non-
clinical samples) show limited scope for further improvement. Accordingly,
observed moderation by clinical status should be interpreted with caution.

Although a recent review reported significantly larger effect sizes for
generative AI-based conversational agents than for retrieval-based systems
in alleviating psychological distress22, our subgroup analysis detected no
statistically significant differences between the two chatbot types for either
depressive or anxiety outcomes. Notably, the subgroup meta-analysis of
generative-AI-based chatbots did not reach statistical significance. How-
ever, this finding should be interpreted with caution, as it may reflect
insufficient statistical power due to the small number of included studies
rather than a lack of efficacy. Further RCTs using generative AI-based
chatbots are required to ensure sufficient statistical power and supportmore
robust conclusions.

Although the point estimate for the long-duration studies was
approximately two to three times larger than that for short-duration
studies, the formal statistical test for subgroup differences was not
significant. However, the absence of a statistically significant sub-
group difference does not imply that short- and long-duration
chatbot interventions are equivalent. Several methodological factors
may have obscured a true duration effect: (i) limited statistical power
due to the relatively small number of studies (nine or ten in the
short-duration subgroup); (ii) substantial between-study hetero-
geneity; (iii) a coarse binary classification of duration; and (iv)
potential confounding by intervention dose and fidelity. Given these
limitations, the findings should be interpreted with caution and not
be used to justify abbreviated interventions. The absence of a sta-
tistically significant difference indicates insufficient evidence to
confirm a duration effect rather than evidence that no such effect
exists.

There are well-recognized concerns regarding the safety of
digital interventions in psychiatry, including the potential risks of
generative AI models with unrestricted conversational outputs66,67.
However, unlike conventional RCTs such as drug studies, these issues
are rarely reported in RCTs evaluating digital interventions. Among
the studies included in our review, only a few explicitly addressed
safety considerations. For instance, Nicol et al. (2022) implemented
safety protocols to detect suicide risk among users31; Prochaska et al.
(2021) reported no serious adverse events related to study
participation28; and Heinz et al. (2025) documented 15 instances of
staff intervention for participant safety concerns (e.g., expressions of
suicidal ideation) and 13 interventions to correct inappropriate
chatbot responses, such as the provision of medical advice55. In
contrast, 23 of the 39 included studies did not report any systematic
safety monitoring or adverse-event data. This pattern underscores an
important issue in mental health chatbot research: while efficacy

outcomes are increasingly well characterized, safety monitoring and
transparent adverse-event reporting remain underdeveloped.

This review has several limitations. First, Egger-type tests indicated
possible publication bias for depressive outcomes but not for anxiety out-
comes. However, these tests are acknowledged to have reduced accuracy
when between-study heterogeneity is high, so the results should be inter-
preted with caution68. Second, most of the studies relied on participant-
completed self-report scales rather than clinician-rated instruments. The
exclusive use of self-reported measures can magnify treatment effects
through shared-method variance and response biases, restricting the gen-
eralizability of ourfindings. Third,most trialswere assessed tobe at high risk
of bias, chiefly because participant blinding could not be maintained
throughout the intervention period. While initial group allocation might
have been blinded, participants likely became aware of their group assign-
ment during the intervention period, potentially influencing their responses
on post-intervention self-reported outcomemeasures. Fourth, the evidence
base for both retrieval-based agents and,more recently, generativeAI-based
chatbots is still emerging. This early stage is reflected inmarked variability in
trial design, intervention protocols, control conditions, and outcome defi-
nitions. Such methodological diversity translated into high statistical het-
erogeneity across both outcomes, limiting the precision and generalizability
of our pooled estimates even under random‑effects modelling.

In sum, our findings indicate that contemporary chatbot-basedmental
health interventions yield small yet statistically significant benefits in alle-
viating both depressive and anxiety symptoms. Moreover, as chatbots
showed greater effectiveness among users with clinical or sub-clinical
symptom severity but limited impact in non-clinical populations, future
interventions would ideally be tailored to individual symptom profiles
rather than employing a uniform approach for all users. In this context, the
recent rise of generativeAI-based chatbotsmay offer a promising avenue for
delivering more personalized and adaptive mental health interventions.
However, the transition to generative AI also introduces important con-
siderations regarding safety, reliability, and ethical use, particularly in
relation to sensitive mental health data and the potential for hallucinated or
inappropriate outputs69.

To consolidate and extend this evidence base, future trials are
encouraged to (a) adopt standardized clinician-rated outcomemeasures; (b)
implement prespecified safety protocols and systematically report adverse
events associated with chatbot use; (c) rigorously compare generative AI-
based and retrieval-based chatbots using standardized designs that equate
key parameters such as session length, frequency, and conversational
objectives; (d) report long-term follow-up; (e) recruit socio-culturally and
linguistically diverse samples to enhance generalizability. Addressing these
points could enhance the precision of effect estimates and provide stronger
evidence for the effective and safe deployment of chatbots in mental
health care.

Methods
The findings of this study were reported in accordance with the PRISMA
2020 statement24. The review protocol was registered with the International
Prospective Register of Systematic Reviews (PROSPERO)
(CRD42024598761).

Eligibility criteria
The eligibility criteria were established utilizing the PICOS framework,
which consists of the following components:

(1) Population: participants from all demographic characteristics and
groups; (2) Intervention: chatbots as the primary intervention tool; (3)
Comparator: any type of comparison group; (4) Outcome: depressive and
anxiety symptoms, measured through validated scales (e.g., Patient Health
Questionnaire-9, Generalized Anxiety Disorder-7, or similar ques-
tionnaires); and (5) Study design: RCTs only.

The following exclusion criteria were applied: (1) Studies not available
as full-text articles or written in languages other than English; (2) Com-
mentaries, editorials, case reports, reviews, conference abstracts, or non-
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peer-reviewed literature; and (3) primary studies employing quasi-experi-
mental, non-randomized, or uncontrolled designs.

Search strategy
To identify potentially relevant articles, the following databases were sear-
ched: MEDLINE (via PubMed), Embase, PsycINFO, Scopus, and Web of
Science. The search initially covered publications from 1 January 2017 to 10
December 2024. This period was selected based on preliminary results
indicating that the majority of relevant articles were published during this
time70. Furthermore, this approach helps maintain the validity of the find-
ings by focusing on recent developments and excluding outdated or less
pertinent research71. To ensure inclusion of the most recent evidence, the
same search strategy was repeated on 13 October 2025 to capture newly
published RCTs, which identified 13 additional eligible trials.

The search strategy was developed based on three core concepts: (1)
intervention (chatbot, conversational agent, or similar digital conversational
systems), (2) outcome (depressive, anxiety or related emotional symptoms),
and (3) underlying computational techniques (natural language processing,
machine learning, or large language models, or related text-based AI
methods).

Search termswere initially drafted by a single reviewer [SL] and further
refined through team discussions. The final search results were exported
intoMicrosoft Excel, where duplicates were removedmanually using built-
in sorting and filtering functions. Manual searches of the reference lists of
relevant reviews were also conducted to identify additional eligible studies.
The detailed search strings for eachdatabase are provided in Supplementary
Table S1.

Study selection and screening
Title and abstract screening were performed manually by two independent
reviewers [JSS and BGH]. Full-text screening was subsequently conducted.
Any discrepancies between reviewers were resolved through discussion,
with arbitration by a third reviewer [EK] when necessary.

Data extraction
The extracted information encompassed basic study characteristics (title,
authors, publication date, country, study design), participant demographics
(target population, sample size, mean age, and gender distribution), inter-
vention and control specifications, and outcome measures. Study results
that assessed depressive and anxiety symptoms were extracted, including
means and standarddeviations at baseline, post-intervention, and follow-up
periods where available, or alternative statistical metrics such as effect sizes,
standard errors, and confidence intervals (CIs). For studies reporting both
intention-to-treat (ITT) and per protocol (PP) analyses, ITT data were
prioritized for extraction.

Risk of bias assessment
Risk of bias in the included studies was evaluated using the RoB 272. The
assessment encompassed five specific domains: (1) bias arising from the
randomization process; (2) bias due to deviations from intended interven-
tions; (3) bias due to missing outcome data; (4) bias in outcome measure-
ment; and (5) bias in selection of reported results.

Two reviewers [JSS and BGH] independently conducted the assess-
ment for each included study. For each domain, reviewers assigned one of
three possible judgements: low risk, high risk, or some concerns. Dis-
crepancies in assessments were resolved through consensus discussions
between the reviewers. In cases where consensus could not be reached, a
third reviewer [EK] served as an arbiter. Following the standardized pro-
tocol, an overall risk of bias judgement was synthesized for each study.

Meta-analysis
The between-group differences were calculated using post-intervention
outcomes from the intervention and control groups. Effect sizes were cal-
culated as standardized mean differences (SMDs), specifically Hedges’ g,
with corresponding 95% CIs for both depressive and anxiety symptoms.

Meta-analyses were performed in R software (version 4.4.3) with the
metafor package (version 4.6-0) using a random-effects model. The
between-study variancewas estimatedusing restrictedmaximum likelihood
(REML), followed by the calculation of the overall effect size. CI for the
summary effect was computed using the Hartung-Knapp-Sidik-Jonkman
adjustment, which provides more conservative estimates by accounting for
uncertainty in the variance estimation11.

Heterogeneity analysis
Heterogeneity between studies was assessed using multiple approaches: the
CochranQstatistics to examine the presence of heterogeneity, the I2 andH2

statistics toquantify theproportionof variance attributable toheterogeneity,
and the between-study variance (τ2) to assess the magnitude of variance in
effect sizes across studies.

Publication bias analysis
To assess potential publication bias, we implemented multiple analytical
approaches. First, funnel plots were generated for visual inspection of
asymmetry. Second, Egger’s regression test was conducted to examine
funnel plot asymmetry73. Given the concerns about potential false-positive
results when applying Egger’s test to SMDs, we additionally performed the
Pustejovsky-Rodgers’ approach74.

Subgroup analysis
Subgroup analyses were conducted to explore whether the pooled effects
differed according to multiple categorical moderators: (1) participants’ clin-
ical status (clinical, sub-clinical, non-clinical), (2) theprimary therapeutic aim
of the intervention (direct vs indirect targeting of depressive/anxiety symp-
toms), (3) the chatbot’s response-generation method (retrieval-based vs
generative), (4) type of control condition (wait-list/assessment-only, infor-
mational/attentional, other active interventions), (5) study duration (long ≥
4weeksvs short<4weeks), and (6) assessment scales employed.All subgroup
analyses were carried out separately for depressive and anxiety outcomes.

For each moderator, we fitted an independent random-effect model
identical to the main analysis. This produced the subgroup’s pooled SMD,
its 95% CI, between-study variance, and the number of contributing com-
parisons. The set of subgroup estimates was then analyzed in a fixed-effect
meta-regression. The resulting omnibus Q test, with degrees of freedom
equal to the number of subgroupsminus one, evaluated the null hypothesis
that all subgroup effects are equal. A two-sided p < 0.05 was interpreted as
evidence of a statistically significant difference between subgroups.

Data availability
The data generated or analyzed during this study are included in this
published article and its supplementary information files. Further inquiries
can be directed to the corresponding author.
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