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Abstract
Background: Stress is widespread and carries substantial mental health, social, and economic burdens. Yet, access to
clinician-led stress management remains constrained by service capacity, cost, and stigma. In response, artificial intelligence
(AI)–enabled tools have rapidly proliferated as scalable, self-directed options. However, evidence on how these systems
support stress management outside formal clinical settings remains fragmented.
Objective: This systematic review aimed to synthesize empirical evidence on how AI-enabled technologies are used for
self-directed stress management. We mapped the emerging functions of these tools, the psychological frameworks informing
their design, the populations and settings studied, and the outcomes reported.
Methods: We conducted a PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses)–compliant
systematic review of English-language studies published between 2000 and 2025. Six databases were searched (APA
PsycINFO, PubMed, MEDLINE, Scopus, Web of Science Core Collection, ProQuest, and Google Scholar).
Results: Of 3008 records identified, 35 studies met the inclusion criteria. The methodological quality of included studies
was critically appraised using the Mixed Methods Appraisal Tool (version 2018). Findings illustrated that AI-supported stress
management can operate through 5 core functions, including psychological intervention, behavioral support, psychoeducation,
companionship, and emotional support, and stress monitoring, detection, and triage. Across the reviewed studies, these
functions supported self-directed stress management by helping users identify stress, regulate responses, and engage in coping
outside formal clinical care.
Conclusions: AI-enabled systems show preliminary promise for supporting self-directed stress management through multiple
user-facing functions grounded in established psychological frameworks.
Trial Registration: PROSPERO CRD420251135780; https://www.crd.york.ac.uk/PROSPERO/view/CRD420251135780

J Med Internet Res 2026;28:e90709; doi: 10.2196/90709
Keywords: artificial intelligence; chatbots; conversational agents; digital mental health; stress management; self-directed
stress management; self-guided intervention; psychoeducation; stress monitoring; Preferred Reporting Items for Systematic
Reviews and Meta-Analyses; PRISMA; systematic review

JOURNAL OF MEDICAL INTERNET RESEARCH Reyes et al

https://www.jmir.org/2026/1/e90709 J Med Internet Res 2026 | vol. 28 | e90709 | p. 1
(page number not for citation purposes)

https://doi.org/10.2196/90709
https://www.jmir.org/2026/1/e90709


Introduction
The Emerging Roles of Artificial
Intelligence in Self-Directed Stress
Management

Overview
From minor hassles to major crises, everyday life is satura-
ted with stress, commonly understood as a state of worry or
mental tension caused by difficult situations [1]. Amidst the
COVID-19 pandemic, stress symptomatology was estimated
to affect up to 25% of individuals [2,3]. Global estimates
indicate that stress prevalence ranges from approximately
13% to nearly 40% across population-level surveys and
meta-analytic studies, with approximately 1 in 3 adults
reporting daily stress and most countries showing worsen-
ing trajectories over the past decade [4-7]. These figures
are often magnified in at-risk groups, such as informal
caregivers. Meta-analytic evidence indicates that informal
caregivers face a substantial mental health burden, with
many reported to meet diagnostic criteria for mental health
conditions, and nearly half experience clinically significant
caregiver burden [8,9]. Therefore, stress can act as a symptom
of existing difficulties and as a risk factor that worsens
long-term mental health trajectories. However, scalable and
flexible support that can accommodate diverse needs remains
limited by both system-level and individual-level barriers. For
instance, constrained service capacity means that groups such
as students experience high stress but low uptake of treat-
ment [10,11]. Meanwhile, financial, logistical, and stigma-
related obstacles disproportionately impede access to clinical
and counseling care, contributing to poorer mental health
outcomes [12-14].

In light of this, self-directed stress management has gained
traction as a practical alternative. Such approaches paral-
lel self-help interventions, defined as standardized, evidence-
based programs that participants implement independently of
professional therapists or guides [10,15]. These self-directed
solutions can enhance accessibility while offering greater
autonomy and convenience, especially for those facing
structural or social barriers to conventional care. Digital
mental health interventions targeting youth have shown
potential to achieve sustainable improvements in stress and
anxiety outcomes by providing personalized, accessible, and
culturally responsive resources. However, high dropout rates,
limited long-term data, and the inherently low accountability
of self-directed digital interventions [16,17] identify a clear
need for novel strategies for supporting continued use and
intervention efficacy.

AI and Self-Directed Stress Management
Interventions
Given these limitations, artificial intelligence (AI) offers
capabilities to address gaps in current self-directed stress
management programs. Large language models (LLMs),
natural language processing (NLP), and related machine
learning approaches have become increasingly ubiquitous

in many sectors. In this context, a key strength of these
intelligent models is their ability to interpret complex user
data and translate it into tailored, context-specific respon-
ses [18-20]. Leveraging these capabilities could enable
more accessible and efficient delivery of stress management
solutions that are responsive to individual needs. In broader
health care contexts, AI has been proposed and increas-
ingly applied to support personalized monitoring, reduce
selected workflow burdens, and assist routine tasks [21-23].
These precedents suggest that AI-enabled models can harness
similar efficiencies for independent stress self-management.

At the intervention level, workplace internet-based stress
management interventions have demonstrated substantial
reductions in perceived stress [24] as well as cost-effec-
tive benefits [24,25]. AI-based systems further enhance
these interventions by offering greater scalability, consis-
tent availability, and anonymity [26-28], which may lower
barriers for individuals who are hesitant to engage in
face-to-face stress management programs. Conversational
agents exemplify this potential by enabling dialogue that
users experience as more therapeutic, personalized, and
autonomous [17,29,30]. Some evidence suggests that users
may be more willing to disclose sensitive information
to nonhuman agents, partly because of reduced perceived
judgment [17,31-33]. In addition, intelligent conversational
models do not require ongoing clinician involvement,
allowing them to scale far more efficiently than human-
delivered or clinician-supported digital interventions [34-
36]. Collectively, these capabilities indicate that AI-driven
self-directed stress management tools can extend beyond
static guidance to provide adaptive, ongoing support that
responds to technological advances and broader societal
needs for accessible, flexible, and scalable approaches to
stress management.

Applications of AI for Self-Directed Stress
Management
One prominent application of AI in this context is the
use of physiological and behavioral signals to monitor
stress. Specifically, stress monitoring is based on measuring
physiological changes and comparing them with baseline
metrics [37-39]. The symptomatology of stress involves
consistent and predictable physiological changes, such as
heart rate variability; AI may be used to detect and model
these physiological signs to infer when an individual is
under stress [40]. Machine learning models trained on such
health data can classify stress states with promising accuracy
[41] and, when embedded in wearable or smartphone-based
sensors, could provide continuous, unobtrusive monitoring
across daily contexts [38,39]. This addresses a core limita-
tion of traditional self-report measures, which capture only
brief, time-bound snapshots of experience [39,42]. Related
literature on digital phenotyping shows that passive smart-
phone-sensor data can be used to infer behavioral and
symptom patterns, enabling the matching of individuals to
mental health applications that suit specific needs [43,44],
offering a route to more personalized and timely self-help
support.
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Beyond monitoring physiological symptoms, AI can also
support behavior change processes that reduce stress in
the long term. Intelligent systems are increasingly used to
deliver habit tracking tools, adaptive nudges, and tailored
coping suggestions, drawing on broader developments in
digital behavior change technologies [45-47]. In this context,
“user-centered” and “person-based” design approaches have
become central to sustaining behavioral patterns in similar
interventions [48]. In practice, virtual therapists and chatbots
may offer relatively discreet spaces, reducing perceived
stigma and the sense of judgment that often deters help-seek-
ing [35,49]. Empathy-oriented conversational agents take this
further by analyzing user sentiment and generating emo-
tionally attuned responses [50]. Such intelligent dialogue
platforms have shown promise in reducing student stress
through supportive, user-centric conversation and increased
perceived trust in the conversational agent [50-52].

At the same time, the broader adoption of AI in men-
tal health raises substantial concerns, as generative and
predictive models are inherently nondeterministic and may
produce unreliable or erroneous outputs. Such risks are
compounded when these probabilistic models are trained
on noisy, incomplete, or low-fidelity data from consumer-
grade devices unable to match the reliability of clinical-
grade systems [38,53]. Data privacy concerns are especially
salient for multimodal AI models that rely on facial images,
voice recordings, or other sensitive user data [54,55]. Under
regulations such as the Health Insurance Portability and
Accountability Act (HIPAA), patient health information held
by covered entities is strongly protected; however, most
existing regulatory and data protection frameworks have yet
to fully consider how AI developers and vendors collect,
use, and share mental health–related data [55-57]. In practice,
many of these systems are trained on datasets that are limited
in scale and diversity, with systematic underrepresentation of
minority groups [58-60]. This pattern of limitations system-
atically biases model predictions and performance for users
in marginalized populations, potentially exacerbating existing
mental health care inequalities [23,35,58-60]. As a result,
appraising the value and impact of AI-driven interventions for
stress management requires rigorous scrutiny of how these
systems are conceptualized, designed, trained, and evaluated
for different population needs.
This Research
Despite rapid growth in AI-enabled mental health tools,
evidence on AI for self-directed stress management remains
fragmented. Existing studies vary widely in the types of
AI used, the theoretical frameworks guiding development,
and the stress-related functions targeted (eg, monitoring,
psychoeducation, and behavior change), and there has been
no systematic synthesis focused on autonomous use out-
side formal clinical settings. This review addressed this
gap through a systematic examination of empirical studies
published between 2000 and 2025 that used AI-integrated
platforms independently by individuals to cope with stress
outside formal clinical care. Specifically, we identified the
main categories of AI tools evaluated to date and noted the

populations and settings they target. Finally, we analyzed the
functions by which these tools support self-directed stress
coping. In doing so, we aimed to provide an integrated
overview of existing approaches and lay a foundation for
future work on responsible, user-centered AI in self-directed
stress management.

Methods
Transparency and Openness
We conducted this systematic review in accordance with the
PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses) guidelines (Checklist 1) [61]. The review
protocol, including the search strategy and planned synthesis
framework, was submitted for registration on PROSPERO
(registration ID: CRD420251135780). Furthermore, citation
management, record deduplication, and metadata extraction
were conducted using Zotero version 7.0.24 (Corporation for
Digital Scholarship) [62]. Relevant files, namely screening
records and extraction data used in this work, will be made
publicly available upon publication.
Search Strategy
A systematic search strategy was jointly developed by the
first 2 authors (MKGR and SSMT) and conducted across
6 electronic databases: APA PsycINFO, PubMed or MED-
LINE, Scopus, Web of Science Core Collection, ProQuest,
and Google Scholar. The long-string series of keywords,
(“artificial intelligence” OR “A.I.” OR AI OR GPT OR
chatbot OR “large language model” OR LLM*) AND (stress
OR “stress management” OR “stress response*” OR (“self-
directed” AND stress*) OR “de-stress*” OR “self-care”),
was applied to APA PsycINFO, PubMed, Scopus, and Web
of Science. All records were extracted from these 4 databa-
ses. For supplementary searching in ProQuest and Google
Scholar, a shortened query with the same Boolean structure
was used, namely (“artificial intelligence” OR AI OR GPT
OR LLM OR chatbot) AND (stress OR “stress manage-
ment” OR “stress response*” OR “de-stress*"). Only the
first 100 results were retrieved based on relevance. Records
were limited to studies published in English from 2000 to
2025 that involved human participants, including early online
publications where available. Exclusion filters were applied
to exclude medical, biological, and clinical trial domains
unrelated to self-directed stress management. The search and
extraction of records were conducted on September 4, 2025.
Screening Criteria and Calibration
This review used a 2-stage screening process consisting of
(1) title and abstract screening and (2) full-text screening.
Both the first and second authors independently reviewed
studies from all 6 sources, with a focus on human subjects
who independently use AI or AI-enabled agents for personal
stress management. We excluded records that involved AI
and stress management in purely clinical settings, AI use in
non–stress-related settings, and non–human-related stress (eg,
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stress on crop rotation). Records were retained according to
the following inclusion criteria:

1. The record was written in English.
2. The record was unique and not a duplicate of any prior

entry.
3. The record was not retracted or withdrawn at the time

of screening.
4. The record explicitly addressed self-directed or

personal stress management, rather than clinician-led,
medically supervised, or biomarker-based clinical
interventions.

5. The record provided sufficient information to obtain
full-text access.

A trial set of 100 records was independently screened
to calibrate inclusion decisions and ensure consistency.
Following this calibration, the remaining records were
screened independently. Records with insufficient abstract
detail but retrievable full text were advanced, whereas records
with no abstract and insufficient retrievable information were
excluded. Records meeting inclusion criteria at the title and
abstract level proceeded to full-text review. Similarly, at this
subsequent full-text screening stage, a trial set of 50 records
was undertaken to ensure alignment, after which the same
inclusion and exclusion criteria as those used in title and
abstract screening were applied, with the addition of the
following criteria:

1. The record was peer reviewed and published.
2. The record did not pertain to interventions delivered in

conventional clinical mental health settings.
3. The record explicitly involved AI use or AI-assisted

technology (eg, chatbots, LLMs, and AI-enabled apps)
for stress self-management.

4. The record noted that AI use was “self-directed,” ie,
initiated and managed by the user without clinician or
therapist oversight.

5. The record presented empirical data (quantitative,
qualitative, or mixed methods) and collected data from
human participants.

Data Extraction and Synthesis
Data extraction was conducted independently by both the
first and second authors, with discrepancies resolved through
discussion. As the included records comprised both qualita-
tive and quantitative studies, thematic analysis was used to
identify and categorize recurring themes in how AI sup-
ports stress management. This approach was appropriate
because it enabled findings from qualitative, quantitative,
and mixed method studies to be integrated into a coherent
whole, consistent with guidance for mixed methods system-
atic review [63]. An exploratory coding procedure was
applied to identify recurring patterns, emerging categories,
and overlapping conceptual discussions within the agreed
extraction criteria. A trial set of 20 records was screened
to ensure consistency of data for extraction. When consol-
idating outcome data across heterogeneous study designs,
we prioritized textual descriptions of reported effects; where
quantitative results were available, these were also mapped

onto a common "direction of effect" rubric (improvement, no
or minimal change, and worsening), following recommenda-
tions for thematic synthesis in systematic reviews of mixed
evidence [64,65].

To synthesize data from both qualitative and quantitative
records, we followed Thomas and Harden’s [66] procedure
for thematic synthesis. After confirming the final set of
included records, both first and second authors reviewed all
records again to develop codes for the text and descriptive
themes. We initially analyzed each record against our full-text
inclusion criteria, focusing on the forms of AI used to manage
stress, the notable frameworks on which AI-enabled agents
were trained to provide help, and the significant or nonsignifi-
cant results of interventions. The first and second authors then
discussed our preliminary findings to produce a list of themes
that address the focus of our research: how AI models support
stress management. Themes were internally refined to ensure
coherence and clear differentiation. Both the first and second
authors independently reviewed the final included records and
categorized them. In addition, following the data extraction
protocols of Aromataris et al [67] for umbrella review, the
following were also extracted from each record: (1) author
and year of publication, (2) journal or publication, (3) country
(of sample), (4) study type, (5) study pool, (6) sample size,
(7) mean age (years), (8) age range (years), (9) intervention
name and description, (10) intervention framework, and (11)
key findings.

Results
Overview of Search and Inclusion Results
The search string yielded 3008 records (Figure 1). The full
list of all unique records identified and screened (N=2810),
including those advanced to full-text review (n=173) and
excluded full-text articles with reasons (n=138), is availa-
ble in Multimedia Appendix 1. After removing duplicates
(198/3008, 6.58%), 2810 (93.42%) unique records remained.
This review proceeded in 2 phases. In the first phase,
both authors reviewed the titles and abstracts of all 2810
records to determine eligibility for the full-text phase
based on the criteria outlined in the “Methods” section. A
total of 2637 (93.84%) records were excluded after title
and abstract screening, retaining 173 (6.16%) records for
full-text screening. Specifically, 27 (1.02%) records lacked
an abstract, 354 (13.45%) were clinical studies not explic-
itly related to stress self-management, 3 (0.11%) were not
in English, and 2253 (85.44%) were outside the scope of
this review. In the second phase, the 173 included records
were reviewed in full by both authors. During this full-text
screening phase, 63 (36.42%) records were removed for
not being peer reviewed or in preprint, 8 (4.62%) records
were studies set in purely clinical settings (ie, set in conven-
tional therapeutic settings), 13 (7.51%) records involved the
presence of a clinician or AI use for stress relief that was
co-administered with clinical treatment, 40 (23.12%) records
had AI use not for stress management, and 5 (2.89%) records
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did not have independent use of AI tools for stress man-
agement. During the data extraction and thematic analysis,
a further 9 (5.20%) records were removed due to insuffi-
cient data. A total of 35 (20.23%) records were included
in the final review. The overall agreement rates for title

and abstract screening (2426/2810, 86.30%) and for full-
text screening (138/173, 79.77%) were adequate, with data
extraction agreement at >70%. Disagreements were resolved
at the end of each stage through discussion with both authors.

Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) diagram outlining the systematic search process. AI:
artificial intelligence.

Overview of Included Studies
This review synthesized 35 studies, including 3 (8.57%)
qualitative studies, 11 (31.43%) randomized controlled trials,
6 (17.14%) nonrandomized quantitative studies, 4 (11.43%)
quantitative descriptive studies, and 11 (31.43%) mixed
methods studies. These included studies examined AI-enabled
tools for self-directed stress management across chatbots,
mobile apps, embodied agents, and other digital platforms.
Table 1 summarizes the key characteristics of the inclu-
ded records, including study-level information, intervention
frameworks, AI architectures used, and sample characteristics
where reported. Sample characteristics include the study pool

or demographic focus of each sample (eg, employed nurses,
fathers, and university students), as well as sample size,
mean age, and age range. AI architecture classifications for
each study (eg, LLM-based, rule-based, and hybrid) are also
included in Table 1.
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Several trends are evident across the included records. First,
the records were predominantly published after 2020,
suggesting an increase in interest in the use of AI-enabled
services for self-initiated personal stress management.
Second, the included records comprised studies using
qualitative research methods, as well as studies incorporating
experimentation and randomized controlled trials. This
indicates that the field is moving beyond early feasibility
work, although the evidence base remains uneven. Subse-
quent research can thus build on established experimental
findings and protocols to assess the efficacy of AI-enabled
stress management strategies. Finally, the included records
span 20 countries across multiple regions, suggesting that
stress management is a concern of broad international
relevance and that AI-enabled stress management strategies
have been examined across diverse cultural contexts.
Quality Appraisal
The methodological quality of the 35 included studies
was assessed using the Mixed Methods Appraisal Tool
(MMAT) [104], which appraises qualitative, quantitative,
and mixed methods studies using 5 design-specific criteria.
Two independent reviewers (the first and second authors)
evaluated each study. Initial interrater agreement was 83.8%,
and discrepancies were resolved through discussion. The full
MMAT ratings, criteria, and coding framework applied in this
review are provided in Multimedia Appendix 2.

What Emerging Roles Do AI-Enabled
Tools Play in Self-Directed Stress
Management?

Overview
From our included records, we identified the following
themes: (1) psychological intervention, use of AI to adminis-
ter psychological aid for individuals independent of a clinical
or medical practitioner; (2) behavioral support, where AI
agents support users in making intended behavioral changes
to manage stress; (3) psychoeducation, where AI-enabled
agents are equipped with resources to provide users access
to information about their current stressors, how to man-
age stress and stressors, and access to multiple sources
of medical intervention; (4) companionship and emotional
support, where AI-enabled agents can be present for users in
moments of high stress or need, and readily provide emo-
tional support for users; and (5) stress monitoring, detection,
and triage, where AI-enabled agents assist users in monitoring
personal stress levels through language detection, physiologi-
cal signals when paired with wearables, and provide advice
for users’ next best steps. For clarity, the term AI-enabled
agents is used as an umbrella term to refer to chatbots,
conversational agents, and AI-driven applications.
Psychological Intervention
Making use of AI-enabled agents for immediate care in high
stress or prolonged stressful situations without needing to
wait for a clinician or medical practitioner is a prominent
benefit of AI-enabled agents. Thirteen articles found that
AI can be used for stress management through providing

psychological intervention enabled by AI agents [70,72-74,
76,79,87,88,91-94,100]. Within these studies, AI architec-
tures included rule-based or scripted conversational systems
[70,93,94]; machine learning, recommendation, or predic-
tive NLP-based systems [72,73,76,79,88]; LLM or genera-
tive artificial intelligence (GenAI) systems [87,92]; sensor,
computer vision, or multimodal hybrid systems [74,91]; and
AI-chatbot plus screening or recommendation systems [100].

In general, these AI agents have been shown to be
effective in delivering timely interventions. For example,
Allan [70] showed that a brief conversation with an AI
chatbot shifted users’ mindsets from viewing stress as
harmful to viewing stress as enhancing (d≈2.19), and users
attributed productivity gains to this mindset change. In
high-stress work environments, such as hospitals, partici-
pants who engaged with AI-supported interventions repor-
ted significant reductions in burnout, job stress, and
stress responses over a 4-week period [72,73]. AI-ena-
bled interventions for high-stress work environments were
particularly valuable to users, given the fast-paced nature
of their jobs, which made it unlikely that they would seek
clinical intervention. Stress-response reductions were the
strongest in the AI-supported intervention group [72], which
supports the efficacy of immediate intervention.

AI-enabled interventions can also be combined with other
forms of technology, such as biofeedback through wearables,
where detecting a change in user physiology and administer-
ing immediate intervention yielded greater stress reductions
in perceived stress [74]. This demonstrates the flexibility
in how stress management interventions can be delivered
without a clinician present. Immediate use of AI-enabled
agents to mitigate stress also has positive effects. Marwaha
et al [87] found a significant decline in COVID-19–rela-
ted student stress scores after interacting with the chat-
bot compared to baseline values, with several participants
qualitatively reporting reduced fear of peer judgment and
decreased stress-related mood swings. Moreover, the findings
of Hiller et al [76] highlight that the “just-in-time” abil-
ity of AI agents to act as a considerable merit, where
users interacting with the AI-enabled system, mila, also
saw significantly improved well-being and reduced perceived
stress and depressive symptoms, with qualitative reports of
improved ability to identify triggers when supported by the
chatbot.

Beyond the immediate deployment of intervention,
prolonged support with AI-enabled agents also benefits users
by improving mood and affect. Weng et al [100] showed that
users who engaged with the AI support chatbot Wysa, hosted
on the website platform mindline.sg, repeatedly reported
feeling better after chatbot sessions. Similarly, users who
interacted with SmileApp reported significant improvements
in mood, experiencing stress relief and relaxation, thereby
helping them feel calmer when dealing with stressors [91].

In the context of psychological intervention, a significant
number of AI-enabled systems implement evidence-based
strategies derived from established frameworks such as
cognitive behavioral therapy [74,76,79,87,94], mindfulness
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[72,73,79,87,94], and Gross’s emotion regulation theory [88].
The flexibility of chatbots to be programmed with vari-
ous psychological aids and frameworks to address different
scenarios and stressors demonstrates a significant use case for
AI-supported agents in stress management and in catering to
each user’s needs. The available evidence supports AI-ena-
bled agents as a feasible means of delivering psychological
intervention content in the reviewed contexts, particularly
when systems are designed around established psychological
frameworks.

Behavioral Support
AI-enabled agents can also help users achieve intended
behaviors that mitigate stress. Ten studies found uses for
AI to assist in helping users achieve behavioral changes [68,
75,82,84-86,98,99,102,103]. Among the behavioral support
studies, AI architectures included rule-based, scripted, or
decision tree chatbot systems [75,85,86,98,99]. In these
studies, AI agents primarily took the form of online chat-
bots, being delivered via websites or mobile apps [103] and
even integrated with smart home technology [102]. Other
used AI architectures include hybrid GPT or semigenerative
systems combined with structured intervention content or ML
classifiers [82,84] and multimodal, AI-enabled, or ML-based
assistive or recommendation systems [68,102,103]. AI-sup-
ported agents were often programmed to address behaviors
that contribute to stress or could improve stress outcomes.
For example, Lai et al [82] showed that a 6-week interven-
tion using an AI agent based on stress appraisal and coping
theory encouraged healthier sleep habits and adaptive coping
strategies, resulting in significant improvements in perceived
stress, anxiety, and depressive symptoms. Participants also
reported that, following interaction with the chatbot, they
experienced improved sleep, mood, and emotion regulation.
Another targeted behavior was procrastination. Lee et al
[84] reported that engagement with a cognitive behavioral
thCognitive Behavioural Therapy (CBT)–based supportive
chatbot (Moa) was associated with greater improvements in
time management skills, perceived stress, and procrastination
behaviors compared with a control condition.

Beyond self-improvement domains, AI agents have helped
users identify their personal conflict styles and adjust their
approaches to interpersonal disagreements. For instance,
Troitskaya and Batkhina [99] showed that over 21 days,
using an AI-supported application was associated with a
considerable reduction in psychological distress for couples.
Qualitative reports indicated improved emotional regulation
and communication in their relationships [99]. Consistent use
of AI support was also associated with significant decreases
in perceived stress while yielding improvements in mindful-
ness and self-care behaviors [75,84,98]. Taken together, these
findings suggest that AI interventions can be effective aids
in helping users make lasting behavioral changes in targeted
areas, supporting them in discontinuing negative habits and
encouraging positive ones. Furthermore, immediate access
to AI platforms promotes greater accountability and user
engagement, ensuring users remain on track to achieve their
intended goals.

Psychoeducation
AI-enabled technology has also been applied to help users
learn more about stress and stress mindsets, identify stressors,
and access resources when experiencing stress. Four articles
found that AI-enabled agents helped users through provid-
ing education about stress mindsets and assisting users to
understand indicators of stress and how to mitigate harmful
effects [69,81,97,101]. AI architectures used for psychoedu-
cational interventions included rule-based chatbot or expert
system designs [97,101], LLM- or GenAI-based support [69],
and mixed app ecosystem architectures involving algorith-
mic chatting, AI mood checking, or possible AI recommen-
dation features [81]. The psychoeducational functions were
primarily delivered through chatbots trained on established
psychological frameworks, often including CBT-informed
elements, which participants engaged with independently [69,
81,97,101]. For instance, Alanezi [69] reported that partici-
pants used AI agents to learn about stress and strategies
for managing stressors and described experiences such as
feeling heard and supported during interactions with the
chatbot. The same study further noted that participants
valued the ease of access to mental health resources, as
well as features such as CBT-informed cognitive reframing,
coping guidance, and stress self-monitoring [69]. AI-based
psychoeducation can also be tailored to specific contexts
or populations. Teague et al [97] reported that fathers of
newborn children who interacted with a chatbot (Rover)
trained in cognitive behavioral therapy, mindfulness, and
behavior change techniques described greater awareness
of their mental health and increased support-seeking. The
chatbot provided information tailored to the perinatal context
and was reported to support fathers in identifying, under-
standing, and processing mood changes associated with
caring for a newborn. Participants used these outputs to
contextualize their stress levels in relation to demands and
plan strategies with the AI to better cope with increased
stress at predicted times. Commercial apps with AI support
marketed for mass population use also have the potential to
impart large amounts of information to the general popula-
tion. Ko and Woo [81] found that among highly rated mental
health apps with AI-enabled support, frequent users reported
24-hour access and multiple sources of support and informa-
tion, a significant advantage over relying on a single medical
provider. Users also had access to extensive mental health
information through the app, which could be tailored to their
specific needs.

Moreover, findings suggest that AI-enabled technologies
can effectively address population-specific stress manage-
ment needs by customizing information for different groups
while simultaneously broadening access to mental health
information and support. Williams et al [101] reported that
consistent interaction with a chatbot informed by cognitive
behavioral therapy, positive psychology, and mindfulness
was associated with statistically significant pre-post improve-
ments in well-being (5-item World Health Organization
Well-Being Index) and perceived stress (Perceived Stress
Scale-10). These changes corresponded to small-to-medium
effect sizes (approximately 0.38‐0.49) and were accompanied
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by self-reported improvements in adherence to healthy sleep
habits and sleep quality. In summary, AI-facilitated psy-
choeducation can empower users to independently monitor
their stress levels and manage their stress responses more
effectively by teaching them evidence-based strategies. By
customizing educational content to the user’s context and
providing on-demand support, AI tools may help increase
users’ literacy about stress and coping, which is a critical
component of long-term stress management.

Companionship and Emotional Support
Users can make use of AI-enabled agents for immedi-
ate emotional support and companionship during high
stress periods. Several studies highlighted the potential for
AI agents to serve as readily available sources of emo-
tional support [78,80,83,89,90]. Within these 5 studies, AI
architectures were mixed. Two centered around LLM or
GenAI conversational systems [78,80], one used a rule-based
chatbot augmented by ML-based Dialogflow classification
[83], one used a rule-based keyword recognition chatbot with
predefined scripts [89], and one used an explainable rule-
based belief-desire-intention–style embodied conversational
agent [90].

The immediacy of AI-based support makes these agents
valuable, especially for individuals who may be unable
or reluctant to seek human support through other means.
For example, Indrayanti et al [78] reported that the Psy-
Bot chatbot supported users experiencing negative emotions
during periods of distress, with participants describing the
platform as providing a supportive space for emotional
expression and feeling heard. Similarly, Nelekar et al [90]
reported that participants experienced significant reductions
in stress after interacting with an AI chatbot designed to
facilitate conversations about users’ beliefs, desires, and
life goals, alongside increased awareness and understanding
of their own stress through the system’s explanation-based
features.

Although participants generally report benefits from
AI-mediated emotional support, some frameworks do not
produce a direct reduction in stress; instead, stress may
decrease indirectly via reduced worry when the chatbot
increases perceived support and prompts self-disclosure [89].
In Meng and Dai [89], the Chatfuel-based supportive chatbot
showed no direct effect on stress but demonstrated an
indirect effect via perceived support and associated worry
reductions, consistent with its design to provide emotional
support or elicit self-disclosure. Within this theme, interven-
tions grounded in established frameworks, such as PsyBot
(Psychological First Aid) and ARU (Belief–Desire–Inten-
tion model with an explanation-based architecture), were
associated with reductions in negative affect and stress and,
in some cases, increases in positive affect; such findings
highlight the value of validated psychological frameworks in
guiding chatbot design in this context. Overall, the immediacy
and availability of AI agents provide users with rapid access
to emotional support, which may contribute to improvements
in well-being over time.

Stress Monitoring, Detection, and Triage
AI-enabled technology can also enable users to monitor
personal stress levels independently, without a clinician or
other medical professional, and to detect changes in these
levels before users are aware of them. Three studies fall
into this category [77,95,96]. Huang et al [77] created
a bespoke human-robot interaction system for adults (the
RoBoHoN) that engaged participants in conversation. Across
stress monitoring and triage studies, AI architectures included
physiological or sensor-based ML systems [95] and hybrid
NLP, ML, or generative systems for stressor and barrier
inference [77,96]. As such, the 3 studies in this category used
physiological, sensor-based, or conversational data, rather
than self-reported symptom scales, to support timely remote
self-intervention recommendations. Users perceived this robot
as an agent capable of understanding their feelings, providing
valid and reliable emotional support in moments of distress,
and facilitating self-disclosure to identify causes or effects of
stress. Another study by Sun et al [96] tested 6 chatbots each
trained with a different therapeutic framework (eg, motiva-
tional interviewing and mindfulness). Participants in the
mindfulness-oriented chatbot condition showed a significant
reduction in perceived stress after the intervention, demon-
strating that early detection and mitigation of stressors can be
achieved with AI agents [96].

In addition to conversational monitoring approaches, Silva
et al [95] described the EuStress solution, an AI-enabled
information system designed for continuous, real-time stress
assessment using wearable-derived physiological signals and
machine learning classification. Consistent with a physiologi-
cal stress monitoring approach, the system assesses the stress
levels of the students using a wearable device to collect
stress-related data with minimal user interaction. The solution
was intended to interpret the stress reactivity patterns of the
individual and predict stress states, cumulative effects of
stress, and chronic stress, positioning the intervention as a
detection-and-triage tool that translates biometric data into
actionable stress-state inference [95]. While the independent
use of AI-enabled systems for self-monitoring and self-man-
agement of stress is limited, the efficacy of AI in stress
monitoring is supported, serving as a just-in-time strategy
rather than allowing a stressful situation to spiral out of users’
control.

All 3 key studies examining AI for stress monitoring,
detection, and triage [77,95,96] indicate that AI shows
potential for effectively monitoring stress-related indicators
and supporting stress detection and triage. RoBoHoN, for
instance, was an interactive robotic system that inferred users’
stressors from conversational cues and was rated highly
for inference accuracy [77]. These findings indicate that
AI technologies can be trained to detect subtle cues indica-
tive of stress, even before users are consciously aware of
their stress. Importantly, user experiences with RoBoHoN
were positive. Participants reported that the interaction was
enjoyable and that the agent appeared to understand their
feelings. They also described the agent as providing valid
and reliable emotional support, which facilitated emotional
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self-disclosure and contributed to stress relief. In a study
by Sun et al [96], a multichatbot study showed that reduc-
tions in perceived stress were accompanied by strengthened
beliefs in physical activity as a stress mitigation strategy.
This finding suggests that AI-based interventions may also
influence users’ coping beliefs and attitudes, specifically
by reinforcing exercise as a coping strategy when stress is
detected. Moreover, the EuStress system described by Silva
et al [95] further demonstrated that stress-linked physiological
patterns could be meaningfully distinguished in real-world
contexts, such as baseline periods versus examination periods
among students. ML models were able to classify stress states
with promising performance using wearable sensor data. The
authors noted practical constraints, including limited sample
sizes and data gaps, that affected model robustness and
generalizability. These observations underscore that although
AI models can detect stress, they require sufficiently large
and diverse datasets to ensure reliable performance across
users and contexts.

Discussion
Overview
The sample characteristics indicate that the included records
were drawn from a reasonably broad range of participant
groups but were concentrated mainly in university student
samples and mixed adult populations. Several studies also
focused on more specific groups, including employed nurses,
small-to-medium-sized enterprise owners and managers,
medical students, fathers, and children with Down syn-
drome and their caregivers. This suggests that the evidence
base spans educational, occupational, family, and caregiv-
ing contexts. Sample sizes varied widely across the inclu-
ded records, from small qualitative or feasibility samples
to larger intervention, survey, and platform-based samples.
This pattern is consistent with the methodological range
of the review, which included qualitative, mixed methods,
descriptive, and trial-based studies. Where age was reported,
the samples were weighted mainly toward young adults,
especially in student-focused studies. Student samples were
generally concentrated in the late teens to 20s, whereas
occupational- and community-based samples more often fell
in the late 20s to 30s. Most studies included participants
aged 18 years and older, although a smaller number included
adolescents or child-caregiver samples. Overall, the evidence
base reflects a range of applied contexts and participant
groups while remaining centered largely on students, working
adults, and other accessible community populations that are
well suited to the use and evaluation of AI-based stress
support tools.

This review synthesized 35 studies, comprising qualitative
studies (n=3), randomized controlled trials (n=11), non-
randomized quantitative studies (n=6), quantitative descrip-
tive studies (n=4), and mixed methods studies (n=11).
Collectively, the included studies examined AI-enabled tools
for self-directed stress management, including chatbots,
mobile apps, embodied agents, and other digital platforms.
Overall, these interventions show preliminary promise as

scalable and accessible supports for psychological interven-
tion, behavioral support, psychoeducation, companionship
and emotional support, and stress monitoring. However, the
evidence base remains early-stage and heterogeneous, so the
findings should be interpreted cautiously. Quality appraisal
showed that limitations tended to cluster by study design
rather than by individual study. All included studies met the
2 MMAT screening criteria (ie, “Are there clear research
questions?” and “Do the collected data allow addressing
the research questions?”; [104]). However, methodological
quality was more mixed across the design-specific criteria.
Among the qualitative studies, all 3 met all 5 study type–
specific MMAT criteria. Among the randomized controlled
trials, most met criteria for randomization, baseline compa-
rability, and outcome completeness, although blinding was
less consistently established and participant adherence was
unclear in 1 study. For the nonrandomized quantitative
studies, the main limitations were inadequate control of
confounding and, in some cases, limited representativeness
of the target population. For the quantitative descriptive
studies, statistical analysis was generally appropriate, but
measurement appropriateness and nonresponse bias were
less consistently addressed. For several mixed methods
studies, the main weaknesses were incomplete integration of
qualitative and quantitative components and limited consid-
eration of inconsistencies between the 2 strands. Overall,
the studies were sufficient to identify emerging roles of AI
in self-directed stress management, but the methodological
variability warrants cautious interpretation of effectiveness
and generalizability going forward.
Key Findings

Overview
This review synthesized evidence on how AI can assist
in self-directed stress management, identifying 5 distinct
functional roles of AI-enabled agents. AI-enabled stress
management systems took multiple forms, with several
studies using chatbots that delivered support based on
existing psychological frameworks, including CBT-informed
approaches [74,76,79,87,94] and mindfulness-based programs
such as Mindfulness-Based Stress Reduction [87]. Other
studies evaluated web- and app-based platforms that provided
self-guided tools and conversational support [75,91,100,103].
In addition, certain systems used physiological monitoring or
biofeedback to support stress regulation [74,95]. These tools
are largely designed to function as on-demand support for
users in need, providing alerts that inform them when they
experience elevated physiological symptoms indicative of
stress and offering companionship in moments of emo-
tional distress. AI-based support can be made continuously
available, and because many agents are designed around
established psychological frameworks, they may support
users in managing immediate stressors, although evidence
of effectiveness remains mixed and study dependent. Our
analysis revealed clear distinctions in how AI-integrated
solutions enable self-directed stress management. Each of the
5 identified themes represents distinct mechanisms or use
cases for AI agents, assistants, software, and interventions.
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In synthesizing the emerging field, we illustrated the broad
impacts and the specific ways in which AI helps users, from
tracking daily habits to coping with persistent workplace
stress.

Furthermore, the diversity of AI functions observed across
studies was also reflected in the technical architectures and
classification frameworks used to describe them. Rule-based
and decision tree systems were commonly used for structured
tasks, such as CBT-style exercises, mindfulness sessions,
psychoeducation, and behavioral prompts. LLM- or GenAI-
and NLP-enabled systems appeared more relevant where the
intended role involved open-ended conversation, emotional
support, or companionship. Sensor-based, physiological,
computer-vision, and multimodal ML systems were more
prominent when AI was used to infer stress states, emotional
cues, or behavioral patterns. Many of the discussed interven-
tions systems also integrated multiple AI approaches, making
broad labels such as “chatbot” or “AI app” insufficiently
precise. Although existing taxonomies classify AI systems by
service design characteristics, human-AI activities [eg, 105,
106], or broader risk and evaluation considerations, these
frameworks remain wider in scope than this review [eg,
107,108]. By organizing studies according to AI’s functional
role in self-directed stress management, this review provides
a clearer and more use case–specific basis for interpreting
outcomes, clarifying what each system is intended to do
and avoiding the treatment of “AI” as a single undifferenti-
ated category. In particular, a psychoeducational system, for
example, may be assessed by whether it delivers accurate
and understandable information; a behavioral support tool by
adherence and behavior change; a psychological intervention
by stress-related outcomes; a companionship and emotional
support system by perceived support and emotional relief;
and a monitoring or triage system by detection accuracy,
timeliness, and appropriate feedback [109,110]. Across the
included studies, AI served distinct functions in self-directed
stress management, delivering psychological interventions,
supporting behavior change, providing psychoeducation,
offering emotional companionship, and monitoring or triaging
stress-related states, rather than functioning as a single
intervention type. This role-based structure clarifies each
system’s intended purpose and offers a more meaningful basis
for evaluating efficacy than AI architecture alone.

Traditionally, stress has been viewed as a negative subject,
with extreme stress labeled as the cause of physical ail-
ments and declining mental health [71,95,111]. Our findings,
however, suggest that AI-based strategies aid in reframing
stress in more constructive ways. For example, the use of AI
tools can help individuals to reframe stress as a motivating
factor [70] or as a warning sign of burnout [72], with readily
available access to AI-enabled agents reducing another layer
of stress in seeking clinical intervention or professional help
[72]. AI-enabled stress management strategies also serve
as a gateway to increasing mental health literacy about
personal stressors [97], allowing users to understand their
experiences from a different perspective. The functional roles
identified in our review provide a clear foundation for further
research on AI and stress management and will help develop

more targeted solutions for each individual. Furthermore, the
impact of stress-related illnesses extends beyond immediate
negative affect. Stress, when unmanaged on a widespread
scale, can snowball into enormous health care costs, loss
in productivity at work, and, in severe cases, amount to
physical disabilities [7]. The ability of AI-enabled technology
to intervene and provide assistance to individuals before their
stress levels reach levels of psychological or physical harm is
a significant use case for AI and could be used meaningfully
to help individuals manage their stress in healthy ways, while
remaining accessible at any time.

Research Gaps and Limitations
Through this systematic synthesis, we identified several
gaps in the existing literature on AI-supported self-directed
stress management. First, the evidence base is dominated by
early-stage pilot and feasibility studies. Although many of
these studies report short-term improvements in stress-rela-
ted outcomes, few evaluate mature or clinically validated
systems, and distinctions between AI-enabled interventions
and broader digital interventions are often insufficiently
specified. As a result, evidence regarding long-term effective-
ness remains limited, and this literature does not yet support
meaningful estimation of pooled effect sizes. In addition, the
available evidence may be skewed toward positive findings,
reflecting both the novelty of AI-based interventions and
broader publication biases. Second, we observed substantial
heterogeneity across AI models, psychological frameworks,
stress outcome measures, and evaluation methods. While
this diversity reflects the field’s interdisciplinary nature, it
limits comparability and makes it difficult to determine
which approaches are most effective. This challenge is
further compounded by the absence of standardized termi-
nology across studies, as rapidly evolving AI capabilities
and inconsistent system labeling make it difficult to system-
atically capture, compare, and track meaningful distinctions
between intervention types over time. Third, we identified
that the existing study samples are narrow and demographi-
cally skewed, with most studies involving young adults or
university students. This pattern is expected given typical
technology adoption trends [112], but it limits generalizabil-
ity to older or less technologically proficient populations.
Factors such as digital literacy and frequency of use may
have differing effects on populations that were not cap-
tured within this study. Next, issues of safety, fairness, and
reliability have been underexamined. Few studies system-
atically examined erroneous or inappropriate AI outputs,
algorithmic bias, or differential performance across demo-
graphic groups. Reporting practices also tended to empha-
size favorable outcomes, with comparatively little discussion
of system failures, unintended effects, or potential harms.
Addressing these gaps will be critical as AI-based stress
management tools move toward broader real-world deploy-
ment. Finally, our search was limited to English-language
publications, which introduce the potential for language bias.
Both authors’ first language is English, which limits the
representativeness of the evidence base outside of English.
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Future Directions
To move the field of AI-based stress management beyond
the scope of this thematic synthesis, future research should
prioritize the development of a cumulative, methodologi-
cally rigorous evidence base. First, long-term randomized
controlled trials are needed to assess whether stress reduc-
tion effects and behavioral changes are sustained beyond
the short durations (often less than 3 months) reported in
existing studies. Second, as the literature matures, meta-ana-
lytic work will be essential for estimating pooled effect sizes
and identifying moderators such as age, cultural context,
delivery modality, and underlying psychological frameworks.
Achieving this will require more standardized outcome
measures and longer follow-up intervals. Third, future studies
should investigate user-AI interaction processes, including
perceived mind attribution, trust, empathy, and fear of
AI, as these dimensions appear to influence engagement
and stress-related outcomes, in addition to examining the
effects of such AI usage patterns on different age groups
and demographics. Using validated scales of AI-specific
individual differences, such as measures of trust, dependency,
or perceived agency, would help clarify these mechanisms.
Fourth, methodological standards must be strengthened across
disciplines. As observed in this review, reporting practi-
ces were highly variable, and only a small subset of stud-
ies adhered to established AI-specific guidelines such as
CONSORT-AI (Consolidated Standards of Reporting Trials
- Artificial Intelligence) [113] and SPIRIT-AI (Standard
Protocol Items: Recommendations for Interventional Trials
- Artificial Intelligence) [114]. Future work should therefore
prioritize transparency, include protocols for error detection
and explainability, and adopt mechanisms for real-time error
handling to support replicability and user safety. Fifth,
improving the diversity of datasets is critical to mitigate
algorithmic bias and ensure that AI systems perform equitably
across populations, particularly those currently underrepre-
sented. Sixth, the cultural adaptation of AI tools warrants
systematic attention. This includes accounting for linguistic
variation, culturally specific stressors, and local norms in the
expression of stress and coping. The ability of different AI
tools to be personalized and scaled to each individual’s needs
is an area that could be explored in the future. Across the
included studies, none tested age-related moderation effects.
Digital literacy was not consistently considered, measured,
or modeled as a covariate. One study considered digital
literacy as familiarity with AI [68] but did not conduct a
moderation analysis. Future research should examine whether
age, digital literacy, and technological familiarity moder-
ate engagement, acceptability, and effectiveness, given the
current skew toward younger and technologically savvy
populations. Seventh, research and health care organizations
should begin evaluating AI-based stress interventions in
real-world settings. In particular, studies set in workplaces,
educational institutions, and community health platforms
would be ideal for examining the extent to which emerg-
ing human-AI models improve engagement, accountability,
and sustainability. Furthermore, multimodal AI systems
that integrate conversational data with physiological and

behavioral signals hold promise for improving ecological
validity and enabling more dynamic, real-time stress detection
and intervention. Together, these directions offer a road-
map for advancing the field toward more robust, inclusive,
and context-sensitive AI applications in self-directed stress
management.

Finally, regulation and legislation surrounding AI
applications for stress management should be strengthened,
especially concerning data security for clinically vulnera-
ble populations. While AI may be beneficial to individ-
ual users, providers and governing bodies must be held
accountable, ensuring users’ data is not compromised or
shared without consent, so as not to harm users in the
process. Existing AI guidance frameworks, including the
Organisation for Economic Co-operation and Development
AI Principles [115], the European Commission’s Ethics
Guidelines for Trustworthy AI [116], and the ASEAN Guide
on AI Governance and Ethics [117], highlight principles such
as transparency, safety, privacy, human oversight, fairness,
and accountability. However, these frameworks offer broad
governance guidance rather than reporting standards specific
to AI use in nonclinical psychological research. A potential
alternative could be to adapt principles of ethical use of AI
from existing sources before deploying AI in research and
scaling the use of AI systems in consumer-facing products.
At present, psychology-specific reporting guidance for AI
use in nonclinical research appears limited. Frameworks such
as CONSORT-AI [113] and SPIRIT-AI [114] offer relevant
examples for AI-related reporting in clinical trial reports and
protocols, but they are not general regulatory or accountabil-
ity frameworks. Researchers could therefore draw cautiously
on existing AI governance principles when designing studies
or developing consumer-facing AI tools, particularly where
human participants are involved. Human oversight may also
be useful to help researchers monitor AI outputs and respond
to unexpected issues during deployment.
Conclusions
This systematic review consolidates current evidence on how
AI supports self-directed stress management. We illustrated
5 distinct ways in which intelligent systems can assist users
in managing stress, ranging from monitoring and interven-
tion to behavior change and emotional support. Across these
applications, one central insight emerges: several AI stress
management interventions were informed by user-centered
design principles or psychological frameworks that emphasize
coping, behavior change, mindfulness, or emotional support
[72,73,76,80,82,83]. As AI systems learn directly from their
training data, model validation and reliability testing are as
crucial as development studies on novel systems. Small,
homogenous, or biased samples risk producing models that
misrepresent or overlook entire segments of users [118,
119]. As such, future work must give equal weight to
large-scale, diverse data collection and rigorous validation
studies, ensuring that AI tools trained for stress management
generalize safely, equitably, and across contexts. At the same
time, emerging techniques such as digital phenotyping [43,
44] offer a promising path forward. By matching users to
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interventions that align with their behavioral and symptom
profiles, such approaches directly address low engagement
stemming from perceived unmet needs. Ultimately, these
synthesized findings have wide-reaching implications across
cultures, settings, and mental health domains. AI systems
hold preliminary promise for expanding access and enhancing

stress self-management. As these tools increasingly oper-
ate without clinician oversight, standards such as transpar-
ent communication of model capabilities, safeguards, and
reporting requirements are critical to protect users while
realizing the full potential of AI in self-directed interventions.
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