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Abstract

Background: Conversational agents (CAs) are increasingly used to deliver scalable interventions for depression and anxiety,
but existing evidence has often treated these tools as a single category. The comparative effectiveness of different agent types,
intervention doses, and levels of human support remains unclear.

Objective: This review systematically evaluated the comparative effectiveness of various CA modalities and levels of human
support, as well as potential dose-response relationships across different CA types.

Methods: A comprehensive search of PubMed, Embase, Web of Science, Scopus, Ovid, CINAHL, and Psychology and
Behavioral Sciences Collection (PBSC) databases was conducted from inception to December 2025. Eligible studies were
randomized controlled trials (RCTs) evaluating CA-based interventions. We conducted a random-effects network meta-analysis
(NMA) using postintervention outcomes and assessed inconsistency and risk of bias (RoB). Evidence certainty was assessed
using the CINeMA (confidence in network meta-analysis) framework. Where data permitted, model-based network dose-response
meta-analysis (MBNMA) was performed to examine dose-response associations.

Results: A total of 41 studies (n=7577) were included. NMA showed that AI-enhanced intensive human support (AEIHS)
appeared to produce greater symptom improvement for depression and anxiety compared with pure human digital guidance
(PHDG; Hedges g=–4.28, 95% CI –5.56 to –2.99) and open-ended multimodal-enhanced chatbot (OEMM; Hedges g=–4.49,
95% CI –6.31 to –2.66), whereas most other comparisons were not statistically significant. MBNMA indicated that goal-oriented
conversational agent (GOCA) and highly structured modular chatbot (HSMC) appeared to exhibit nonlinear effects, with preliminary
evidence suggesting potentially enhanced response at low-to-moderate doses, though these findings require further investigation.
However, publication bias was detected for depression (Egger P=.02), and the overall certainty of evidence was very low, primarily
due to RoB, indirectness, and imprecision.

Conclusions: While hybrid CA models with enhanced human involvement appeared to show potential advantages over fully
automated systems, the evidence base remains limited. The very low certainty of evidence constrains confidence in comparative
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rankings and dose recommendations. Future high-quality trials are needed to establish optimal CA architectures and intervention
doses for scalable mental health care.

Trial Registration: PROSPERO CRD420251145207; https://www.crd.york.ac.uk/PROSPERO/view/CRD420251145207

(J Med Internet Res 2026;28:e104186) doi: 10.2196/104186
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Introduction

In recent years, the global burden of mental health disorders
has continued to rise, with depression and anxiety among the
most prevalent and disabling conditions worldwide [1]. It is
estimated that more than 280 million people are affected by
depression and over 300 million by anxiety disorders,
contributing to annual economic losses exceeding US $1 trillion
[2]. Beyond their economic impact, these conditions
significantly impair quality of life and impose long-term burdens
on individuals, families, and health care systems. Consequently,
the need for effective and scalable mental health interventions
has become an urgent global priority.

Conventional treatments, including psychotherapy (eg, cognitive
behavioral therapy [CBT]) and pharmacotherapy, have
demonstrated efficacy in reducing symptoms of depression and
anxiety [3,4]. However, their real-world implementation remains
constrained by challenges, such as limited accessibility, high
dropout rates, and persistent stigma associated with seeking
mental health care [5,6]. These barriers are particularly
pronounced in low- and middle-income countries, where
treatment coverage may be as low as 20%, compared with
approximately 50% in high-income settings [7]. Even in
well-resourced systems, gaps in service provision persist [7].
Collectively, these limitations underscore the need for alternative
approaches that are accessible, scalable, and acceptable to
diverse populations.

Against this backdrop, technology-based interventions have
emerged as promising solutions. Among them, AI-driven
conversational agents (CAs), commonly referred to as chatbots,
have gained increasing attention in mental health care [8]. These
systems are designed to simulate human-like interactions and
deliver psychological support in real time, offering a potentially
scalable and cost-effective complement to traditional services
[9]. Emerging evidence suggests that chatbot-based interventions
may reduce symptoms of depression and anxiety, with some
studies reporting effects comparable to established therapeutic
approaches [10]. Platforms such as Woebot (Woebot Health)
and Wysa exemplify this development by integrating CBT-based
techniques, psychoeducation, and emotional support within
accessible digital interfaces [10,11]. Their ability to provide
24/7 support, overcome geographical barriers, and deliver
personalized content further enhances their appeal, particularly
in resource-limited settings [12,13].

Despite these advantages, the effectiveness of a fully automated
chatbot intervention remains a topic of ongoing debate. While
such systems can provide psychoeducation and low-intensity
support, they may be insufficient to address the complexity and

heterogeneity of mental health disorders [10]. This has
contributed to growing interest in hybrid models that integrate
AI-driven interventions with varying levels of human support,
including input from therapists, coaches, or trained facilitators.
Conceptually, these approaches seek to leverage the scalability
of AI with the clinical insight and adaptability of human
providers. However, the extent to which human involvement
improves outcomes and the conditions under which it is most
beneficial remain unclear. In addition, chatbot interventions
differ widely in their theoretical frameworks (eg, CBT and
mindfulness), delivery formats, and intervention intensity,
further complicating direct comparisons across studies [14].

Although the evidence base for AI-driven and hybrid mental
health interventions is rapidly expanding, several critical
methodological and conceptual gaps remain unaddressed in the
current literature. Recently published systematic reviews and
meta-analyses have underscored the overall therapeutic potential
of CAs in alleviating depressive and anxiety symptoms. For
instance, a meta-analysis of text-based turn-taking CAs (39
trials, 7401 participants) found modest but statistically
significant depression reduction (Hedges g=0.31, 95% CI
0.17-0.46) [15], while CBT-oriented CA reviews (29 trials)
reported larger postintervention depression effects (Hedges
g=–0.55, 95% CI –0.70 to –0.40) [16]. However, they
predominantly rely on conventional pairwise comparisons or
broad aggregate groupings that cannot integrate direct and
indirect evidence, rank interventions comprehensively, or
compare untested combinations. Critically, prior reviews
acknowledged varying intensities of human involvement in CA
systems [15-17]. Emerging evidence highlights that interaction
design features (such as emotional responsiveness, structured
feedback, and dialogue depth) and adherence patterns
significantly influence clinical utility [18], yet existing pairwise
frameworks fail to simultaneously contrast distinct agent
architectures alongside varying intensities of human support.
Additionally, none has positioned human support level as a
formally comparable intervention arm within a unified analytical
network. Most importantly, despite growing recognition that
intervention “dose” (eg, duration and frequency of interaction)
dictates engagement and therapeutic response [15,19], no study
has systematically modeled nonlinear dose-response
relationships across heterogeneous CA modalities. This is a
notable omission because dose-response curves often exhibit
nonmonotonic patterns (eg, thresholds or diminishing returns),
and identifying optimal “prescriptive doses” is essential for
implementation.

To address these distinct gaps, the present study advances the
literature by adopting a more sophisticated analytical
architecture with 3 core elements of novelty. First, we use a

J Med Internet Res 2026 | vol. 28 | e104186 | p. 2https://www.jmir.org/2026/1/e104186
(page number not for citation purposes)

Yang et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.2196/104186
http://www.w3.org/Style/XSL
http://www.renderx.com/


network meta-analysis (NMA) framework to simultaneously
synthesize direct and indirect evidence across 8 distinct
intervention classifications, encompassing granular variations
in agent capabilities (goal-oriented, highly structured modular,
open-ended multimodal) and systematically ranked tiers of
human support (minimal AI-assisted guidance, routine
AI-augmented therapist involvement, and intensive human-led
frameworks with AI integration). This is the first synthesis to
position human support as a structural network node, enabling
formal comparative ranking. Second, we conduct model-based
network dose-response meta-analysis (MBNMA) using
nonlinear Emax modeling, moving beyond binary efficacy
estimates to capture dose-response trajectories and identify
whether optimal effects exist at specific exposure thresholds.
This approach directly parallels dose-response research in
psychotherapy and will illuminate whether “more” CA
interaction uniformly improves outcomes or whether
diminishing returns or plateaus occur. By reconciling previous
conflicting findings regarding agent types, human oversight,
and intervention dose within a unified Bayesian framework,
this review provides a rigorous, implementation-focused
evidentiary roadmap designed to guide clinicians, developers,
and policymakers in optimizing the architectural and clinical
design of scalable digital mental health interventions.

Methods

Study Design
This study was conducted in accordance with the
PRISMA-NMA (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses extension for Network
Meta-Analyses) guidelines [20] (Multimedia Appendix 1) and
the Cochrane Handbook for Systematic Reviews of Interventions
[21]. The review protocol was prospectively registered in
PROSPERO (International Prospective Register of Systematic
Reviews; CRD420251145207).

Search Strategy
A comprehensive literature search was performed from database
inception to December 2025 across PubMed, Embase, Web of
Science, Scopus, Ovid, CINAHL, and the PBSC. The search
strategy combined MeSH and free-text terms related to CAs
(eg, chatbot, CA, large language model, AI) and mental health
outcomes (eg, depression, anxiety), using Boolean operators
(“AND”, “OR”). The full search strategy is provided in
Multimedia Appendix 2. No language or publication status
restrictions were applied. Two reviewers (PY and MH)
independently screened titles and abstracts and assessed the
full-text eligibility of identified studies. Any discrepancies
between reviewers were resolved through consensus discussion;
when consensus could not be achieved, a third reviewer (PLC)
provided adjudication.

Eligibility Criteria
Eligibility criteria were defined according to the PICOS
(Participants, Interventions, Comparators, Outcomes, and Study
Design) framework. Randomized controlled trials (RCTs)
evaluating AI-based CA interventions targeting depression
and/or anxiety were included. No restrictions were applied to

participant characteristics to enhance generalizability. Detailed
inclusion and exclusion criteria are provided in S1.1 in
Multimedia Appendix 3.

Data Extraction
Two reviewers (PY and MH) independently extracted data from
eligible studies using a standardized data extraction form. Any
discrepancies were resolved through discussion with a third
reviewer (PLC). Extracted data included study characteristics
(first author and publication year), participant characteristics
(age and sample size), study design, intervention and comparator
details (type, duration, and interaction intensity), and relevant
outcome measures. When necessary, corresponding authors
were contacted to obtain missing data. Detailed data coding and
management procedures are described in S1.2.1 and S1.2.2 in
Multimedia Appendix 3.

Risk of Bias and Certainty of Evidence
Risk of bias (RoB) was independently assessed by 2 reviewers
(PY and MH) using the Cochrane RoB 2 tool [22], with any
disagreements resolved through discussion with a third reviewer
(PLC). The certainty of evidence for network estimates was
evaluated using the CINeMA (confidence in network
meta-analysis) framework [23,24]. This approach assesses
within-study bias, reporting bias, indirectness, imprecision,
heterogeneity, and incoherence for each comparison [23].

Measures of Treatment Effect
For continuous outcomes in the NMA, treatment effects were
expressed as standardized mean differences (SMDs). Mean
differences (MDs) with corresponding SDs and sample sizes
were converted to SMD values. When studies reported multiple
postintervention time points, data at the end of the intervention
period were extracted. Where multiple outcome measures were
available, selection prioritized the most clinically relevant
validated scales: for depression, Patient Health Questionnaire-9
(PHQ-9)>Patient Health Questionnaire-8 (PHQ-8)>Beck
Depression Inventory II (BDI-II)>Center for Epidemiologic
Studies Depression Scale (CES-D)>Depression Anxiety Stress
Scale (DASS-21) depression>Patient-Reported Outcomes
Measurement Information System (PROMIS) depression; for
anxiety, Generalized Anxiety Disorder 7-item scale
(GAD-7)>Generalized Anxiety Disorder Questionnaire
(GAD-Q-V)>Hospital Anxiety and Depression Scale (HADS)
anxiety>Screen for Child Anxiety Related Emotional Disorders
(SCARED)>Self-Rating Anxiety Scale (SAS)>Behavioral
Dysexecutive Syndrome Inventory/Beck Anxiety Inventory
(BDSI/BAI)>PROMIS anxiety>DASS-21 anxiety. The pooled
effect estimate was calculated using Hedges g as SMD with
small-study correction. Following the convention of included
studies, negative effect sizes indicate greater symptom
improvement, with larger negative values representing stronger
treatment effects on depressive and anxiety symptoms. When
SD was not reported, it was derived from SEs, CIs, P values,
or t-statistics using established computational methods [21].
For studies reporting change scores without corresponding SDs,
a correlation coefficient of 0.5 was assumed to estimate variance
[25]. To examine the transitivity assumption underlying NMA,
we assessed the distribution of key potential effect modifiers
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across treatment nodes and direct comparisons, including
participant age, clinical population status and percentage,
baseline symptom measurement values where reported,
intervention duration, weekly effective interaction time in
minutes, and primary outcome scale type. The transitivity
principle posits that populations from similar target groups could
theoretically be randomly assigned to any available intervention,
implying that effect modifiers should be sufficiently comparable
across network nodes. Given observed imbalances in the dataset,
subgroup analyses were conducted restricting comparisons by
intervention duration, primary outcome scale, participant age,
and population type. Furthermore, we conducted sensitivity
analyses by excluding high-risk studies and those with small
sample sizes (ie, papers with fewer than 30 participants) [26]
to assess the stability of the estimates.

For dose-response modeling, MBNMA was conducted using
binary outcomes, with data comprising sample size, weekly
intervention dose, and intervention type (detailed dose
categorization provided in S1.2.3 in Multimedia Appendix 3).
Binary outcomes were derived using a 2-tiered extraction
strategy (S1.2.4 in Multimedia Appendix 3). The complete
statistical derivation formulas are presented in S1.2.5 in
Multimedia Appendix 3. The dose-response relationship was
parameterized as f (x , θ), where x represents dose and θ denotes
dose-response parameters. A Bayesian random-effects model
was implemented with binomial likelihood and a logit link
function. Treatment effects were estimated on the log odds ratio
(OR) scale and subsequently exponentiated to obtain ORs, with
depression and anxiety symptom improvement or remission as
the binary outcome. Given limited data density, control arms
(NMA categories 7: pure human digital guidance [PHDG] and
8: waitlist, usual care, health information and education, and
general health app [UC]) were pooled into a single reference
group (pure human digital guidance, waitlist, usual care, health
information and education, and general health app [Placebo_0]).
Because the model estimates relative effects, this reference
category was assigned a baseline effect of 0. To generate model
predictions across the dose range, the baseline response E0 was
set to 0.2 based on literature [27]. Clinically interpretable
outcome scales (PHQ-9 for depression, GAD-7 for anxiety)
were assessed as effect modifiers using stratified subgroup
analyses to evaluate transitivity and to determine whether
differing scale definitions influenced the dose-response findings.
Sensitivity analyses were further performed using the derived
binary outcome indicators. The direction of the dose-response
effects, posterior mean point estimates, and corresponding
credible intervals (CrIs) were compared with those from the
main analysis to assess whether the overall conclusions were
influenced by the choice of outcome definition.

Statistical Analysis
NMA was conducted to synthesize direct and indirect evidence
across multiple interventions using Stata (StataCorp LLC)
software. Pairwise meta-analysis was performed first to estimate
g and 95% CIs for depressive and anxiety outcomes across 8
intervention categories: goal-oriented conversational agent
(GOCA), highly structured modular chatbot (HSMC),
open-ended multimodal-enhanced chatbot (OEMM), AI-assisted
minimal human support (AIMHS), AI-assisted routine human
support (AIRHS), AI-enhanced intensive human support
(AEIHS), PHDG, and UC. The frequentist NMA framework
generated relative treatment effects and ranking probabilities
for all interventions, with consistency between direct and
indirect evidence assessed via node-splitting analysis. Further
details of the statistical analyses are provided in S1.3.1 in
Multimedia Appendix 3.

MBNMA was conducted for selected intervention types (GOCA,
HSMC, and OEMM) to examine the association between
intervention dose (defined as weekly effective interaction time)
and treatment outcomes. A Bayesian random-effects model was
implemented in R (R Foundation) to model dose-response
relationships, and model fit was compared across different
functional forms (eg, the Emax model and the unrelated mean
effects [UME] model) [28]. Further details of the statistical
analyses are provided in S1.3.2 in Multimedia Appendix 3.

Results

Study Selection and Characteristics
The study selection process is presented in the PRISMA
(Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) flow diagram (Figure 1). Of 4503 records
identified, 74 full-text papers were assessed for eligibility, and
41 papers were ultimately included in the review.

A total of 7577 participants were included in the analysis, with
an overall mean age of 30.3 (SD 6.8) years. Among the included
studies, 38 reported depression outcomes (n=6985), while 32
reported anxiety outcomes (n=6617). Only 23 studies provided
sufficient information on weekly interaction time, with
intervention durations ranging from 1 to 16 weeks and effective
weekly engagement ranging from 7.5 to 105 minutes. Only 2
studies reported remission rates [29,30], whereas no study
directly reported response counts. The remaining studies derived
response estimates from continuous outcomes. Detailed study
characteristics are presented in Multimedia Appendix 4 (Table
S1) [10,29-68].
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram of study selection.

NMA
Eight intervention categories included the following: GOCA,
HSMC, OEMM, AIMHS, AIRHS, AEIHS, PHDG, and UC.
The network structures for depression and anxiety outcomes
are presented in Figure 2A and B. Node size represents the
number of participants, while edge thickness reflects the number
of direct comparisons between interventions. Due to the limited
reporting of follow-up results, this analysis includes only
postintervention data. Subsequent consistency checks revealed
significant violations within the networks of evidence for both

depression and anxiety, likely reflecting unmeasured effect
modifiers not adequately captured by the existing data.
Consequently, caution is warranted when interpreting network
ranking results; similarly, the reliability of individual effect
estimates, particularly those based solely on indirect evidence,
should be assessed conservatively. The full league table is
provided in Table 1, and ranking probabilities are shown in
Figure 3. Table S2 in Multimedia Appendix 4 provides a
breakdown of the studies and participant characteristics in the
direct comparison.
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Figure 2. Network map of comparisons for depression (A) and anxiety (B). AEIHS: AI-enhanced intensive human support; AIMHS: AI-assisted
minimal human support; AIRHS: AI-assisted routine human support; GOCA: goal-oriented conversational agent; HSMC: highly structured modular
chatbot; OEMM: open-ended multimodal-enhanced chatbot; PHDG: pure human digital guidance; UC: waitlist, usual care, health information and
education, and general health app.
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Table 1. Network league table showing results of network meta-analysis using the Hedges g and 95% CI for depressive and anxiety symptoms.

AEIHSb,iAIMHSb,hAIRHSb,gGOCAb,fHSMCb,eOEMMb,dPHDGb,cUCa,b

Depression

–0.02 (–1.24 to
1.21)

0.75 (–0.59 to
2.09)

0.32 (–0.46 to
1.10)

0.51 (–0.61 to
1.63)

0.35 (–0.43 to
1.13)

0.62 (–0.66 to
1.89)

0.78 (–0.40 to
1.96)

—jUC

–4.28 (–5.56 to

–2.99)k
–0.03 (–0.66
to 0.60)

–0.46 (–1.63
to 0.70)

–0.27 (–1.69
to 1.14)

–0.43 (–1.60
to 0.74)

–0.16 (–1.71
to 1.38)

—–0.78 (–1.96
to 0.40)

PHDG

–0.45 (–1.55 to
0.66)

0.14 (–1.53 to
1.80)

–0.30 (–1.56
to 0.96)

–0.11 (–0.72
to 0.50)

–0.27 (–1.27
to 0.74)

—0.16 (–1.38 to
1.71)

–0.62 (–1.89
to 0.66)

OEMM

0.82 (–0.35 to
1.98)

0.40 (–0.93 to
1.73)

–0.03 (–0.79
to 0.72)

0.16 (–0.64 to
0.96)

—0.27 (–0.74 to
1.27)

0.43 (–0.74 to
1.60)

–0.35 (–1.13
to 0.43)

HSMC

–0.26 (–1.02 to
0.50)

0.24 (–1.31 to
1.79)

–0.19 (–1.29
to 0.91)

—–0.16 (–0.96
to 0.64)

0.11 (–0.50 to
0.72)

0.27 (–1.14 to
1.69)

–0.51 (–1.63
to 0.61)

GOCA

–0.69 (–1.78 to
0.39)

0.43 (–0.89 to
1.76)

—0.19 (–0.91 to
1.29)

0.03 (–0.72 to
0.79)

0.30 (–0.96 to
1.56)

0.46 (–0.70 to
1.63)

–0.32 (–1.10
to 0.46)

AIRHS

0.86 (–0.55 to
2.28)

—–0.43 (–1.76
to 0.89)

–0.24 (–1.79
to 1.31)

–0.40 (–1.73
to 0.93)

–0.14 (–1.80
to 1.53)

0.03 (–0.60 to
0.66)

–0.75 (–2.09
to 0.59)

AIMHS

—–0.86 (–2.28
to 0.55)

0.69 (–0.39 to
1.78)

0.26 (–0.50 to
1.02)

–0.82 (–1.98
to 0.35)

0.45 (–0.66 to
1.55)

4.28 (2.99 to

5.56)k
0.02 (–1.21 to
1.24)

AEIHS

Anxiety

–0.11 (–1.29 to
1.08)

–0.01 (–2.08
to 2.05)

0.21 (–0.99 to
1.41)

–0.14 (–0.67
to 0.38)

0.06 (–1.15 to
1.26)

0.01 (–1.62 to
1.64)

–0.01 (–1.75
to 1.74)

—UC

–0.29 (–2.06 to
1.49)

–0.01 (–1.12
to 1.10)

0.21 (–1.52 to
1.95)

–0.14 (–1.95
to 1.68)

0.06 (–1.67 to
1.79)

0.02 (–2.04 to
2.07)

—0.01 (–1.74 to
1.75)

PHDG

–4.49 (–6.31 to

–2.66)k
–0.03 (–2.36
to 2.31)

0.19 (–1.43 to
1.81)

–0.15 (–1.87
to 1.56)

0.04 (–1.06 to
1.15)

—–0.02 (–2.07
to 2.04)

–0.01 (–1.64
to 1.62)

OEMM

0.09 (–1.22 to
1.40)

–0.07 (–2.13
to 1.99)

0.15 (–1.03 to
1.34)

–0.20 (–1.51
to 1.11)

—–0.04 (–1.15
to 1.06)

–0.06 (–1.79
to 1.67)

–0.06 (–1.26
to 1.15)

HSMC

–0.26 (–1.44 to
0.93)

0.13 (–2.00 to
2.26)

0.35 (–0.96 to
1.66)

—0.20 (–1.11 to
1.51)

0.15 (–1.56 to
1.87)

0.14 (–1.68 to
1.95)

0.14 (–0.38 to
0.67)

GOCA

–0.04 (–1.72 to
1.64)

–0.22 (–2.28
to 1.84)

—–0.35 (–1.66
to 0.96)

–0.15 (–1.34
to 1.03)

–0.19 (–1.81
to 1.43)

–0.21 (–1.95
to 1.52)

–0.21 (–1.41
to 0.99)

AIRHS

0.12 (–2.09 to
2.34)

—0.22 (–1.84 to
2.28)

–0.13 (–2.26
to 2.00)

0.07 (–1.99 to
2.13)

0.03 (–2.31 to
2.36)

0.01 (–1.10 to
1.12)

0.01 (–2.05 to
2.08)

AIMHS

—–0.12 (–2.34
to 2.09)

0.04 (–1.64 to
1.72)

0.26 (–0.93 to
1.44)

–0.09 (–1.40
to 1.22)

4.49 (2.66 to

6.31)k
0.29 (–1.49 to
2.06)

0.11 (–1.08 to
1.29)

AEIHS

aUC: waitlist, usual care, health information and education, and general health app.
b95% CI.
cPHDG: pure human digital guidance.
dOEMM: open-ended multimodal-enhanced chatbot.
eHSMC: highly structured modular chatbot.
fGOCA: goal-oriented conversational agent.
gAIRHS: AI-assisted routine human support.
hAIMHS: AI-assisted minimal human support.
iAEIHS: AI-enhanced intensive human support.
jNot available.
kmeaningful result.

J Med Internet Res 2026 | vol. 28 | e104186 | p. 7https://www.jmir.org/2026/1/e104186
(page number not for citation purposes)

Yang et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Figure 3. Surface under the cumulative ranking curve (SUCRA) showing the relative ranking probabilities of different interventions for (A) depression
and (B) anxiety. AEIHS: AI-enhanced intensive human support; AIMHS: AI-assisted minimal human support; AIRHS: AI-assisted routine human
support; GOCA: goal-oriented conversational agent; HSMC: highly structured modular chatbot; OEMM: open-ended multimodal-enhanced chatbot;
PHDG: pure human digital guidance; UC: waitlist, usual care, health information and education, and general health app.

Depression
The NMA of depression symptoms revealed substantial global
inconsistency (P<.05, Figure S1 in Multimedia Appendix 5),
necessitating adoption of an inconsistency model for analysis.
Local inconsistency parameter testing identified 2 of 14
parameters reaching statistical significance (P<.05, Table S1
in Multimedia Appendix 5). Node-splitting analysis further
indicated significant discrepancies between direct and indirect
evidence for 2 specific comparisons: AEIHS vs HSMC (P=.01)
and AEIHS vs UC (P=.001; Table S2 in Multimedia Appendix
5). The surface under the cumulative ranking curve (SUCRA)
scores positioned GOCA highest (Figure 3A, Table S3 in
Multimedia Appendix 5). The majority of pairwise comparisons
yielded no statistically significant treatment differences, with
95% CI encompassing 0. A single statistically significant
contrast emerged between AEIHS and PHDG, demonstrating
superior symptom improvement under AEIHS (k=2, N=75,
Hedges g=–4.28, 95% CI –5.56 to –2.99; Table 1 and Table S2
in Multimedia Appendix 4) [31,32]. This comparison was based
on sparse direct evidence, and although sensitivity analyses
(excluding high RoB trials and small sample studies) supported
the robustness of this unusually large effect (AEIHS vs PHDG:

Hedges g=–4.28, 95% CI –5.57 to –2.99; Tables S4 and S5 in
Multimedia Appendix 5), the broader network inconsistencies
and very low overall certainty of evidence warrant considerable
caution. The ranking results and relative treatment merits based
on this estimate should not be regarded as definitive.

Moderation by Participant Characteristics in
Depression
In the adult (18-59 years) and nonclinical population subgroups,
AEIHS produced significantly greater improvements in
depressive symptoms than OEMM. The corresponding effect
estimates (Hedges g) of –4.28 (95% CI –5.55 to –3.00) for the
18-59 years subgroup and Hedges g=–4.28 (95% CI –5.51 to
–3.05) for the nonclinical subgroup. In both subgroups, GOCA
ranked first based on SUCRA. Nevertheless, global
inconsistency was statistically significant (P<.05). Local
node-splitting analyses also suggested inconsistency for some
comparisons (P<.05), indicating that direct and indirect evidence
were not fully aligned. In addition, the Egger test suggested
potential small-study effects in the adults subgroup (P=.02).
After adjustment using the trim-and-fill method, the pooled
effect remained Hedges g=–0.17 (95% CI –0.23 to –0.10),
indicating that the findings should still be interpreted with
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caution. Detailed results are provided in Table S6 in Multimedia
Appendix 5.

Moderation by Scale and Intervention Design
Characteristics in Depression
For the PHQ-9 scale, AEIHS demonstrated significantly superior
symptom improvement relative to PHDG (MD –8.73, 95% CI
–13.41 to –4.04), with GOCA occupying the top position in the
SUCRA rankings. However, this network exhibited substantial
global inconsistency (P=.001), and local comparisons revealed
inconsistency between HSMC and OEMM, as well as between
HSMC and UC (P<.05). The Egger test indicated potential
publication bias within this network (P=.04); following
adjustment via the trim-and-fill method with inclusion of 4
imputed studies, the pooled effect size (Hedges g) was –1.58
(95% CI –2.14 to –1.02), necessitating cautious interpretation
of these findings. Among studies with intervention durations
of 4 to 8 weeks, AEIHS showed statistically significant
superiority over UC in reducing depressive symptoms (Hedges
g=–1.16, 95% CI –2.21 to –0.11). OEMM demonstrated
significant symptom improvement advantages compared to
GOCA (Hedges g=–0.91, 95% CI –1.63 to –0.19), HSMC
(Hedges g=–1.45, 95% CI –2.50 to –0.41), PHDG (Hedges
g=–1.88, 95% CI –3.31 to –0.45), and UC (Hedges g=–1.10,
95% CI –1.66 to –0.55), while showing inferiority relative to
both AIMHS (Hedges g=1.85, 95% CI 0.24-3.47) and AIRHS
(Hedges g=1.42, 95% CI 0.38-2.46). This network demonstrated
both excellent global consistency (P=.75) and local consistency
(P>.05), with no evidence of publication bias on the Egger test
(P=.07). The cumulative distribution of ranking probabilities
indicated that OEMM achieved the highest SUCRA value.
Detailed results are presented in Table S6 in Multimedia
Appendix 5.

Anxiety
In the NMA of anxiety outcomes, global inconsistency was
statistically significant (P<.05, Figure S2 in Multimedia
Appendix 5), necessitating adoption of an inconsistency model.
Local inconsistency parameter testing revealed that only 1 of
11 parameters achieved statistical significance (P<.05, Table
S1 in Multimedia Appendix 5). Node-splitting analysis further
demonstrated that direct and indirect evidence showed no
statistically meaningful differences for any pairwise comparison
(P>.05, Table S7 in Multimedia Appendix 5). Overall, only
AEIHS demonstrated a statistically significant advantage over
OEMM (Hedges g=–4.49, 95% CI –6.31 to –2.66, Table 1),
indicating greater reductions in anxiety symptoms; most other
pairwise comparisons failed to reach statistical significance.
Notably, no direct head-to-head trials contributed to the AEIHS
vs OEMM comparison in the available evidence base (k=0),
meaning this estimate rests entirely on indirect evidence through
the network. SUCRA rankings (Figure 3B and Table S3 in
Multimedia Appendix 5) identified GOCA as relatively
higher-ranked. Sensitivity analyses excluding high RoB trials
and small sample size studies yielded similar effect magnitudes
(Hedges g=–4.49, 95% CI –6.56 to –2.41; Hedges g=–4.49,
95% CI –6.34 to –2.63, respectively, Tables S4 and S5 in
Multimedia Appendix 5). However, given the observed network
inconsistency and the very low certainty of the evidence overall,

these findings should be interpreted with caution and viewed
as exploratory rather than definitive conclusions.

Moderation by Participant Characteristics in Anxiety
In the adult (18-59 years) and nonclinical population subgroups,
AEIHS demonstrated statistically significant superiority over
HSMC for anxiety symptom improvement, with comparable
effect estimates (Hedges g) of –4.48 (95% CI –5.53 to –3.44)
in adults and Hedges g=–4.48 (95% CI –6.76 to –2.21) in
nonclinical populations. Additionally, within the adult subgroup,
AIMHS showed a significant advantage over UC in anxiety
reduction (Hedges g=–0.21, 95% CI –0.31 to –0.11). Regarding
ranking patterns, SUCRA analysis revealed divergent
hierarchies: adults demonstrated the highest SUCRA for
AIMHS, while nonclinical populations showed the highest
SUCRA for GOCA. Although the Egger test did not indicate
significant publication bias across subgroups (adults: P=.61;
nonclinical: P=.28), global inconsistency testing revealed
statistically significant heterogeneity in both populations
(P<.05). Subsequent node-splitting analysis identified multiple
instances of direct-indirect evidence conflict: in the adult
population, inconsistency was detected between AEIHS and
UC (P=.01) as well as between HSMC and UC (P=.02); in the
nonclinical population, AEIHS vs UC similarly demonstrated
significant inconsistency (P=.03). These findings underscore
the need for cautious interpretation of effect estimates and
ranking results, with detailed comparisons presented in Table
S8 in Multimedia Appendix 5.

Moderation by Scale and Intervention Design
Characteristics in Anxiety
For the GAD-7 scale, pairwise network comparisons revealed
that OEMM demonstrated significantly greater symptom
improvement compared to GOCA (MD=–5.23, 95% CI –8.76
to –1.70), HSMC (MD=–4.26, 95% CI –6.88 to –1.63), and UC
(MD=–5.25, 95% CI –7.69 to –2.80). AEIHS (MD=–3.38, 95%
CI –6.11 to –0.65) and PHDG (MD=–3.29, 95% CI –6.48 to
–0.10) likewise demonstrated significant symptom reduction
relative to UC. SUCRA ranking indicated OEMM as the
highest-ranked intervention. Although the Egger test revealed
no significant small sample publication bias (P=.10) and global
inconsistency testing approached but did not reach statistical
significance (P=.057), node-splitting analysis detected a
statistically significant direct-indirect evidence inconsistency
between HSMC and OEMM (P=.02), necessitating cautious
interpretation of these results. For the subgroup of studies with
intervention duration of 4 to 8 weeks, OEMM exhibited superior
symptom improvement over UC (Hedges g=–1.52, 95% CI
–2.25 to –0.79), GOCA (Hedges g=–1.40, 95% CI –2.42 to
–0.38), and HSMC (Hedges g=–1.30, 95% CI –2.10 to –0.50),
yet demonstrated relative disadvantage when compared to
AEIHS (Hedges g=1.15, 95% CI 0.11-2.20), AIMHS (Hedges
g=1.20, 95% CI 0.16-2.24), and AIRHS (Hedges g=1.34, 95%
CI 0.25-2.43). SUCRA ranking identified OEMM as the
highest-ranked intervention. Notably, global inconsistency
testing showed no statistical significance (P=.86), and all
node-splitting comparisons revealed no evidence of
inconsistencies (P>.05). The Egger test similarly detected no
significant bias (P=.08). However, given the sparsity of the
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network, effect estimates and ranking results should still be
interpreted with caution. Detailed results are presented in Table
S8 in Multimedia Appendix 5.

Dose-Response Relationships

Depression
The network geometry comprised 9 intervention nodes spanning
a control (Placebo_0) and 3 agent types (GOCA, HSMC, and
OEMM). However, the OEMM_2 node was absent due to
insufficient data from included papers (Figure 4A). Preliminary
dose-effect assessment on the link scale exhibited a non-linear
relationship across doses (Figure 5A). The Emax and UME
models yielded comparable deviance information criterion (DIC)
values (256.2 vs 256.7), with between-study heterogeneity SD
0.788 (95% CrI 0.529-1.23). Markov Chain Monte Carlo
(MCMC) sampling diagnostics demonstrated stable trace plots
with adequate mixing; in conjunction with R-hat=1.001 and
effective sample size (ESS)=2994.76, these findings confirmed
sufficient model convergence (Figure S1A in Multimedia
Appendix 6). Deviance plots, fitted plots, and calibration plots
(Figures S2A, S3A, and S4A in Multimedia Appendix 6) showed
good agreement between fitted and observed values overall,
with minor departures only at high doses. Node-splitting and
direct-indirect posterior density overlap analyses (Figure S5A
in Multimedia Appendix 6) indicated that consistency
assumptions held for OEMM across doses (OEMM_1: P=.61;
OEMM_3: P=.53) and for HSMC_2 (P=.26) and GOCA_2
(P=.07); conversely, remaining interventions exhibited separated

posterior density peaks (P<.05), indicating local inconsistency.
The MBNMA prediction curve displayed a non-monotonic
pattern (Figure 6A). Relative treatment effects (Table S1 in
Multimedia Appendix 6) showed that, compared with placebo,
low-dose GOCA_1 demonstrated a stronger therapeutic
advantage (OR 4.77, 95% CrI 3.34-6.80), and HSMC_1 also
yielded significant benefit (OR 1.43, 95% CrI 1.13-1.81). All
OEMM dose groups had 95% CrIs covering 1, indicating no
statistically significant difference vs placebo. Notably, high-dose
HSMC_3 (OR 0.54, 95% CrI 0.37-0.78) and GOCA_3 (OR
0.25, 95% CrI 0.07-0.82) appeared to have diminishing
effects compared to placebo. In pairwise comparisons with
GOCA_1 positioned on the left, direct contrasts with higher-dose
GOCA variants or other intervention types yielded OR <1 with
95% CrIs excluding 1, indicating diminishing marginal benefits
at higher-dose GOCA variants and other agent types. SUCRA
analysis revealed that GOCA achieved relatively leading ranking
in terms of Emax (0.259), while the 3 agent types showed highly
comparable ED50 rankings (Figure 7A), collectively suggesting
GOCA possesses the most favorable dose-response potential.
Detailed results are presented in Table S2 in Multimedia
Appendix 6. Sensitivity analyses showed that the advantage of
low-dose GOCA_1 vs placebo and the reduced effect of
high-dose GOCA_3 remained consistent, with limited changes
in point estimates and substantial overlap in CrIs (DIC: Emax
243.3 vs UME 240.7; SD 0.80, 95% CrI 0.51-1.22; R-hat=1.01,
ESS=2999), indicating robustness of the overall conclusions
(Table S3 in Multimedia Appendix 6).

Figure 4. Network geometry indicating the number of participants in each arm (size of points) and the number of comparisons between arms (thickness
of lines) for (A) depression and (B) anxiety. GOCA: goal-oriented conversational agent; HSMC: highly structured modular chatbot; OEMM: open-ended
multimodal-enhanced chatbot.
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Figure 5. Dose-response curves comparing different types of conversational agent interventions with placebo for (A) depression and (B) anxiety.
GOCA: goal-oriented conversational agent; HSMC: highly structured modular chatbot; OEMM: open-ended multimodal-enhanced chatbot.

J Med Internet Res 2026 | vol. 28 | e104186 | p. 11https://www.jmir.org/2026/1/e104186
(page number not for citation purposes)

Yang et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Figure 6. Dose-response prediction curves for different types of conversational agents in (A) depression and (B) anxiety. GOCA: goal-oriented
conversational agent; HSMC: highly structured modular chatbot; MBNMA: model-based network dose-response meta-analysis; OEMM: open-ended
multimodal-enhanced chatbot.

J Med Internet Res 2026 | vol. 28 | e104186 | p. 12https://www.jmir.org/2026/1/e104186
(page number not for citation purposes)

Yang et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Figure 7. Cumulative ranking plots of Emax and ED50 parameters for different types of conversational agents in (A) depression and (B) anxiety.
GOCA: goal-oriented conversational agent; HSMC: highly structured modular chatbot; OEMM: open-ended multimodal-enhanced chatbot.

Anxiety
The network geometry for anxiety outcomes encompassed 9
intervention nodes across a control (Placebo_0) and 3 chatbot
types (GOCA, HSMC, and OEMM). However, 2 nodes were
absent from the network due to limited data availability:
GOCA_3 and OEMM_2 (Figure 4B). Preliminary dose-response
relationship assessment confirmed nonlinear patterns (Figure
5B). MCMC sampling demonstrated stable trajectories and
adequate mixing of total residual deviance (Figure S1B in
Multimedia Appendix 6), with convergence diagnostics
confirming R-hat=1.001 and ESS reaching 3000. The Emax
model yielded a DIC of 214, closely comparable to the UME
model (213.6), with between-study heterogeneity SD 0.742
(95% CrI 0.457-1.24). Deviance plots, fitted vs observed value
plots, and calibration plots (Figures S2B, S3B, and S4B in
Multimedia Appendix 6) revealed minor deviations at high
doses. Node-splitting and posterior density overlap analysis
(Figure S5B in Multimedia Appendix 6) indicated that
consistency assumptions were satisfied for OEMM at all dose
levels (OEMM_1 and OEMM_3: P=.58) and HSMC_2 (P=.12)
vs placebo; however, posterior density separation for HSMC_1,
HSMC_3, GOCA_1, and GOCA_2 (P<.05) indicated substantial
local inconsistency between direct and indirect evidence. The

dose-response prediction curves revealed marginally declining
response rates with increasing dose for GOCA and OEMM,
while HSMC remained relatively stable with notably widened
CIs at higher doses (Figure 6B). Compared with placebo,
low-dose GOCA_1 (OR 4.77, 95% CrI 3.34-6.80) and HSMC_1
(OR 1.44, 95% CrI 1.13-1.82) demonstrated statistically
significant efficacy. Although high-dose HSMC_3 also differed
from placebo (OR 0.52, 95% CrI 0.34-0.78), the estimate was
below 1, suggesting diminishing benefit. All OEMM dose
groups had 95% CrIs that included 1, indicating no statistically
significant differences vs placebo. In pairwise comparisons,
GOCA_1 and HSMC_2 were placed on the left (GOCA_1 vs
GOCA_2: OR 0.29, 95% CrI 0.15-0.58; HSMC_2 vs HSMC_3:
OR 0.37, 95% CrI 0.20-0.67), indicating diminishing returns
for middose GOCA_2 relative to GOCA_1 and for HSMC_3
relative to HSMC_2 (Table S1 in Multimedia Appendix 6).
Cumulative ranking probability plots (Figure 7B) indicated that
HSMC ranked relatively higher for Emax (0.254), while the 3
CA types showed similar ED50 rankings, suggesting that HSMC
possesses superior maximum efficacy potential, whereas GOCA
demonstrates more pronounced dose-response sensitivity at
lower dose ranges (Table S2 in Multimedia Appendix 6).
Sensitivity analyses showed that low-dose GOCA_1
outperformed GOCA_2 and that HSMC_2 outperformed
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HSMC_3 and remained stable. Posterior means and CrIs closely
overlapped with those from the main analysis (DIC: Emax 208.2
vs UME 209.5; SD 0.75, 95% CrI 0.45-1.25; R-hat=1.00;
ESS=2882), indicating robustness of the overall conclusions
(Table S3 in Multimedia Appendix 6).

Moderation by Scale Characteristics
In the subgroup analyses with the assessment scale as a
moderator, the network geometry differed between the PHQ-9
and GAD-7 subgroups: compared with the PHQ-9 network, the
GAD-7 network lacked the GOCA_3 and OEMM_3 nodes
(Figure S6 in Multimedia Appendix 6). In the preliminary
exploration, both the depression and anxiety evidence networks
showed nonlinear patterns (Figure S7 in Multimedia Appendix
6). For both subgroups, MCMC sampling converged well, with
stable total residual deviance trajectories and adequate mixing
(Figure S8 in Multimedia Appendix 6), where R-hat ranged
from 1.00 to 1.01 and ESS were close to or above 1000. For
model fit, Emax models outperformed UME models in both
scales, with DIC values of 176 vs 178.6 for PHQ-9 and 188.8
vs 190.2 for GAD-7. The between-study heterogeneity SDs
were 0.924 and 0.802, respectively. Diagnostic plots including
bias, fit, and calibration indicated that the observed proportions
and the model-based posterior predictive probabilities across
treatment arms were closely aligned, demonstrating good
calibration and predictive performance (Figures S9-S11 in
Multimedia Appendix 6). Node-splitting and direct-vs-indirect
posterior density checks indicated that, in the PHQ-9 subgroup,
all dose levels of OEMM (P>.05) and HSMC_2 (P=.20) met
the consistency assumption, whereas HSMC_1, HSMC_3,
GOCA_1, and GOCA_3 showed significant local inconsistency
(P<.05). In the GAD-7 subgroup, aside from HSMC_2 (P=.12),
the posterior density distributions for the remaining
direct-vs-indirect comparisons were significantly separated
(P<.05), suggesting local statistical inconsistency (Figure S12
in Multimedia Appendix 6).

Relative efficacy analyses (Table S4 in Multimedia Appendix
6) showed that low-dose GOCA_1 (PHQ-9: OR 4.76, 95% CrI
3.34-6.80; GAD-7: OR 4.65, 95% CrI 3.27-6.61) and HSMC_1
(PHQ-9: OR 1.76, 95% CrI 1.13-2.74; GAD-7: OR 1.50, 95%
CrI 1.17-1.91) demonstrated significantly greater efficacy than
placebo across both depression and anxiety scales. High-dose
HSMC_3 showed diminishing benefit relative to placebo on
both scales (PHQ-9: OR 0.54, 95% CrI 0.37-0.78; GAD-7: OR
0.51, 95% CrI 0.34-0.77). Pairwise comparisons of GOCA_1
vs GOCA_2 across both PHQ-9 and GAD-7 scales revealed
OR <1 with 95% CrIs excluding 1, demonstrating diminished
returns for GOCA_2 relative to GOCA_1. Cumulative ranking
(Figure S13 in Multimedia Appendix 6) indicated that for the
Emax, GOCA was optimal in the depression (PHQ-9) subgroup
(0.261), whereas HSMC was optimal in the anxiety (GAD-7)
subgroup (0.249). The ED50 rankings were highly similar
between the 2 subgroups. The predicted curves suggested that
in the PHQ-9 subgroup, the response rate under GOCA
increased slightly with dose, while OEMM showed a modest
decline; in the GAD-7 subgroup, all 3 intervention types showed
relatively stable or slightly decreasing stability. Moreover,
high-dose intervals exhibited substantially widened predictive
variability (Figure S14 in Multimedia Appendix 6), indicating

earlier sensitivity to clinically meaningful effects at lower doses
in both subgroups, as summarized in Table S5 in Multimedia
Appendix 6.

Collectively, the moderation analysis by assessment scale
substantiated the robustness of the primary MBNMA findings,
excluding potential confounding from measurement
heterogeneity. However, residual statistical inconsistency
persisted among certain local network nodes, warranting
cautious interpretation of the results. The current evidence base
supports the following exploratory characterization: at low doses
(0-30 min/wk), GOCA may harbor greater therapeutic potential
for depression outcomes; at moderate doses (30-60 min/wk),
HSMC appeared to show superior treatment durability and
consolidated its top-ranking SUCRA position for anxiety
outcomes, whereas marginal gains for GOCA became
attenuated; at high doses (>60 min/wk), all interventions showed
diminishing returns, with evidence of an efficacy plateau or
declining trajectory.

Publication Bias
For depression, the comparison-adjusted funnel plot inspection
suggested mild asymmetry, indicating potential small-study
effects or publication bias in Multimedia Appendix 7 (Figure
S1). However, given the sparse nature of the underlying
evidence network and the limited number of trials contributing
to specific comparisons, the diagnostic ability of funnel-plot
methods was substantially reduced. Consequently,
supplementary approaches were used to assess small-study
effects and publication bias. The results of the Egger regression
intercept approach (P=.02) indicated significant evidence of
publication bias in the pairwise meta-analysis. The Duval and
Tweedie trim-and-fill analysis suggested that 7 studies were
missing, and the adjusted Hedges g using the trim-and-fill
approach was –0.17 (95% CI –0.22 to –0.11). The result of the
classic fail-safe N suggested that 510 nil or null reports would
be needed to raise the P value associated with the average effect
above an α level of 0.05.

For anxiety, the comparison-adjusted funnel plots did not reveal
any evidence of asymmetry in Multimedia Appendix 7 (Figure
S2). No significant publication bias was observed. The results
of the Egger regression intercept approach (P=.14) indicated
no significant evidence of publication bias in the pairwise
meta-analysis. The Duval and Tweedie trim-and-fill analysis
suggested that 4 studies were missing, and the adjusted g using
the trim-and-fill approach was –0.19 (95% CI –0.27 to –0.11).
The result of classic fail-safe N suggested that 496 nil or null
reports would be needed to raise the P value associated with
the average effect above an α level of 0.05.

RoB and Certainty of Evidence
RoB assessment (Figure 8) indicated that 12 studies were at
low risk, 20 had some concerns, and 9 were at high RoB.
Study-level assessments are provided in Multimedia Appendix
8 (Figure S1) [10,29-68].

According to the CINeMA framework, the overall certainty of
evidence was very low. This was primarily driven by concerns
regarding RoB, indirectness, and imprecision. Many studies
relied on self-reported outcomes, and a substantial proportion
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were small-scale or pilot trials, contributing to wide CIs and
limited robustness of estimates. Detailed assessments are

presented in Multimedia Appendix 8 (Figures S2 and S3).

Figure 8. Risk of bias (RoB) summary (Cochrane RoB 2) across included studies.

Discussion

Principal Findings
This systematic review and NMA, encompassing 38 studies on
depression (n=6985) and 32 studies on anxiety (n=6617),
integrates standardized pairwise and network comparisons with
MBNMA to explore whether CA architecture, levels of human
support, and weekly usage duration influence short-term
symptom reduction. However, given the predominantly very
low to low certainty of evidence (CINeMA assessment),
widespread statistical nonsignificance across pairwise
comparisons, and considerable uncertainty in nonlinear
dose-response parameters, our findings warrant cautious
interpretation.

A prominent feature of our NMA was widespread lack of
statistical significance across most pairwise comparisons. Rather
than indicating therapeutic equivalence, this likely reflects
inherent homogeneity of digital mental health interventions
[69]. Most CAs share common therapeutic “active ingredients”
(eg, cognitive restructuring and behavioral activation), resulting
in smaller effect size differentials than those typically observed
in pharmacological trials [70]. This issue is further compounded
by a star-shaped network topology with limited head-to-head
comparisons, modest sample sizes per comparison, and detection
of a small-study effect in depression analysis (Egger P=.02).
These factors collectively reduce statistical power and increase
uncertainty in pairwise effect estimates [71]. SUCRA rankings
are susceptible to considerable uncertainty arising from model
estimation variance and random error, and their interpretation
must be integrated with direct pairwise comparisons and CI
width [72].

First, AEIHS appeared to show a statistically significant
advantage over PHDG in depression. However, this comparison
derives predominantly from sparse network evidence and cannot
confirm synergistic enhancement mechanisms. While one might
speculate that AI provides temporal coverage through immediate
24/7 tracking and human support offers therapeutic alliance and
crisis management [10,73], such mechanistic interpretations

remain tentative pending direct comparative evidence. Second,
AEIHS appeared to show a significant advantage over OEMM
in anxiety. Mechanistically, evidence-based anxiety treatment
relies fundamentally on structured exposure hierarchies and
graduated habituation protocols [74]. The highly structured,
human-supported nature of AEIHS may better ensure fidelity
in the delivery of these essential components, whereas the
unstructured, user-led dialogue of OEMM lacks such safeguards.
But this observation should be interpreted cautiously. Because
the apparent association cannot establish causality, particularly
given that this comparison lacked direct head-to-head evidence
and the network exhibited notable inconsistency.

Our MBNMA identified suggestive, but highly uncertain,
dose-response patterns across chatbot subtypes, which should
be interpreted as preliminary observations rather than definitive
evidence for dosing guidance. The analyses suggest that GOCA
may have exhibited greater symptom improvements, particularly
regarding depression, at lower doses (0-30 min/wk) compared
to higher doses, a pattern that could align with skill acquisition
theory if therapeutic components are effectively delivered early
in exposure. In other words, we view the sequence of “goal
orientation, repetitive practice, skill internalization, and
enhanced self-efficacy” as an explanatory hypothesis: GOCA
may facilitate perceptible therapeutic progress within a short
period of exposure through more structured goals and feedback,
thereby yielding greater symptom relief during the early stages
[75]. However, this finding derives from limited data density,
and the mechanisms underlying this apparent pattern remain
speculative. Conversely, HSMC appeared to be associated with
sustained benefits at moderate doses (30-60 minutes per week),
particularly for anxiety outcomes. Because therapeutic content
is compartmentalized into discrete, skill-focused modules, core
skills may be acquired relatively quickly [76]; prolonged usage
may primarily serve as review, yielding diminishing marginal
returns [77]. This dose range may warrant consideration in future
research, though the evidence remains exploratory.

Finally, OEMM yielded highly dispersed and unstable
dose-response estimates. Its open-ended design means that
therapeutic exposure may be entirely dependent on individual
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user interaction patterns, resulting in unpredictable group-level
fidelity [78]. Consequently, the optimal dosing strategy for open
dialogue remains unclear and is unlikely to follow a simple
“more is better” relationship. Given the sparse network
geometry, limited sample sizes contributing to specific
dose-response comparisons, the reliance of rankings on indirect
evidence, and predominantly low to very low certainty of the
underlying evidence base, these dose-response patterns should
be regarded as exploratory observations generating plausible
hypotheses for future hypothesis-driven research, rather than
as evidence supporting specific dosing recommendations.

Implications for Practice and Design
The overall evidence base remains limited. For example,
AEIHS-related evidence derives from only 4 trials, with the
depression AEIHS-PHDG comparison informed by 2 small
studies from the same research group (combined n=75).
Evidence regarding OEMM use-time patterns is sparse, and
high-dose data are particularly thin. Diagnostic checks indicate
deviation in high-dose predictions, and most GOCA and HSMC
nodes exhibit local inconsistency. Given these limitations, these
exploratory findings do not support definitively recommending
any single CA strategy as first-line treatment. Rather, AI-based
agents should continue to be positioned as complementary,
adjunctive tools. The combination of CA with human support
appears promising but requires confirmation in sufficiently
powered head-to-head trials. While emerging patterns suggest
a dose-response relationship, practitioners should not assume
that simply excluding OEMM, or increasing frequency and
duration, will improve outcomes. The emerging suggestive
pattern that 0-60 minutes/week may be associated with symptom
improvements is based on sparse dose data and should be
considered hypothesis-generating only, not a dosing
recommendation; it requires re-examination in adequately
powered studies. Engagement metrics should be evaluated in
relation to symptom trajectories rather than treated as direct
clinical improvement surrogates. In depression, a small-study
effect was detected: trim-and-fill analysis identified 7 missing
studies, yielding corrected effect size (Hedges g) of –0.17 (95%
CI –0.22 to –0.11), suggesting that average treatment effects
may be inflated.

Strengths and Limitations
The strengths of this review lie in its 2D classification of CA
interventions, the joint use of NMA and MBNMA,

comprehensive evaluation of inconsistency through global,
local, and node-splitting approaches, and formal assessment of
small-study effects alongside evidence certainty. Several
limitations, however, constrain the strength of the inferences
that can be drawn. First, main networks violated consistency
assumptions, with inconsistency concentrated in highest-effect
comparisons, raising the possibility that observed heterogeneity
reflects transitivity violations and not only genuine treatment
differences. Second, only 23 of 41 trials reported interaction
time with sufficient detail. Dose was operationalized as time
alone, overlooking interaction quality, module completion, and
semantic depth. The estimates may conflate “higher
engagement” with “more effective dose” rather than capturing
active component potency. Third, the synthesis includes only
postintervention outcomes, precluding assessment of durability,
symptom recurrence, or long-term trajectories. RoB was low
in only 12 of 41 trials; most outcomes were self-reported; and
many studies were small pilot trials, collectively contributing
to very low CINeMA ratings. Future research should prioritize
multiarm trials with direct comparisons across CA subtypes and
support intensities, conduct individual-participant-data
meta-analysis, and include ≥6-month follow-up. Exposure
should use multidimensional, standardized definitions (module
completion, interaction turns, session quality, and behavior
change indicators).

Conclusions
This systematic review suggests that differences across most
CA categories are small and statistically uncertain. Networks
exhibited notable inconsistency, and depression evidence
showed publication bias indicators. Amid this heterogeneity,
AEIHS appeared to show greater symptom reduction relative
to PHDG and OEMM, though with substantial uncertainty. In
dose-response analyses, GOCA appeared to show greater gains
at low doses (0-30 min/wk) and HSMC at moderate doses (30-60
min/wk), while OEMM yielded unstable response trajectories.
Given extremely low certainty of evidence, these findings should
be interpreted as exploratory observations generating hypotheses
for future research, not as established evidence supporting
clinical practice recommendations. Confirmation requires
adequately powered multiarm head-to-head trials with
standardized dose reporting.
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CrI: credible interval
DASS-21: Depression Anxiety Stress Scale
DIC: deviance information criterion
ESS: effective sample size
GAD-7: Generalized Anxiety Disorder 7-item scale
GAD-Q-V: Generalized Anxiety Disorder Questionnaire
GOCA: goal-oriented conversational agent
HADS: Hospital Anxiety and Depression Scale
HSMC: highly structured modular chatbot
MBNMA: model-based network dose-response meta-analysis
MCMC: Markov Chain Monte Carlo
MD: mean difference
NMA: network meta-analysis
OEMM: open-ended multimodal-enhanced chatbot
OR: odds ratio
PHDG: pure human digital guidance
PHQ-8: Patient Health Questionnaire-8
PHQ-9: Patient Health Questionnaire-9
PICOS: Participants, Interventions, Comparators, Outcomes, and Study Design
Placebo_0: pure human digital guidance, waitlist, usual care, health information and education, and general health
app
PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses
PRISMA-NMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses extension for Network
Meta-Analyses
PROMIS: Patient-Reported Outcomes Measurement Information System
PROSPERO: International Prospective Register of Systematic Reviews
RCT: randomized controlled trial
RoB: risk of bias
SAS: Self-Rating Anxiety Scale
SCARED: Screen for Child Anxiety Related Emotional Disorders
SMD: standardized mean difference
SUCRA: surface under the cumulative ranking curve
UC: waitlist, usual care, health information and education, and general health app
UME: unrelated mean effect
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