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Abstract

Background: Designresearch on Al technologies for mental health has expanded rapidly, yet existing work has largely focused
on practitioners' perspectives within isolated therapeutic stages or specific services. As aresult, there is limited understanding
of how practitioners view the role of Al across the full therapeutic journey, including assessment, diagnosis, and treatment, or
how these perspectives can be transated into actionable and ethically grounded design guidance. This lack of stage-specific
guidance introduces several risks: (1) the development of Al toolsthat practitioners may not trust or adopt, (2) heightened ethical
concerns, particularly in diagnosis where bias and erosion of human judgment are most likely, and (3) missed opportunities to
leverage Al to support ongoing assessment and treatment adaptation.

Objective: This study aimed to explore mental health practitioners’ perspectives on how Al may support or hinder therapeutic
practice across all 3 therapeutic stages, with particular attention to their ethical considerations.

Methods: We conducted semistructured interviews with 18 mental health practitionersto explore how Al may support or hinder
therapeutic practice across assessment, diagnosis, and treatment. Data were analyzed thematically, and ethical challenges were
organized using 4 biomedical principles. Thisstudy received approval from the Lancaster University Ingtitutional Ethics Committee
(ID 3530).

Results: Findings suggest a stage-specific pattern: practitionersidentified valuablerolesfor Al in supporting clinical assessment
and treatment, while expressing strong resistance to autonomous Al diagnosis, which was regarded asthe most ethically sensitive
stage. Across contexts, Al was seen as supporting and validating, rather than replacing, clinical judgment. Ethical concerns were
organized using these principles, with key issues including data validity, inclusivity, privacy, transparency, and explainability.
Grounded in these findings, four design directions are proposed: (1) Al-enabled clinical assessment hubsfor analyzing multimodal
patient data to support transparent decision-making; (2) natural language processing-based tools to enable richer understanding
of patients’ lived experiences; (3) new models of trust to support ethically sensitive Al-assisted diagnostic decision-making; and
(4) large language model—powered personalized and adaptive mental health support systems that maintain human-Al partnership
and preserve practitioners central rolein care.

Conclusions: This study provides a stage-specific understanding of practitioners’ perspectives on Al use across assessment,
diagnosis, and treatment and systematically framesethical challenges using biomedical principles. Thefindingstrand ate practitioner
insights into actionable design guidance for ethically informed Al-supported mental health practice.
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Introduction

Project Goals

Design research on Al technol ogies has seen significant growth,
particularly for well-being [1] and mental health [2]. The
increased potential for adaptiveinteractions[3] and personalized
interventions [4] has been explored across a range of
technol ogies, from chatbots [5] and virtual assistants[6], which
offer scalable solutions for the growing demand for mental
health support, to mobile apps and heath platforms for
understanding user behavior [ 7], detecting changesin emotional

states [8], and delivering personalized menta health
interventions [4].
While Al-based technologies have seen significant

advancements [2], their adoption in menta health practice has
been slow [9]. Understanding the factors that influence
acceptance and usein clinical settingsiscritical. Prior research
has explored Al integration from practitioners’ perspectives
[4,10-12], but early studies often overlook practical integration
into everyday practice.

Recent research has started to address this, for instance by
exploring practitioners’ attitudes, learning needs, and theimpact
of Al onthetherapeutic relationship [13-20]. Whilethese studies
provide vauable insights, they tend to focus on expert
perspectives within asingle therapeutic stage or specific service.
Less work has comprehensively mapped how practitioners
conceptualize Al acrossthe main stages of therapeutic practice,
including assessment, diagnosis, and treatment, or systematically
trandlated practitioner perspectives into actionable design
suggestions. The 4 principles of biomedical ethics are a
well-established framework used oftenin health ethics[21] and
in human-computer interaction (HCI) research [22,23]. More
recently, they have also been used to look at Al-related ethical
concernsin hedth care [24,25]; however, little empirical work
has mapped ethical concerns across the stages of assessment,
diagnosis, and treatment, or used practitioner interviews to do
0.

This research is both timely and critical. As Al technologies
advance rapidly and become more widely accessible [4], there
is increasing pressure to integrate them into mental health
services [26]. However, without clear guidance on where and
how Al should be deployed across the therapeutic journey,
severa risks arise [26,27]: (1) the development of tools that
practitioners may not trust or adopt, (2) ethical concerns,
especially in diagnosis, where bias and |oss of human judgment
are most likely, and (3) missed opportunities to leverage Al in
ongoing assessment and treatment adaptation. To address this
gap, we report interviews with 18 mental health practitioners
focusing on their perspectives on how Al may better support
or hinder therapeutic practice within and across its key stages,
with particular attention to ethical aspects. We focused on the
following research questions:

RQ1: What are practitioners’ views on the use of Al-based
technologies within and across the stages of assessment,
diagnosis, and treatment in mental health practice?

https://mental .jmir.org/2026/1/€91884

Alotaibi & Sas

RQ2: What stage-specific ethical challenges do practitioners
identify, and how do these map onto the 4 principles of
biomedical ethics?

Our work makes 3 exploratory contributions. First, we offer a
preliminary stage-specific mapping of how a group of UK
practitioners conceptualizes Al's role within and across
assessment, diagnosis, and treatment. Second, we organize the
ethical concernsraised by participants using biomedical ethics
principles as an analytical lens. Third, we trandate these
practitioner insights into design directions intended to inform
and inspire future co-design and evaluation work. These
contributions offer an exploratory mapping of practitioners
perspectives on Al’s role across therapeutic stages and provide
apreliminary basisfor considering how Al might be responsibly
designed and integrated into their practice. Rather than
answering the complex question of whether Al should be used
in mental health, our work surfaces stage-specific perspectives
and ethical tensions that future research and design can build
upon.

Background

Our work builds on research on technologies for mental health,
and on the ethics of Al for mental health. Key technologiesand
ethical aspects from previous research are summarized bel ow.

Al-Based Technologiesfor Mental Health

Much work on Al-based mental health hasfocused on diagnosis
and personalized care [2,28,29]. These systems include tools
that support assessment and diagnosis, as well as those aimed
at treatment or promoting psychological well-being. A range
of Al tools have been explored for tracking and intervention,
including chatbots [30] and mobile apps [31], each playing a
role in assessment, monitoring, and personalized support.
However, these technol ogies have usually been studied on their
own, within asingle stage of care, and their use across the full
therapeutic journey remains underexplored.

Al-powered chatbots have been used to track emotions and offer
personalized recommendations, though findings point to ethical
challenges and users limited Al literacy [32,33]. Woebot
showed early promise for stress management and emotional
support, but the platform has since shut down, reflecting broader
tensions between clinical innovation, regulation, and commercial
sustainability [34,35]. Research also shows that transparency
alone is often not enough to build user trust [36], pointing to
the need for explainable Al and ethical design. More advanced
systems include home-based Al therapists using Internet of
Things devices and sensorsto monitor daily behaviors[37], and
digital phenotyping, which collects behaviora data from
personal maobile devicesto track and infer mental health states
[38]. While technically innovative, these approaches raise
unresolved ethical concerns around standardization and cultural
sensitivity to ensure data collection is effective and respectful
across diverse popul ations. Despite these advances [ 2], adoption
of Al in mental heath practice has been slow [9,26].
Understanding what influences acceptance and use in clinical
settingsis critical.

Recent work has started to address this through studies on
professionals’ attitudes toward specific Al technologies [13],
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learning needs and organizational readiness for Al adoption
[14], or surveys of Al use, attitudes, or perceived benefits and
harms among practitioners and community members [15].
Another strand of work looked at professionals’ perceptions of
large language models (LLMs) for self-care and clinical use
[19], with findingsindicating that L L Ms cannot replace humans
due to inappropriate responses and limited relational qualities
essential to the therapeutic alliance [20]. Exploration of the
broader Al impact on therapeutic relationships [16,17] aso
highlighted A1’ slimitationswith respect to empathy and cultural
sensitivity, alongside its potential for accessible support [18].
Much such research has explored Al integration in clinical
practice from practitioners’ perspectives [4,10-12]; however, it
has a predominant focus on a specific service, tool, or
therapeutic function.

To conclude, prior work suggests both the potential and
challenges of Al-based technologies for mental health, but
existing research (as outlined above) has not yet mapped
practitioners' perspectives across the full clinical journey. The
present study aimsto addressthisgap by capturing stage-specific
practitioner perspectives to inform responsible Al integration.

Ethicsof Al for Mental Health

Another strand of research on mental health technologies has
focused on ethics. For instance, Sanches et al [22] used the 4
principles of biomedical ethics [23] in a systematic review of
Al-HCI research, finding limited focus on ethics for mental
health technologies and highlighting risks such as automated
diagnosis for vulnerable users without therapeutic support.
Importantly, Al technologies were only minimally addressed
in this review, pointing to a gap that subsequent research has
begun to address. The ethics of Al for mental health has also
been explored in medical research. Some of thiswork highlights
the value of digital phenotyping, with ethical issues related to
the privacy of persona data such as socia media activity or
smartphone usage patterns to identify symptoms [39] and the
risk of false positives|eading to unnecessary diagnoses[40,41].
Other work hasrai sed adifferent concern: that replacing human
judgment with algorithms risks dehumanizing health care
[39,42-44], which is especially problematic in mental health
care, where trust and empathy between practitioner and patient
are central to treatment [39,45]. Unlike physical health care,
where algorithmic decision-making may be more readily
accepted, mental health care dependson relational qualitiesthat
are difficult to replicate through technology.

Recent work also started to leverage ethical frameworks to
explore these gaps, such asthe Integrated Ethical Approach for
Computational Psychiatry framework [46]: a 5-stage model
embedding ethical considerations into Al development for
computational psychiatry, which is grounded in 6 values
including beneficence, autonomy, justice, privacy, transparency,
and scientificintegrity. Other scholars applied biomedical ethics
principlesto evaluate generative Al chatbots[47], showing, for
instance, the tensions around autonomy, nonmal eficence, and
informed consent. Our work also uses the 4 principles of
biomedical ethics framework, abeit with a focus on
practitioners perspective on the preuse acceptability and the
ethical issues of situating Al technologies within their clinical
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practice. Thisdiffersfrom the common approach through which
researchers apply ethical frameworksto Al technologies, albeit
with limited emphasis on the specific demands and constraints
of clinical practice.

To conclude, research has identified key ethical challengesin
Al-based mental health technologies, including harm, privacy,
dehumanization, and lack of transparency [39]. However,
existing studies tend to examine these concerns in relation to
specific tools or populations, without organizing them using an
established ethical framework or tracing them across the full
therapeutic journey. Understanding stage-specific ethical
concerns is essential for ethically grounded design and safe
implementation of Al in mental health care [48-50].

Methods

Study Design

Our study aims to explore practitioners perspectives and
interpretation of situated ethical acceptability: their own
judgments, based on clinical experience, of whether an Al
technol ogy would be ethically acceptable once used within their
specificclinical context, rather than an externa standard applied
to the technology in the abstract. We used this term to refer to
preuse acceptability [51], denoting acceptability judged before
a technology is actually used. The 4 principles of biomedical
ethics [21] were then applied during analysis to organize these
situated judgments. We define situated ethical acceptability as
the ethical considerations related to the acceptability of
technologies such as Al, within the context of clinical practice,
so situated, or how it may adapt to its unfolding demands [52].

Procedure

We conducted individual, online, semistructured interviews
with mental health practitionersto understand their perspectives
on preuse acceptability of Al technologiesand the ethical issues
related to their anticipated use in mental health. Thus, the
interviews flexibly covered 2 broad areas: (1) practitioners
viewson Al acrosstherapeutic stages, and (2) ethical concerns.
Each interview started with a 10-minute presentation
(PowerPoint [Microsoft Corp] presentation slides) providing
accessible, jargon-free definitions of Al conceptsand challenges.
For instance, Al was presented as technologies that perform
tasks typically associated with human intelligence [53]. We
contextualized Al in mental health by outlining its applications
in diagnostic processes, predictive analytics, and interventions,
including how datamay be processed to support diagnosis[54].
We highlighted key challenges associated with Al
implementation, including biases in Al agorithms and privacy
concerns surrounding the use of sensitive patient data [55]. To
help participants reflect on these technologies and their ethical
implications, we concluded the presentation with a scenario in
which participants were asked to imagine an Al system that
analyzes patient input to detect depression symptoms, such as
negative language, low mood, hopelessness, and social
withdrawal. The system could assess risk levels and offer
personalized interventions, including cognitive behavioral
therapy (CBT) or mindfulness exercises. This scenario was
designed to integrate current Al affordances and ethical
concerns, and to provide context for the interview questions.
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The interview guide and questions used in the interviews are
provided in Multimedia Appendix 1.

Following the scenario, participants were asked about their
views on preuse acceptability of Al technologies for mental
health and anticipated ethical concerns if and when they may
become situated in their clinical practice. The focus was on
clinical integration and implementation challenges, as well as
reflection on the potential benefits and risks, and in particular
ethical concerns.

Participants

Participants were recruited through counseling directories and
contacted by email with study details. Only those familiar with

Alotaibi & Sas

Al mental health tools, such as mental health chatbots, and
interested in taking part received aconsent form and information
sheet. This study involved 18 mental health practitioners (16
female and 2 male). While the sample is gender-biased, this
reflects the feminization of the mental health profession [56].
Participants were aged 25-55 with an average of 8.4 (SD 6.6)
years of experience. Inclusion criteria required participants to
be accredited members of the National Association for
Counselling and Psychotherapy and to have familiarity with Al
technologies. Thiscriterion was stated in the recruitment email,
and participants self-sel ected based on their own assessment of
meeting it; those without such familiarity did not proceed to the
consent stage. Table 1 presents detailed demographic and
educational information.

Table 1. Detailed demographic and educational information of participants (n=18).

ID Gender Age Experience (years) Education

P1 F 27 5 PhD Counselling Psychology
P2 F 26 5 BSc Psychology

P3 F 40 11 PhD Counselling Psychology

P4 F 41 5 MSc Psychodynamic Practice
P5 F 48 15 Diploma Counselling

P6 F 27 4 BSc Psychology

P7 F 27 6 Certificate CBT®

P8 F 46 3 Diploma Counselling

P9 F 34 14 Postgraduate Diploma CBT

P10 F 30 6 M Sc Counselling/Psychotherapy
P11 F 25 4 BSc Counselling/Psychotherapy
P12 F 30 12 M Sc Counselling/Psychotherapy
P13 F 50 2 Diploma Counselling

P14 F 48 30 MSc Integrative Psychotherapy
P15 M 43 10 BSc Psychology

P16 M 45 4 Certificate Counselling

P17 F 55 6 Diploma Counselling

P18 F 44 10 PhD Counselling Psychology

8CBT: cognitive behavioral therapy.

Data Analysis

Interviewswere fully transcribed and analyzed using ATLAS i
software [57], following a hybrid thematic analysis approach
[58], combining deductive and inductive coding. This process
resulted in over 1130 codes across the 18 interviews. The
deductive codeswereinformed by health research onthe 3 main
stages of psychotherapy (assessment, diagnosis, and treatment)
and the 4 principles of biomedica ethics (nonmaleficence,
beneficence, justice, and autonomy) [21].

Inductive codes were generated to capture the richness of
interview data. The coding process followed a structured,
iterative process for over nearly 3 months through ongoing
conversations within the research team. This team was drawn
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from complementary expertisein Al-HCI in mental health and
HCI and ethics of mental health. The coding process was
initially inductive, with deductive codes being generated as
links to relevant theories, such as ethical principles, were
identified. Thefirst author conducted 1 pass through part of the
interviews, generating theinitial set of codes. The second author
independently reviewed the codes, and the team discussed their
definitions, distinctiveness, and overal organization. Main
changes at this stage included splitting broad codes such asthe
oneon privacy, including “concerns around datamisuse,” “lack
of transparency in Al decisions,” and “patients’ inability to
control their own data,” into separate distinct codes of privacy
inrelation to the 4 principles of biomedical ethics[21], namely
privacy and confidentiality under autonomy, transparency and
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explainability under beneficence, data validity under
nonmaleficence, and inclusivity and accessibility under justice.

Disagreements between the 2 coders were resolved through a
consensus-based approach, commonly applied in HCI research
[59], and once consensus was reached on the structure and
definitions of all codes, the coding scheme was applied for the
analysis of the remaining interviews. The final set of codes
included both inductively generated codes as subcodes under
the main deductive codes. For example, within the treatment
stage, inductively generated subcodes include the following:
recommending personalized interventions, ongoing clinical

Alotaibi & Sas

assessment, delivering timely interventions, monitoring
effectiveness, proactively adapting interventions, memorializing
the therapeutic journey, and supporting patient engagement.

The code frequencies (Table 2) indicate how fregquently topics
such as views on the use of Al technologies across therapy
stagesand their ethical challengeswere reported by participants.
Such prevalence, however, is not ameasure of salience. For the
latter, we considered instead experts’ detailed accounts and their
specific emphasis on specific codes, as reflected in the quotes
reported in the Results section.

Table 2. Distribution of main codes and their subcodes related to practitioners’ views of Al technologies for mental health and their ethical challenges.
The table shows the frequency of each main code and subcode within the total number of codes (n=1130).

Code

Values, n (%)

Practitioners’ views of Al for mental health (n=981)
Al valuefor clinical assessment
Al value for diagnosis
Al valuefor treatment
Ethical challenges (n=149)
Nonmaleficence
Beneficence
Justice

Autonomy

375 (38.26)
63 (6.43)
543 (55.31)

28 (18.79)
44 (29.53)
39 (26.17)
38 (25.50)

Ethical Considerations

This study was approved by the Lancaster University
Ingtitutional Ethics Committee (approval number 3530).
Participants were recruited through counseling directories and
contacted by email with study details. Only practitioners who
were familiar with Al mental health tools and interested in
taking part received the participant information sheet and
consent form, and informed consent was obtained from all
participants before theinterviews. All interviewswere conducted
by the first author, who has expertise in AI-HCI for mental
health, online via Microsoft Teams. Interviews were
audio-recorded with participants consent and fully transcribed.
To protect participants privacy, they are identified only by
anonymized participant codes (P1-P18) in the paper, and no
identifying information is reported. Each interview lasted
approximately 1 hour, ranging from 48 to 65 minutes.
Participants were compensated with £40 (approximately US
$54) for their time.

Results

Overview

This section highlights practitioners’ views on Al technologies
for mental health across 3 key stages of clinical practice, and
their ethical chalenges reflected in the 4 principles of
biomedical ethics. As our findings are from a study with a
sample of UK mental health practitioners, theinsights presented
here are intended as a starting point for understanding how Al
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may be perceived and integrated in practice, rather than a
complete picture of the field.

Practitioners’ Viewson Al Technologiesfor Mental
Health

Our findings provide insights into how this group of mental
health practitioners perceives Al technologies across the main
stages of psychotherapy and counseling. Treatment and clinical
assessment were discussed more frequently than diagnosis across
participants. These frequencies are presented to describe the
distribution of themeswithin the dataset rather than their relative
importance. Although diagnosis appeared less frequently,
participants who discussed this stage consistently emphasized
concerns regarding autonomous Al  decision-making,
dehumani zation, and the need for practitioner oversight. These
qualitative accounts, rather than coding frequency itsdlf,
informed our interpretation of diagnosisas an ethically sensitive
stage.

Al Valuefor Clinical Assessment

Clinical assessment consists of gathering information to identify
patients challenges, problematic behaviors, and symptoms,
usually through observation and valid assessment questionnaires
or tests[60]. Findings suggest that participants perceived value
in Al technologies for gathering and analyzing data captured
through self-reports on personal information such as patients
age, gender, physical health, mental health, and therapy history,
childhood experiences (P2), family background, lifestyle,
specific traumas, work-related issues, financial issues, or
friendship and family relationship dynamics (13/18). Other
types of data can be gathered through patients’ entriesin digital
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diaries to track moods (5/18), thoughts, and behaviors, as well
as links between these (3/18). Findings also suggest that
practitioners perceived Al as potentialy able to automate
note-taking and documentation tasks, particularly for recording
symptoms (3/18). In addition to self-reports, practitioners also
discussed the added val ue of other datatypes such asvoiceinput
(2/18), body language (4/18), biosignals, that is, heart rate (P17),
aswell as contextual analysis of diary entries (4/18).

Al Valuefor Diagnosis

Participants expressed resistance to autonomous Al-based
diagnosis without practitioner oversight, describing concerns
about the impact on patients when diagnosis is delivered by
technology alone:

Ethically as well, | would say [...] making sure that
it's client centered and almost it doesn’t dehumanize
them, and it doesn’t just put it into simply, you know,
depressed, really high risk, and it's it just takes the
nuances out of it. [P11]
On the other hand, participants expressed that Al might add
value for diagnosis, but merely to validate and support
practitioners decision-making: “the clinician could then look
at the data, look at the sort of diagnosis that the technology
thinks that [patient] has, and then work off of that” (P7).

Al Valuefor Treatment

Treatment stage involves the development of the most
appropriate personalized and detailed treatment plan (7/18)
informed by the clinical assessment and diagnosed condition.
Participants reported a range of topics reflecting the potential
value of Al within this stage, which we clustered under
recommending personalized interventions, ongoing clinical
assessment, delivering timely interventions, monitoring and
adapting interventions, memorializing therapeutic journey, and
increasing patients’ engagement.

Recommending Personalized I nterventions

Participants perceived potential value in Al for generating
effective treatment plans: “using the diagnostic criteriaand[...]
information given by client [Al] will use that to make [...] a
virtual diagnosis [...] and then based on that, come up with a
[treatment] plan” (P3). Such plans, however, should be specific,
with low-level details for each patient rather than generic
information (P15). They also mentioned the value of using lists
of valid interventions and microinterventions for main mental
health conditionswhich Al technologies could leveragein order
to recommend personalized interventions (P7). Participants also
highlighted the value of clear communication of the
Al-suggested intervention and itsgoal's, so that both practitioners
and patients can judge its value and “ agreed [that] thisis what
the client wants [and] needs’ (P10).

Ongoing Clinical Assessment

Clinical assessment is not merely a one-off activity at the start
of therapy, but an ongoing process aimed at ensuring that the
progress of the therapeutic plan is as expected [60]. While
traditionally, clinical assessment is completed within the
therapeutic sessions, ongoing clinical assessment is recurrent
throughout the entire therapy journey. Thus, some participants
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acknowledged the value of Al technologiesfor tracking patients
symptoms and their changes over time (2/18). They particularly
emphasized Al-based analysis (6/18) to inform Al-based
decisions (8/18). Practitioners perceived that this could support
abetter understanding of patients' experiencesand apotentially
more robust ongoing assessment (P15), while reducing some
of the practitioners’ burden:

I’d say really positive because [ Al] helpsin between
sessions when I’mworking with them and also when
we finish our counselling together, there are things
they can continue to use. [P7]

Additional value of Al technologies consists of extracting
nuanced meanings for deeper understanding of patients and
their conditions (P12), for instance through keyword and phrase
detection (P7) or through the classification of important data
(6/18). Key hereisthe swift analysisof diary entries (P15) with
a focus on changes in patients data (2/18) to identify risk
factors, red flags, triggers, and changes in symptoms (5/18).

[If Al could] gather data to get [a] clear
understanding of depression [..] would be very
helpful [...] For example, monitoring aclientincrisis
[...] if they haven’t got mental health support, there
ispotentially aplacefor [Al] if itiscarefully policed.
[P17]
Participants also noted that such risk analysis (5/18) could
complement as well as validate or improve the accuracy of
practitioners own assessment (6/18) performed through
traditional time-consuming methods such as observation and
conversations (3/18).

Delivering Timely Interventions

Practitioners indicated that based on ongoing clinica
assessment, Al technologies could suggest ongoing interventions
outside therapy sessions (8/18):

In between sessions, it would be really helpful,
especially for an approach like Cognitive Behavioral
Therapy (CBT), to see certain patterns [based on
patients] journaling about that. [P7]

Practitioners expressed the view that Al technologies could
recommend specific interventions to promptly meet patients
needs in the moment. This benefit of Al technologies has been
particularly confirmed for patients with worsening symptoms:

It would be useful in terms of if suddenly somebody
[...] seem to have deteriorated outside of the norm
for that person [...]it would give you something to
talk to them about it. [P4]

Monitoring the Effectiveness of | nterventions

While ongoing clinical assessment also enables the monitoring
of treatment’s progress and its effectiveness, practitioners
anticipated that Al technologies could track changes in
symptoms to evaluate and report such effectiveness (7/18). In
particular, the identification of symptom and behavior patterns
between therapy sessions (3/18) emerged as a notable strength,
providing practitioners with valuable insights into the
effectiveness of interventions.
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Proactively Adapting the Interventions

Ongoing clinical assessment can al so reflect significant changes
in patients’ risk factors (9/18), which require adjustment of the
treatment plan. Participants mentioned the value of Al
technologies to discover these factors and predict their impact
on the worsening of the symptoms in order to proactively
recommend adaptive interventions (4/18). A practitioner
expressed optimism that Al-based risk anaysis could
complement traditional risk assessment methods relying on
observational methods during therapeutic sessions (P1).

Memorializing Therapeutic Jour ney

Both counseling and psychotherapy take time and commitment,
SO monitoring patients progress over time through ongoing
clinical assessment becomesimportant. Thisis, however, taxing,
both for patientsand practitioners, and rarely provided in visual
formats (3/18). The value of Al technologies for retrospective
evaluation of interventions, particularly through a timeline
approach, was highlighted as a strength.

To have something in place at the beginning [as] part
of ongoing intervention isreally helpful [so] I’'mable
to look back and kind of provide some kind of timeline
to look at how long they’ ve been depressed. [P1]

Supporting Patients Engagement
Animportant outcomeis participants’ mention of the anticipated

impact of Al-based technologies on patients’ engagement in
the therapeutic journey through increased ownership and

Alotaibi & Sas

accountability. More specifically, the manual dataentry inonline
journals can extend beyond therapy ons, fostering a sense
of ownership, while aso reducing practitioners need for
extensive documentation (6/18). Practitionersviewed Al-based
pattern detection as a factor that could strengthen patients
accountability by supporting awareness and i ntrospection about
the links between specific behaviors and well-being or mental
ill health symptoms (6/18). For instance, thisillustrative quote
points out the issue of accountability and ownership:

| would try and get clients to [journal] but I think it
would be really helpful to have that shared with the
clinician[...] it holdsthe client a bit more accountable
[...] helpful to[...] notice certain patterns. [P7]

Participants further suggested incentives for engagement by
incorporating, for instance, visual elements and gamified
features such as growing trees to engage and support clientsin
their mental health journey (3/18).

Grounded in the above benefits of Al technol ogies, participants
identified subsequent ones such as reducing clinicians' time
(P7) and cost (P1), contributing to enhanced therapeutic
outcomes (P1l) and operational efficiency of therapeutic
practices. Practitioners anticipated this could partly address
practitioners’ shortage (2/18), whichinturn can lead toincreased
patient admission rates (P1) and reduced waiting time (P17).
Table 3 presents a summary of practitioners’ perspectives on
how Al technologies may support mental health practice across
assessment, diagnosis, and treatment stages.

Table 3. Summary of practitioners' perspectives on how Al technologies may support mental health practice within and across the main therapeutic
stages of assessment, diagnosis, and treatment. The content within each cell reflects themes derived from the interview data.

Category Assessment Diagnosis Treatment

Primary goal Gather and organize comprehensive patient  Validate and support practitioner diag- Deliver continuous personalized thera-
information nostic decisions peutic support

Datarole Collection hub—passive gathering Analysis layer—pattern matching Intervention system—real -time response

Al autonomy High autonomy in data processing with Low autonomy—requires practitioner - Medium autonomy—deliverswithin ap-

Ethical sensitivity

Temporal scope

Core Al capabilities

Expected outputs

Practitioner role

Key success factors

Practitioner benefits

practitioner oversight

Concerns related to data privacy during
collection and storage

One-time or periodic baseline

Dataaggregation, multimodal input process-

ing, pattern extraction, documentation au-
tomation

Structured patient profile, symptom summa-

ry, documentation

Guide and review—oversee data gathering

process

Accuracy of data capture, multimodal inte-

gration, user ease, privacy protection

Reduced documentation time, comprehen-

sive data access, consistency

validation

Highest risk—dehumanization, harm
if autonomous

Single event decision point

Symptom pattern matching, diagnostic
criteria mapping, decision support,
validation

Diagnostic suggestions, supporting ev-
idence, confidence levels

Decision-maker—validate al Al sug-
gestions before use

Explainability, transparency, vaidation
support, clinical accuracy

Decision confidence, pattern visibility,
reduced cognitive load

proved protocols

M oderate ri sk—engagement vs monitor-
ing balance

Continuous monitoring throughout ther-
apy

Personalization, real-time monitoring,
adaptive algorithms, timeline visualiza-
tion, risk prediction

Treatment recommendations, interven-
tion timing, progress visual's, adaptation
aerts

Supervisor—monitor Al delivery, adjust
protocols as needed

Timing, personalization, engagement,
effectiveness measurement, adaptability

Extended reach (between sessions),
proactive intervention, efficiency gains,
better outcomes
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Ethical Challenges

Practitioners suggest key ethical concerns grouped under the 4
biomedical ethics principles proposed by Beauchamp and
Childress [21] and previously applied in HCI mental health
research [22]. These principles offer avaluable analytical lens
because they bridge the gap between medical ethics and HCI
research on mental health technol ogies, providing atheoreticaly
grounded and clinically recognized framework for examining
ethical concernsat theintersection of Al and therapeutic practice
[22,61]. Following Beauchamp and Childress [21],
nonmaleficencerefersto aclinician’s duty to avoid harm to the
patient; beneficence captures the clinician’s duty to act in the
patient’sbest interest; justiceisabout fair distribution of benefits
and burdens in health care across all people; while autonomy
refers to respect for the patient’s right to make informed
decisions. These principles have informed the organization of
the ethical concerns practitioners raised about Al integration
across therapeutic stages.

Nonmaleficence Principle: Limited Data, Validity of
Al-Based Decisions

From the lens of the nonmaleficence principle, practitioners
expressed concerns about the limited data used for Al-based
decisions and the validity of Al decisions (7/18). The issue of
limited datahas 2 dimensions. First, current technol ogies capture
data that are insufficient to fully understand the richness of
patients' experiences and their broader context. For example,
1 participant mentioned:

Someone can even say |’ m happy, but they're crying,
you know? But then their crying doesn’t look like
happy tears. It looks like sadnesstears. These arethe
thingsthat, if you write them down and put theminto
the system, it will not be able to detect that. [P3]

Second, the data may not be accurate due to technology or
patients errors, including limited memory, awareness, or
introspection:

Isthe client gonna befully truthful ? or arethey aware
of some things they might write down on there? [ ...]
they might think something about themselvesthat isn’t
necessarily true. [P11]

Practitioners also described the challenges of understanding
deeper meaning (P5) from data such as suicide detection, or of
differentiating between similar symptoms (P13), and questioned
the potential of Al for such analysis.

Participants mentioned that limited dataand Al’s ability to probe
for meaning can be harmful when used to make predictions,
identify risk factors, make diagnosis decisions, or
recommendations for interventions (9/18). Some participants
also raised concerns about the potential loss of human intuition
in the therapeutic process due to the integration of Al (5/18).
Asmentioned by 1 participant: “ These could be very desperate
people [...] and those interventions [...] there is the potential
that they won't even scratch the surface of hel ping these people”
(P16). Participants also suggested that Al-based interventions
tend to support behavioral interventions (P1), which may not
align with relational or person-centered approaches (2/18).
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To mitigate the risk of dehumanizing or oversimplifying the
complex therapeutic processes due to problematic data and
Al-based decisions, participants suggested the importance of
integrating Al technol ogies within therapeutic practice, so that
they are used only with practitioners' oversight:

| think it needs to be carefully managed and
monitored because you don’'t know where it's taking
them. | think thereisa place for it, but | think it very
much depends on the needs of the client and the
severity of their condition. | think there are significant
risks associated with not having any human
intervention to understand where that client is and
what the Al istelling them. [P17]

Beneficence Principle: Support Assessment and

Rapport

The principle of beneficence concerns the clinician’s duty to
act in the patient’s best interest [21]. Practitioners identified
current limitations in data and tools as key barriers. They
described ongoing clinical assessment aslimited by inadequate
note-taking tools (3/18) and fragmented data, noting that facial
expression, speech, and posture are essential to their work
(3/18), and that their absence can lead to emotional disconnect
(4/18). Missed emotional cues or incomplete data can therefore
result in delayed or inappropriate interventions, directly working
against the patient’s best interest.

Practitioners suggested that Al could help address these gaps
by capturing richer patient data and enabling more in-depth
analysisthrough categorization toolsintegrated in acentralized
assessment platform (3/18). Such tools should track how
symptoms change over time (3/18), and across domains such
aswork and relationships (2/18):

Anxiety has various categories [...] so if [Al] came
up with social anxiety, | think I"d find that more useful
[...] I would be more interested in [Al] that had got
to the bottom of what kind of anxiety [ also] interesting
to see [if Al] could thematically analyze [data] so
whether it's about family stuff, work stuff and what
isthe context of some of these diary entriesalongside
almost the harder stuff such as length [or] type of
suffering [ ...] what'sit related to? [P15]

Justice Principle: Inclusive and Accessible Al
Technologies

The ethical principle of justice relates to fair distribution of
benefits and costs/risksfor all peopleregardless of race, gender,
or class. Aligned with this principle, participants highlighted
the challenge of inclusive Al technologies. This includes
ensuring that Al systems are accessible to diverse populations.
Other concerns relate to the costs of such technologies, which
patients may not be able to afford. Participants expressed
additional concerns about the cognitive load that Al technologies
may involve (3/18), as well asfor practitioners who may need
to engage with large amounts of data (2/18).

To address these challenges, practitioners suggested using Al
training datafrom diverse populations and designing interfaces
that match users' accessibility needs and preferred interaction
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(6/18). Few participants called for making these technologies
more cost-accessible (3/18), while others highlighted the need
for increased Al literacy (3/18).

Autonomy Principle: Privacy, Transparency, and
Explainability

The ethical principle of autonomy reflects respect for people’s
decisions, and its concernsrelate to privacy and confidentiality,
aswell astransparency of Al-based decisions. Some participants
highlighted privacy and security concerns (Textbox 1: summary

https://mental .jmir.org/2026/1/€91884
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of ethical challengesof Al technologiesfor mental health across
the 4 biomedical ethics principles: nonmal eficence, beneficence,
justice, and autonomy) for all patients' personal and sensitive
data on mobile apps (4/18) or online technology, particularly
for the most vulnerable ones such as children (3/18). They
expressed apprehension about how personal data is stored,
secured, and handled, as well as potential data breachesin Al
technologies (12/18). These privacy challenges extend to
ensuring the confidentiality of the practitioner-patient
relationship (P2).
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Textbox 1. Ethical challenges of Al technologies for mental health across the 4 biomedical ethics principles: nonmaleficence, beneficence, justice, and
autonomy.

1. Nonmaleficence

Limited data—Clinical assessment

. Datainsufficient to understand the richness of patient experiences.
«  Cannot detect contextual cues (eg, happy vs sad tears).

«  Nonverbal signals and bodily cues missing from records.

Data validity and accur acy—Clinical assessment, treatment
«  Patient errorsin self-reporting due to limited memory.
«  Patients provide inaccurate assessments.

« Harmwhen Al identifies risks or recommends interventions on flawed data.

L oss of human intuition-Diagnosis, treatment
« Reliance on Al may diminish practitioners’ clinical judgment.

« Al interventions may not address deeper therapeutic needs.

Therapeutic approach misalignment—Treatment

« Al supports behavior interventions primarily.

2. Beneficence

Limited assessment tools-All stages

«  Ongoing clinical assessment supported by limited tools.
«  Fragmented data collection across sessions.

« Difficult to track emotional experiences over time.

Absence of bodily cues—Clinical assessment
«  Absence of bodily cues |leads to emotional disconnect.

«  Practitioners cannot access rich nonverbal data.

Limited data analysis—Clinical assessment
«  Systems cannot probe for deeper meaning in symptoms.

. Difficulty differentiating between similar symptoms.

3. Justice

Accessibility and inclusivity—All stages

« Al systems are not accessible to diverse populations.
«  Technology not adapted to different user needs.

« Risk of excluding marginalized groups.

Cost and financial barriers-All stages
«  High costsinaccessible to many patients.

« Unequal distribution of benefits and support.

Cognitive load and data complexity—All stages
« Al interfacesimpose high cognitive load on patients.
«  Practitioners struggle managing large data amounts.

« Limited Al literacy in user populations.

Data diversity and bias-Diagnosis
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«  Training data not representative of diverse populations.

« Al models may not work equitably across groups.

4. Autonomy

Privacy and security risks— Clinical assessment, treatment

« Potentia data breaches exposing mental health information and sensitive data.

«  Special concerns for vulnerable populations such as children.

Transparency and explainability — Diagnosis, treatment
o Lack of clear rationale for Al decisions.
«  Practitioners unable to understand Al recommendations.

«  Black-box nature reduces informed consent.

Limited informed consent — Clinical assessment, treatment

«  Patientslack understanding of data usage and transparency.

To mitigate these challenges, participants suggested security
features for Al-based mental health technologies, including
authentication through coded data such asanonymized 1D rather
than personal information (3/18), password protection (4/18),
and avoiding recording of any identifiable data such as emails
(P12). With respect to maobile apps, several participants (4/18)
highlighted the need for increased transparency in app design,
for instance through clear communication on data usage (P2).
Other suggestions were aimed at protecting the practitioners
entered data, for example through secure note-taking or
documentation functionalities, as well as additiona
functionalitiesfor supervision notesto maintain confidentiality
and professionalism (11/18). Findings also suggest awareness
of the challenges of Al-based decisions and the need for their
clear rational e and layperson explanations (3/18), which inturn
could increase practitioners’ Al literacy: “I would want to see
how [Al] reached that recommendation [...] it would be helpful
to see some kind of pathway [how] did it get there? Oh, | can
see, there was that symptom” (P1).

Discussion

Principal Findingsand Comparison With Prior Work

With regard to RQ1, findings suggest that practitioners
acceptance of Al isstage-specific. For assessment, they wanted
Al to be used for gathering and organizing rich patient
information, such as self-reported background data, mood and
behavior tracking through digital diaries, and automating
note-taking, in order to build a more complete picture of each
patient over time. This aligns with prior cals for richer,
multimodal input datain mental health apps[62].

Such Al functionalities were framed as extending, rather than
replacing, clinical judgment, which matters in light of prior
findings that Al chatbots are limited by users Al literacy
[32,33]. Asexpert practitioners, our participantswerein astrong
position to identify where Al may add valueto their practice or
not, rather than accepting or regjecting Al as a whole. For
diagnosis, practitioners wanted Al to be used only to validate
and support their own diagnostic judgment, rather than to
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generate adiagnosisindependently, and they expressed concerns
that Al-led diagnosis could strip away the nuance of apatient’s
presentation and reduce them to a label rather than a person.
This aligns with prior HCI research cautioning against fully
autonomous Al-based diagnosis without practitioner oversight
[22] and extends prior work that examined Al adoption without
distinguishing between therapeutic stages [63]. For treatment,
practitioners wanted Al to be used for recommending
personalized interventions, delivering timely support between
sessions, and monitoring and adapting treatment plans as
patients symptoms changed, which echoes prior calls for
explainability in Al-supported care [4].

This preference for Al to become embedded under practitioner
oversight a so helpsexplain why earlier toolsstruggled to remain
adopted: Woebot showed early promise but ultimately ceased
operations, reflecting the tension between clinical innovation
and sustainableintegration into everyday practice [34,35]. More
broadly, our stage-specific findings offer one explanation for
why adoption of Al-based mental health technologies, including
advanced tools such as home-based Al therapists and digital
phenotyping [37,38], has remained slow [9,26]. Thus, we argue
that practitioners are not resistant to Al itself, but to Al applied
without regard to the specific therapeutic stage. Prior studies
on practitioners’ attitudes and adoption readiness[13-17,19,20]
have largely examined a single tool or service; our findings
begin to address this gap by showing that acceptance depends
on which stage of the therapeutic journey Al is applied to.

With regard to RQ2, we explored the ethical aspects of Al
technologies for mental health, and our findings highlight
concerns under each of the 4 principles of biomedical ethics
[21]. We also build on prior work [63] to organize these
concerns according to the 4 principles, rather than treating them
inisolation. Under nonmaleficence, we have concerns centered
on insufficient or inaccurate patient data, and Al’slimited ability
to capture deep or nuanced meaning. Thisrisksleadingtoinvalid
or harmful decisions if used without practitioner oversight,
confirming and extending prior concerns about unsupported
diagnostic labeling [22]. Under beneficence, we have those
concerns centered on the loss of emotional cues, such asfacial

IMIR Ment Health 2026 | vol. 13| €91884 | p. 11
(page number not for citation purposes)


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

JMIR MENTAL HEALTH

expression, posture, and tone, in Al-mediated data collection,
which can hinder empathy and compromise the clinician’s
capacity to act in the patient’ s best interest. Thisechoes previous
concernsthat algorithmic decision-making strugglesto replicate
therelational qualities central to mental health care[39]. Under
justice, practitionersraised concerns about the accessibility and
inclusivity of Al technologies, including cost, cognitive load,
and the risk that systems trained on nondiverse data may not
serve all populations equally.

Thus, our findings extend prior justice-related critiques of
Al-based mental health apps [33]. Under autonomy, we group
those concerns centered on the privacy and security of sensitive
patient data and the confidentiality of practitioners’ notes,
alongside the need for transparency and explainability in
Al-based decisions. These are aligned with similar tensions
identified in evaluations of generative Al chatbots[47]. We also

Alotaibi & Sas

note that while the ethical concerns are organized under the 4
principles of biomedical ethics as a primarily descriptive tool,
our analysis leverages findings on the outstanding ethical
concerns in order to inform actionable design knowledge of
how such concerns may be addressed by future Al technologies
for mental health clinical practice.

Implications for Design

Our findings informed 4 implications for design research
described below. We propose four design directions: (1) clinical
assessment hubs using Al to analyze multimodal patient data
for transparent decision-making; (2) natural language processing
(NLP)-Al tools for richer understanding of patients
experiences; (3) new models of trust in Al-based diagnosis
decisions; and (4) LLM-powered personalized, adaptive mental
health support systemsthat maintain human-Al partnership and
practitioners' central role (Figure 1).

Figure 1. Thisfigure presents our design implications for mental health technologies. It illustrates how Al systems can be designed to ethically and
transparently support practitioners within and across assessment, diagnosis, and treatment stages. CBT: cognitive behavioral therapy.
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This design implication is grounded in our findings, where
practitionersidentified clinical assessment asanimportant stage
for Al and highlighted two specific challenges aligned with our
ethical framework: (1) beneficence: current assessment relies
on fragmented, limited data and manual note-taking, missing
important patterns over time; and (2) nonmaleficence: the need
to avoid oversimplifying complex patient experiences through
richer data categorization. These principles point to a
transparent, multimodal hub that combines richer data with
explainability and practitioner oversight, rather than data
collection aone.

While most practitioners described wanting Al to capture body
language and diary entriesalongside self-report data, some al so
suggested voice input and biosignals as additional data types
worth exploring in future design work. To address these, we
propose a Clinical Assessment Hub, a centralized Al-powered
platform that integrates multimodal data (text, voice, facial
expression, biosignals) to support practitioners in identifying
symptoms, risk factors, and triggers through transparent,
explainable, and practitioner-supervised decision-making. This
is inspired by practitioners expressed need for more robust,
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centralized assessment tools and reflects the principles of
beneficence and nonmaleficence by maintaining human
oversight and transparency to minimize potential harm.

This design direction is directly motivated by practitioners
accounts. Participants described the limitations of existing
note-taking tools, the absence of bodily cuesin remote sessions,
and the clinical value of tracking how symptoms change over
time across domains such as work and relationships. These
practitioner-identified gaps point toward a centralized hub as a
design response, rather than afully specified technical solution.
These outcomes open up design opportunities for positioning
dataand Al models as exciting resourcesfor interaction design.
For this, we can draw inspiration from emerging work on data
practices [64], or comparative exploration of Al models for
predicting conditions[7]. For instance, the study by Chen et al
[65] has shown the value of supervised learning for
differentiating specific mental conditions, unsupervised learning
for identifying condition subtypes, and regression models for
predicting changes in symptoms. We draw on these examples
to illustrate the kinds of analytical capabilities that could be
explored in future design and evaluation work, in response to
the multimodal data needs articulated by our practitioners.

We suggest the value of such atailored approach to Al models
for analyzing integrated multimodal data to support the
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identification of symptoms, risk factors, and triggers, and their
change over time, both actual and predicted. This could draw
on Al models for analyzing speech, facial expressions, and
contextual information [66-68], aswell as emerging approaches
such as changepoint detection [69] and predictive analysis
models [70]. The integration of multimodal data from both
patients and practitioners, as described by participants, can lay
the foundation for such a hub as a practitioner-centered tool,
one that future co-design and implementation studies should
further develop and evaluate.

Innovative NL P-Al Toolsfor Deeper M eaning-Making

Thisdesignimplication addresses akey nonmal eficence concern
identified by practitioners: Al's inability to probe deeper
meaning in patient data, including challenges around suicide
detection, symptom differentiation, and thematic analysis of
diary entries. These concerns arose directly from participants
accounts. Practitioners described how a patient might say they
are happy while displaying visible sadness and questioned
whether Al could differentiate between similar symptoms or
detect deeper emotional meaning in self-reported text. They
also highlighted the challenge of thematic categorization. For
example, whether Al could distinguish social anxiety from other
forms of anxiety, or identify whether diary entries relate to
family, work, or other life domains. These concerns highlight
that limited datavalidity could lead to misdiagnosis, particularly
for conditions such as depression, where subtle emotional and
cognitive patterns are clinically critical. Rather than simply
recommending more advanced NLP models, nonmaleficence
points specifically to the need for explainable NL P systemsthat
minimize clinica harm through contextual, transparent
interpretation, rather than more accurate but opaque prediction.

To address this, future design opportunities could explore
transformer-based NLP models capable of contextua
interpretation of patient datawhile reducing therisk of clinically
harmful misinterpretation. Models such as ClinicalBERT [71]
and MentaBERT [72] are potentialy relevant here. For
example, Clinica BERT was pretrained on clinical notes from
electronic health records, giving it familiarity with medical
language and symptom descriptions that general-purpose
language models lack; while Menta BERT was specifically
pretrained on mental health-related text from social media and
clinical sources, making it better suited to the informal,
emotionally laden language that may appear in patient diary
entries or self-reports. There is also emerging evidence that
domain-specific pretraining improves NLP performance on
mental health classification tasks compared to general models
[72], though evidence of clinical outcome improvement in
deployed therapeutic settings remains limited. These models
therefore represent technically motivated starting points for
exploration. For longitudinal or multimodal assessment,
sequence models such as BiLSTMs (Bidirectional Long
Short-Term Memory) [73,74] offer further possibilities for
modelling temporal changesin symptoms and emotional states
over time.

Grounded in these practitioner-identified needs, we suggest that
a future design agenda could explore NLP-based approaches
capable of contextua understanding of patient text. For instance,

https://mental .jmir.org/2026/1/€91884

Alotaibi & Sas

toolsthat can categorize language by emotional tone, cognitive
content, or life domain, and link these to clinical patterns over
time. Drawing inspiration from LIWC-22 (Linguistic Inquiry
and Word Count) [75-77] in its approach to categorizing text
according to linguistic and psychological dimensions, future
systems could use contextual embeddings and machinelearning
to perform dynamic classification and thematic categorization
of patient data, capturing richer nuances in language, emotion,
and cognition. Thissuggestionisinspired by what practitioners
described as missing from current tools, namely, the ability to
go beyond surface-level keywords to detect patterns across
symptom categories, emotional distress, social withdrawal, and
risk factors. The integration of NLP tools for emotion and
cognitive pattern analysis into HCI-driven mental health
technol ogies al so increases transparency [ 78] and supports more
informed decision-making [79]. By linking Al outputsto specific
text segments, practitioners can understand how patient datais
processed and acted upon, supporting explainability and
human-Al partnership. These design possibilities are directly
inspired by practitioner concerns, and future co-design work is
needed to assess their clinical feasibility.

Co-Designing New M odels of Trust in Al-Based
Diagnosis Decisions

Given the high ethical sensitivity of diagnosis, we propose
co-designing Al diagnostic support tools based on a human-Al
partnership model, where Al serves as a validator of
practitioners judgment rather than a replacement. This
implication is grounded in our findings, where practitioners
expressed resistance to autonomous Al diagnosis, citing the
risks of dehumanization and oversimplification of complex
clinica judgments. This approach directly addresses the
principles of autonomy and nonmaleficence, particularly in
depression care, where gender, age, and ethnic biases may be
replicated in Al models. Practitioners concerns about Al
diagnosis were not simply a matter of building trust in the
technology: autonomy pointed to preserving practitioners
decision-making authority, while nonmal eficence highlighted
therisks of misdiagnosis. Together, these principles point toward
ahuman-Al partnership model, rather than a more autonomous
diagnostic system.

Previous HClI work has indeed indicated the harmful
implications of automated diagnosis delivered without
practitioners’ input or support [22,62]. We advocate for the
human-Al partnership previously proposed through codesign
of Al interfacesfor CBT interventions[4]. We extend the value
of such human-Al partnership within and across the entire
therapeutic journey, from assessment and diagnosis to
interventions, as well as to a broader range of therapeutic
approaches including person-centered, psychodynamic, and
humanistic therapy. In addition, we argue for the importance
of atheoretical foundation for Al design for mental health. For
this, a promising lens is medical ethics, which positions the
technological advent of Al as a major risk for dehumanizing
mental health care [39,42-45]. Medical ethics has also started
to explore the challenges of hybrid decision-making and the
need for aternative model s of epistemic responsibility that such
decisions entail [80]. More specifically, practitioners’ accounts
highlight the importance of safeguarding their central role in
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overseeing Al-based decisions, and against the risk of emotional
disconnect by maintaining the much-needed humanness [4] of
therapeutic rapport [39]. Our study explored participants' views
on Al potential rather than actual trust in Al technologies. Future
work is needed to investigate new models of trust that
practitioners, as well as patients, are prepared to negotiate for
Al-based technologies for mental health. Co-design studies
emerging in this space [4] are promising. We can also look at
candidate models of trust from the ethics of Al research area.
One such model isthat of discretionary authority through which
practitioners decide to give Al authority for specific decisions,
that is, to trust them, while remaining morally accountable for
their implications[81]. Such models are particul arly important
for exploring the ethical concerns regarding ownership of
misdiagnosis.

Practitioners expressed the view that when Al systems are
designed with explainability, transparency, and practitioners
oversight, they could enhance the practitioner-client alliance
[82]. Our findings indicate that practitioners considered the
importance of these qualitiesin the practical realities of clinical
settings. They raised concerns about how sensitive datais stored
and shared, and highlighted the need for clear, understandable
rational es behind Al-generated recommendations. Thisincluded
preferences for anonymized data handling, password-protected
systems, and transparent documentation features. Practitioners
also pointed to the value of interpretable outputs as a way to
maintain control and ensure the technology aligns with ethical
and patient-centered care.

Designing L L M-Powered Per sonalized and Adaptive
Mental Health Support Systems

To address practitioners' needs for personalized, continuous
support, we focus on the treatment stage, emphasizing
interventionsthat extend beyond therapy sessions. Practitioners
identified key challenges aligned with both beneficence and
justice: the need for personalized, timely interventions (not
generic recommendations) delivered when patients need them
most. By considering beneficence and justice together, we can
think beyond simply adding more Al features to a specific
requirement for adaptive and personalized support, and also to
ensure access for patients with different needs. These
practitioner-expressed needs point toward novel design
opportunities for Al systems capable of continuous, adaptive
support, with LLMs representing one technically promising
candidate.

To addressthese needs, we propose L L M-powered systemsthat
continuously integrate multimodal patient data, including mood
tracking, thought patterns, behavioral observations, and diary
entries, to deliver personalized, adaptive CBT-informed
interventions [54,83,84]. This approach leverages LLMS
contextual understanding to (1) generate personalized
interventions specific to each patient’s diagnosed condition and
therapeutic approach; (2) adapt recommendations based on
real-time mood and behavior changes, and (3) incorporate
explainable Al to make reasoning transparent (addressing
autonomy concerns). These 3 capabilities map directly onto
specific practitioner concerns identified in our findings:
personalization responds to practitioners calls for detailed,
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individual-specific treatment plans rather than generic
recommendations; real-time adaptation addressestheir emphasis
on monitoring symptom changes and risk factors between
sessions; and explainability directly responds to practitioners
stated need to understand how Al reachesits recommendations
and to maintain oversight of Al-generated decisions.

By integrating this system within a human-Al partnership
framework, where practitioners retain oversight and can adjust
Al recommendations, we frame treatment as an ongoing
dialogue rather than autonomous decision-making. This could
also incorporate proactive risk detection to flag deterioration
between sessions, supported by practitioners’ recognition that
carefully designed Al has avaluable role in monitoring clients
incrisis[85].

Limitations

Our study has severa limitations that future work should
address. First, our sample of 18 counsel ors and psychotherapists
isrelatively small, limited to the UK context, and drawn from
asingle professional association, which may limit the diversity
of perspectives represented. The sample size reflects the
practical constraints of recruiting specialist practitionersand is
consistent with the exploratory nature of such qualitative
research. Nevertheless, our purposive sampling focused on
recruiting expert mental health practitioners, ensuring that our
participants were able to draw from their extended clinical
practiceto reflect on the preuse acceptability of Al technologies.
Thus, aligned with previous findings on the value of smaller
homogeneous samples to reach meaning saturation [86], we
also argue that our homogeneous sampl e of 18 participants has
provided information-rich accounts for an in-depth analysis.
We al so acknowledge the gender imbalance of our sample; yet
this is indicative of the feminization of the hedth care
profession, including mental health practice [87].

Second, the scenario presented on Al for depression detection
was designed to increase practitioners Al literacy, as few had
experience using Al in their clinical practice. Improving Al
literacy among mental health practitioners before engaging them
inresearch or implementation is considered important, aslimited
training and understanding have been identified as key barriers
to Al adoptioninclinical settings[4,14,88]. The Al presentation
at the start of our interviews was therefore a deliberate
methodological choice to ensure meaningful participation. We
also acknowledge that it may have anchored participants
responses around our provided examples of Al use, potentially
impacting the envisaged benefits and risks. It is important to
note that while the scenario was specific to depression detection,
theinterview questionswereintentionally broader, covering Al
useacrossall 3 therapeutic stages of assessment, diagnosis, and
treatment, thus allowing participants to draw on their wider
clinical experience beyond the scenario presented. Future studies
could use multiple scenarios or open-ended prompts to further
reduce this potential bias. Finally, although multimodal data
can enhance Al predictions, practical challenges in collecting
and integrating such data in clinical settings were not fully
explored. Despite these limitations, thefindings provide valuable
insightsinto practitioner perspectives on Al integrationin mental
health care.
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Conclusions

This study explored mental health practitioners’ perspectives
on Al technologies across the main stages of therapeutic
practice; assessment, diagnosis, and treatment. Through
interviewswith 18 practitioners, wefound preliminary evidence
suggesting that Al may hold different value and raise different
ethical concerns depending on the therapeutic stage, from the
perspective of this group of UK practitioners. Practitioners see
the most potential for Al intreatment but show strong resistance
to autonomous Al diagnosis. Practitioners expressed the view
that Al ought to validate and enhance their clinical judgment
rather than make independent decisions. This human-Al
partnership model emerged as essential across al therapeutic
stages. We organized the ethical challenges practitioners
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reaches its recommendations. Based on these findings, we
proposed four design directions for Al technologies in mental
health: (1) clinical assessment hubs that integrate multimodal
patient data for transparent, ongoing assessment; (2) NLP-Al
tools to capture deeper psychological meaning in patient
language; (3) co-designed models of trust that position Al asa
validator of practitioners’ diagnostic judgment rather than an
autonomous decision-maker; and (4) LLM-powered personalized
support systems that deliver adaptive interventions while
maintaining human oversight and practitioners' central role.

No generative Al tools were used at any stage in the preparation of this paper.

Funding

The authors declared that no financial support was received for thiswork.

Authors Contributions

Conceptualization: AA, CS
Datacuration: AA

Formal analysis: AA, CS
Methodology: AA, CS

Supervision: CS

Writing —original draft: AA
Writing — review & editing: AA, CS

Conflictsof I nterest
None declared.

Multimedia Appendix 1

Interview guide and questions used in the studly.
[DOCX File, 38 KB-Multimedia Appendix 1]

References

1. Bacombel, De Leo D. Human-computer interaction in digital mental health. Informatics. 2022;9(1):14. [doi:

10.3390/informatics9010014]

Thieme A, Belgrave D, Doherty G. Machine learning in mental health: a systematic review of the HCI literature to support

2.
the development of effective and implementable ML systems. ACM Trans Comput-Hum Interact. 2020;27(5):1-53. [doi:
10.1145/3398069]

3. XuW, Dainoff MJ, Ge L, Gao Z. Transitioning to human interaction with Al Systems: new challenges and opportunities
for HCI professionals to enable human-centered Al. International Journal of Human—Computer Interaction. Apr 06,
2022;39(3):494-518. [doi: 10.1080/10447318.2022.2041900]

4.  Thieme A, Hanratty M, Lyons M, Palacios J, et al. Designing human-centered Al for mental health: developing clinically
relevant applicationsfor online CBT treatment. ACM Trans Comput-Hum I nteract. 2023;30(2):1-50. [doi: 10.1145/3564752]

5. Koulouri T, Macredie RD, Olakitan D. Chatbotsto support young adults mental health: an exploratory study of acceptability.
ACM Trans Interact Intell Syst. 2022;12(2):1-39. [doi: 10.1145/3485874]

6. GeQ,Liul, ZhangH, Li L, et a. Designing Philobot: a chatbot for mental health support with CBT techniques. 2023.
Presented at: Proceedings of 2023 Chinese Intelligent Automation Conference; October 2-5, 2023:361-371; Nanjing, China.
[doi: 10.1007/978-981-99-6187-0_36]

7.

https://mental .jmir.org/2026/1/€91884

Graham S, Depp C, Lee EE, Nebeker C, Tu X, KimH-C, et al. Artificial intelligence for mental health and mental illnesses:
an overview. Curr Psychiatry Rep. 2019;21(11):116. [FREE Full text] [doi: 10.1007/s11920-019-1094-0] [Medline:
31701320]

JMIR Ment Health 2026 | vol. 13| €91884 | p. 15
(page number not for citation purposes)


https://jmir.org/api/download?alt_name=mental_v13i1e91884_app1.docx&filename=ac0d7bb023c2f74183fbe0fba8ec5dd6.docx
https://jmir.org/api/download?alt_name=mental_v13i1e91884_app1.docx&filename=ac0d7bb023c2f74183fbe0fba8ec5dd6.docx
http://dx.doi.org/10.3390/informatics9010014
http://dx.doi.org/10.1145/3398069
http://dx.doi.org/10.1080/10447318.2022.2041900
http://dx.doi.org/10.1145/3564752
http://dx.doi.org/10.1145/3485874
http://dx.doi.org/10.1007/978-981-99-6187-0_36
https://europepmc.org/abstract/MED/31701320
http://dx.doi.org/10.1007/s11920-019-1094-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31701320&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MENTAL HEALTH Alotaibi & Sas

8.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.
22.

23.

24,

25.

26.

27.

28.

29.

30.

Kaklauskas A, Abraham A, Ubarte |, Kliukas R, Luksaite V, Binkyte-Veliene A, et al. A review of Al cloud and edge
sensors, methods, and applications for the recognition of emotional, affective and physiological states. Sensors (Basel).
2022;22(20):7824. [FREE Full text] [doi: 10.3390/s22207824] [Medline: 36298176]

Pham KT, Nabizadeh A, Selek S. Artificial intelligence and chatbotsin psychiatry. Psychiatr Q. 2022;93(1):249-253. [FREE
Full text] [doi: 10.1007/s11126-022-09973-8] [Medline: 35212940]

Boucher EM, Harake NR, Ward HE, Stoeckl SE, Vargas J, Minkel J, et a. Artificially intelligent chatbotsin digital mental
health interventions: areview. Expert Rev Med Devices. 2021;18(supl):37-49. [FREE Full text] [doi:
10.1080/17434440.2021.2013200] [Medline: 34872429]

Chikersal P, Belgrave D, Doherty G, et a. Understanding client support strategiesto improve clinical outcomesin an online
mental health intervention. 2020. Presented at: CHI '20: Proceedings of the 2020 CHI Conference on Human Factorsin
Computing Systems; April 25-30, 2020:1-16; Honolulu, HI. [doi: 10.1145/3313831.3376341]

Jacobs M, He J, Pradier MF, et a. Designing Al for trust and collaboration in time-constrained medical decisions: a
sociotechnical lens. 2021. Presented at: CHI '21: Proceedings of the 2021 CHI Conference on Human Factorsin Computing
Systems; May 8-13, 2021:1-14; Yokohama, Japan. [doi: 10.1145/3411764.3445385]

Sebri V, Pizzoli SFM, Savioni L, Stefano T. Artificial intelligence in mental health: professionals attitudes towards Al as
apsychotherapist. Ann Rev Cybertherapy Telemed. 2020:229-233. [FREE Full text]

Zhang M, Scandiffio J, Younus S, Jeyakumar T, Karsan |, Charow R, et a. The adoption of Al in mental health
care-perspectives from mental health professionals: qualitative descriptive study. IMIR Form Res. 2023;7:e47847. [FREE
Full text] [doi: 10.2196/47847] [Medline: 38060307]

Cross S, Bell I, Nicholas J, Valentine L, Mangelsdorf S, Baker S, et al. Use of Al in mental health care: community and
mental health professionals survey. IMIR Ment Health. 2024;11:e60589. [ FREE Full text] [doi: 10.2196/60589] [Medline:
39392869]

Prescott J, Hanley T. Therapists' attitudestowardsthe use of Al intherapeutic practice: considering the therapeutic alliance.
Ment Health Soc Inclusion. 2023;27(2):177-185. [doi: 10.1108/mhsi-02-2023-0020]

Weir IB, Stroud AM, Stout JJ, Barry BA, Athreya AP, Bobo WYV, et al. Physician perspectives on the impact of artificial
intelligence on the therapeutic relationship in mental health care: qualitative study. IMIR Ment Health. 2025;12:e81970.
[FREE Full text] [doi: 10.2196/81970] [Medline: 41468531]

Rehman F, Sgjjad S. Bridging technology and therapy: exploring Al in mental health services through counselors and
students’ perspectives. Online Media and Society. 2025;6(1):31-44. [doi: 10.71016/oms/hn8an983]

Wester J, de Jong S, Pohl H, van Berkel N. Using LLMs for self-care: User and counsellor perspectives. International
Journal of Human-Computer Studies. Sep 2025;203:103589. [doi: 10.1016/j.ijhcs.2025.103589)]

Moore J, Grabb D, Agnew W, et al. Expressing stigma and inappropriate responses prevents LLMs from safely replacing
mental health providers. 2025. Presented at: Proceedings of the 2025 ACM Conference on Fairness, Accountability, and
Transparency; June 23-26:599-627; Athens Greece. [doi: 10.1145/3715275.3732039]

Beauchamp TL, Childress JF. Principles of Biomedical Ethics. United Kingdom. Oxford University Press; 2001.

Sanches P, Janson A, Karpashevich P, Camille N, Chengcheng Q, ClaudiaDR, et a. HCI and affective health: taking stock
of adecade of studies and charting future research directions. 2019. Presented at: CHI '19: Proceedings of the 2019 CHI
Conference on Human Factors in Computing Systems; May 4-9:1-17; Glasgow, Scotland, UK. [doi:
10.1145/3290605.3300475]

Bowie-DaBreo D, Corina S, Heather |, Slinram-Lea S. User perspectives and ethical experiences of apps for depression: a
qualitative analysis of user reviews. 2022. Presented at: CHI '22: Proceedings of the 2022 CHI Conference on Human
Factorsin Computing Systems; April 29-May 5:1-24; New Orleans, LA. [doi: 10.1145/3491102.3517498]

Gorelik AJ, Li M, Hahne J, Wang J, Ren Y, Yang L, et al. Ethics of Al in healthcare: a scoping review demonstrating
applicability of afoundational framework. Front Digit Health. 2025;7:1662642. [FREE Full text] [doi:
10.3389/fdgth.2025.1662642] [Medline: 41000336]

Loch AA, Lopes-RochaAC, AraA, Gondim JM, Cecchi GA, Corcoran CM, et a. Ethical implications of the use of language
analysis technologies for the diagnosis and prediction of psychiatric disorders. IMIR Ment Health. 2022;9(11):e41014.
[FREE Full text] [doi: 10.2196/41014] [Medline: 36318266]

Poudel U, Jakhar S, Mohan P, Nepal A. Al in mental health: areview of technological advancements and ethical issuesin
psychiatry. Issues Ment Health Nurs. 2025;46(7):693-701. [FREE Full text] [doi: 10.1080/01612840.2025.2502943]
[Medline: 40378075]

Babu A, Joseph AP. Artificial intelligence in mental healthcare: transformative potential vs. the necessity of human
interaction. Front Psychol. 2024;15:1378904. [doi: 10.3389/fpsyq.2024.1378904]

Ahmad Wani M, ELAffendi M, Shakil K, Sharig Imran A, Abd El-Latif A. Depression screening in humans with ai and
deep learning techniques. |EEE Trans Comput Soc Syst. Aug 2023;10(4):2074-2089. [doi: 10.1109/TCSS.2022.3200213]
Antoniou G, Papadakis E, Baryannis G. Mental health diagnosis: a case for explainable artificial intelligence. Int J Artif
Intell Tools. May 03, 2022;31(03):1. [FREE Full text] [doi: 10.1142/S0218213022410032]

BalcombeL. Al chatbotsin digital mental health. Informatics. Oct 27, 2023;10(4):82. [doi: 10.3390/informati cs10040082]

https://mental.jmir.org/2026/1/e91884 JMIR Ment Health 2026 | vol. 13 | €91884 | p. 16

(page number not for citation purposes)


https://www.mdpi.com/resolver?pii=s22207824
http://dx.doi.org/10.3390/s22207824
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36298176&dopt=Abstract
https://europepmc.org/abstract/MED/35212940
https://europepmc.org/abstract/MED/35212940
http://dx.doi.org/10.1007/s11126-022-09973-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35212940&dopt=Abstract
https://www.tandfonline.com/doi/10.1080/17434440.2021.2013200?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1080/17434440.2021.2013200
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34872429&dopt=Abstract
http://dx.doi.org/10.1145/3313831.3376341
http://dx.doi.org/10.1145/3411764.3445385
https://www.researchgate.net/profile/Stefano-Triberti/publication/351579105_Artificial_Intelligence_in_mental_health_professionals'_attitudes_towards_AI_as_a_psychotherapist/links/609e643c92851cfdf330b3b1/Artificial-Intelligence-in-mental-health-professionals-attitudes-towards-AI-as-a-psychotherapist.pdf
https://formative.jmir.org/2023//e47847/
https://formative.jmir.org/2023//e47847/
http://dx.doi.org/10.2196/47847
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38060307&dopt=Abstract
https://mental.jmir.org/2024//e60589/
http://dx.doi.org/10.2196/60589
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39392869&dopt=Abstract
http://dx.doi.org/10.1108/mhsi-02-2023-0020
https://mental.jmir.org/2025//e81970/
http://dx.doi.org/10.2196/81970
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=41468531&dopt=Abstract
http://dx.doi.org/10.71016/oms/hn8an983
http://dx.doi.org/10.1016/j.ijhcs.2025.103589
http://dx.doi.org/10.1145/3715275.3732039
http://dx.doi.org/10.1145/3290605.3300475
http://dx.doi.org/10.1145/3491102.3517498
https://doi.org/10.3389/fdgth.2025.1662642
http://dx.doi.org/10.3389/fdgth.2025.1662642
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=41000336&dopt=Abstract
https://mental.jmir.org/2022/11/e41014/
http://dx.doi.org/10.2196/41014
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36318266&dopt=Abstract
https://www.tandfonline.com/doi/10.1080/01612840.2025.2502943?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1080/01612840.2025.2502943
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40378075&dopt=Abstract
http://dx.doi.org/10.3389/fpsyg.2024.1378904
http://dx.doi.org/10.1109/TCSS.2022.3200213
https://pure.hud.ac.uk/ws/portalfiles/portal/48277417/IJAIT_Mental_Health_Diagnosis_and_XAI_FINAL.pdf
http://dx.doi.org/10.1142/S0218213022410032
http://dx.doi.org/10.3390/informatics10040082
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MENTAL HEALTH Alotaibi & Sas

31.

32.

33.

35.

36.

37.

38.

39.

40.

41.

42.

43.

45,

46.

47.

48.

49,

50.

51.

52.

53.

55.

Hamdoun S, Monteleone R, Bookman T, Michael K, Michael K. Al-based and digital mental health apps: balancing need
and risk. IEEE Technol Soc Mag. Mar 2023;42(1):25-36. [doi: 10.1109/MTS.2023.3241309]

Alotaibi A, Sas C. Review of Al-based mental health apps. 2023. Presented at: BCS HCI '23: Proceedings of the 36th
International BCS Human-Computer Interaction Conference; August 28-29:238-250; University of York, UK. [doi:
10.14236/ewic/beshci2023.27)

Ali M, Ali S, Abbas Q, Abbas Z, Lee SW. Atrtificial intelligence for mental health: a narrative review of applications,
challenges, and future directions in digital health. Digit Health. 2025;11:20552076251395548. [FREE Full text] [doi:
10.1177/20552076251395548] [Medline: 41262770]

Wan E. "I'm like awise little person”: notes on the metal performance of Woebot the mental health chatbot. Theatre J.
2021;73:E-21-E-30. [doi: 10.1353/t].2021.0068]

Aguilar M. Why Woebot, a pioneering therapy chatbot, shut down. STAT News. Jul 2, 2025. URL : https.//www.stathews.com/
2025/07/02/woebot-therapy-chatbot-shuts-down-founder-says-ai-moving-faster-than-regul ators/ [accessed 2026-09-26]

Li W, Fan X, Zhu H, et a. Research on the influencing factors of user trust based on artificial intelligence self diagnosis
system. 2020. Presented at: ACM TURC '20: Proceedings of the ACM Turing Celebration Conference - China; May
22-24:197-202; Hefei, China. [doi: 10.1145/3393527.3393561]

NieJ, Shao H, Zhao M, et a. Conversational Al therapist for daily function screening in home environments. 2022. Presented
at: IASA '22: Proceedings of the 1st ACM International Workshop on Intelligent Acoustic Systems and Applications; July
1, 2022:31-36; Portland, OR. [doi: 10.1145/3539490.3539603]

BogdanovaK. Aesthetics of a gorithmic care: designing alternative human-Al collaboration practicesfor digital phenotyping.
2024. Presented at: Designing I nteractive Systems Conference (DI1S Companion’ 24); July 01-05, 2024:59-61; I T University
of Copenhagen, Denmark. URL: https.//dl.acm.org/doi/pdf/10.1145/3656156.3665127 [doi: 10.1145/3656156.3665127]
Minerva F, Giubilini A. Is Al the Future of Mental Healthcare? Topoi (Dordr). May 31, 2023;42(3):1-9. [FREE Full text]
[doi: 10.1007/s11245-023-09932-3] [Medline: 37361723]

Frances A. Artificial intelligence and psychiatric diagnosis: a warning to the mental health community. World Psychiatry.
2026;25(1):148-149. [FREE Full text] [doi: 10.1002/wps.70015] [Medline: 41536111]

OyetolaFll. Artificial intelligence applications in mental health crisis prediction: navigating privacy, consent, and fairness
in clinical decision-making. Int J Comput Appl Technol Res. 2025;14(8):97-111. [doi: 10.7753/|JCATR1408.1009]
Dalton-Brown S. The ethics of medical Al and the physician-patient relationship. Cambridge Q Healthcare Ethics.
2020;29(1):115-121. [doi: 10.1017/S0963180119000847]

Iniesta R. The human role to guarantee an ethical Al in healthcare: afive-facts approach. Al Ethics. 2023;5:385-397. [doi:
10.1007/s43681-023-00353-x]

Roberts T, Zheng Y. Datafication, dehumanisation and participatory development. 2022. Presented at: 17th IFIP WG 9.4
International Conference on Implications of Information and Digital Technologies for Development, ICT4D 2022; May
25-27:377-396; Lima, Peru. [doi: 10.1007/978-3-031-19429-0_23]

Sauerbrel A, Kerasidou A, Lucivero F, Hallowell N. Theimpact of artificial intelligence on the person-centred, doctor-patient
relationship: some problems and solutions. BMC Med Inf Decis Making. 2023;23(1):73. [FREE Full text] [doi:
10.1186/s12911-023-02162-y] [Medline: 37081503]

PuticaA, Khanna R, Bodl W, Saraf S, Edgcomb J. Ethical decision-making for Al in mental health: the integrated ethical
approach for computational psychiatry (IEACP) framework. Psychol Med. 2025;55:€213. [doi: 10.1017/S0033291725101311]
[Medline: 40702980]

Blease C, Rodman A. Generative artificial intelligence in mental healthcare: an ethical evaluation. Curr Treat Options
Psychiatry. 2025;12(1):5. [doi: 10.1007/s40501-024-00340-x]

Carr S. 'Al gone mental': engagement and ethics in data-driven technology for mental health. J Ment Health. Apr
2020;29(2):125-130. [doi: 10.1080/09638237.2020.1714011] [Medline: 32000544]

Li F, Sun H, Biswal BB, Sweeney JA, Gong Q. Artificia intelligence applications in psychoradiology. Psychoradiol ogy.
2021;1(2):94-107. [FREE Full text] [doi: 10.1093/psyrad/kkab009] [Medline: 37881257]

Montag C, Ali R, Al-Thani D, Hall BJ. On artificial intelligence and global mental health. Asian JPsychiatry. 2024;91:103855.
[FREE Full text] [doi: 10.1016/.8p.2023.103855] [Medline: 38113698]

Nadal C, SasC, Doherty G. Technology acceptancein maobile health: scoping review of definitions, models, and measurement.
JMed Internet Res. 2020;22(7):e17256. [FREE Full text] [doi: 10.2196/17256] [Medline: 32628122]

Suchman LA. Plans and Situated Actions: The Problem of Humanmachine Communication. United Kingdom. Cambridge
University Press; 1987.

McCarthy J. What isartificial intelligence? Stanford University. 2007. URL : https://www-formal .stanford.edu/jmc/whatisai.
pdf [accessed 2026-09-26]

Olawade DB, Wada OZ, Odetayo A, David-Olawade AC, Asaolu F, Eberhardt J. Enhancing mental health with artificial
intelligence: current trends and future prospects. J Med, Surg, Public Health. 2024;3:100099. [doi:
10.1016/j.glmedi.2024.100099]

El Nagal, JMurphy M. What is machine learning? In: Machine learning in Radiation Oncology: Theory and Applications.
Berlin. Springer; 2015:3-11.

https://mental .jmir.org/2026/1/e91884 JMIR Ment Health 2026 | vol. 13 | €91884 | p. 17

(page number not for citation purposes)


http://dx.doi.org/10.1109/MTS.2023.3241309
http://dx.doi.org/10.14236/ewic/bcshci2023.27
https://journals.sagepub.com/doi/10.1177/20552076251395548?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/20552076251395548
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=41262770&dopt=Abstract
http://dx.doi.org/10.1353/tj.2021.0068
https://www.statnews.com/2025/07/02/woebot-therapy-chatbot-shuts-down-founder-says-ai-moving-faster-than-regulators/
https://www.statnews.com/2025/07/02/woebot-therapy-chatbot-shuts-down-founder-says-ai-moving-faster-than-regulators/
http://dx.doi.org/10.1145/3393527.3393561
http://dx.doi.org/10.1145/3539490.3539603
https://dl.acm.org/doi/pdf/10.1145/3656156.3665127
http://dx.doi.org/10.1145/3656156.3665127
https://air.unimi.it/handle/2434/1040478
http://dx.doi.org/10.1007/s11245-023-09932-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37361723&dopt=Abstract
https://onlinelibrary.wiley.com/doi/10.1002/wps.70015
http://dx.doi.org/10.1002/wps.70015
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=41536111&dopt=Abstract
http://dx.doi.org/10.7753/IJCATR1408.1009
http://dx.doi.org/10.1017/S0963180119000847
http://dx.doi.org/10.1007/s43681-023-00353-x
http://dx.doi.org/10.1007/978-3-031-19429-0_23
https://bmcmedinformdecismak.biomedcentral.com/articles/10.1186/s12911-023-02162-y
http://dx.doi.org/10.1186/s12911-023-02162-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37081503&dopt=Abstract
http://dx.doi.org/10.1017/S0033291725101311
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40702980&dopt=Abstract
http://dx.doi.org/10.1007/s40501-024-00340-x
http://dx.doi.org/10.1080/09638237.2020.1714011
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32000544&dopt=Abstract
https://europepmc.org/abstract/MED/37881257
http://dx.doi.org/10.1093/psyrad/kkab009
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37881257&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1876-2018(23)00412-4
http://dx.doi.org/10.1016/j.ajp.2023.103855
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38113698&dopt=Abstract
https://www.jmir.org/2020/7/e17256/
http://dx.doi.org/10.2196/17256
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32628122&dopt=Abstract
https://www-formal.stanford.edu/jmc/whatisai.pdf
https://www-formal.stanford.edu/jmc/whatisai.pdf
http://dx.doi.org/10.1016/j.glmedi.2024.100099
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MENTAL HEALTH Alotaibi & Sas

56.

57.
58.

59.

60.

61.

62.

63.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

Women outnumber men in mental health profession. The Goodtherapy Blog. May 26, 2011. URL : https://www.
goodtherapy.org/blog/more-women-mental -health-professional s/ [accessed 2026-09-26]

Smit B. Atlas. ti for qualitative data analysis. Perspect Educ. 2002;20(3):65-75. [FREE Full text]

Jon S. A hybrid approach to thematic analysisin qualitative research: using a practical example. In: Sage Research Methods
Cases Part 2. Thousand Oaks, CA. SAGE Publications Ltd; 2018.

NoraM, Sarita S, Andrea F. Reliability and inter-rater reliability in qualitative research: norms and guidelines for CSCW
and HCI practice. 2019. Presented at: Proceedings of the ACM on Human-Computer | nteraction; November 9-13, 2019:1-23;
Austin, TX. [doi: 10.1145/3359174]

Bridley A, Daffin Jr LW. Fundamentals of psychological disorders. Washington State University. 2024. URL : https.//wsu.
presshooks.pub/app/upl oads/sites/41/2018/05/Fundamental s-of -Psychol ogi cal -Disorders-3rd-edition-5TR-version-3.501.
pdf [accessed 2026-10-03]

Fournier-Tombs E, McHardy J. A medical ethics framework for conversational artificial intelligence. JMed Internet Res.
2023;25:e43068. [FREE Full text] [doi: 10.2196/43068] [Medline: 37224277]

QuC, SasC, Roquet CD, Doherty G. Functionality of top-rated mobile appsfor depression: systematic search and evaluation.
JMIR Ment Health. 2020;7(1):€15321. [FREE Full text] [doi: 10.2196/15321] [Medline: 32012079)]

Stroud AM, Curtis SH, Weir B, Stout JJ, Barry BA, Bobo WV, et a. Physician perspectives on the potential benefits and
risks of applying artificial intelligence in psychiatric medicine: qualitative study. IMIR Ment Health. 2025;12:e64414.
[FREE Full text] [doi: 10.2196/64414] [Medline: 39928397]

Muller M, Langel, Wang D, David B, Jason T, Casey D, et al. How data science workerswork with data: discovery, capture,
curation, design, creation. 2019. Presented at: Proceedings of the 2019 CHI conference on human factorsin computing
systems; May 4-9:1-15; Scotland, United Kingdom. [doi: 10.1145/3290605.3300356]

Chen ZS, Kulkarni PP, Galatzer-Levy IR, Bigio B, Nasca C, Zhang Y. Modern views of machine learning for precision
psychiatry. Patterns (N Y). 2022;3(11):100602. [FREE Full text] [doi: 10.1016/].patter.2022.100602] [Medline: 36419447]
Sarvanan S, Juliet S. Deep medical image reconstruction with autoencoders using deep boltzmann machine training. EAI.
2020;6(24). [doi: 10.4108/eai.24-9-2020.166360]

Kartali A, Roglic M, Barjaktarovic M, MilicaU, MilicaMJ. Real-time a gorithmsfor facial emotion recognition: acomparison
of different approaches. 2018. Presented at: 2018 14th Symposium on Neural Networks and Applications (NEUREL);
November 20-21:1-4; Belgrade, Serbia. [doi: 10.1109/NEUREL .2018.8587011]

DeepaMD, Tamilarasi AT. Bidirectional Encoder Representations from Transformers (BERT) language model for sentiment
analysis task: review. Turk J Comput Math Educ (TURCOMAT). 2021;12(7):1708-1721. [FREE Full text]

Medrano LR. Change-point detection methods for behavioral shift recognition in mental healthcare. Carlos 11 University
of Madrid. 2022. URL: https://hdl.handle.net/10016/36642 [accessed 2026-09-26]

Rehman F, Lakshmi M, Shastry KA, Ismail S. Predictive analysismodel for mental health. 2022. Presented at: Computational
Vision and Bio-Inspired Computing: Proceedings of ICCVBIC; November 18-19, 2022:749-760; Coimbatore, India. [doi:
10.1007/978-981-16-9573-5_54]

Huang K, Altosaar J, Ranganath R. Clinical BERT: modeling clinical notes and predicting hospital readmission. arXiv.
Preprint posted online on November 29, 2020. [doi: 10.48550/arXiv.1904.05342]

J' S, Zhang T, Ansari L, JieF, Prayag T, Erik C. Mental BERT: publicly available pretrained language models for mental
healthcare. 2022. Presented at: Proceedings of the Thirteenth Language Resources and Eval uation Conference; June 20-25,
2022:7184-7190; Marseille, France. URL : https.//aclanthol ogy.org/2022.Irec-1.778.pdf

Abdurrahim, Fudholi DH. Mental health prediction model on social media data using CNN-BiLSTM. Kinetik: Game
Technal, Inf Syst, Comput Network, Comput, Electronics, Control. 2024;9(1):29-44. [doi: 10.22219/Kinetik.v9i1.1849]
Rakib AB, Rumky EA, Ashraf AJ, Md MH, Muhammad AR. Mental healthcare chatbot using sequence-to-sequencelearning
and BiLSTM. 2021. Presented at: International Conference on Brain Informatics, December 3-6, 2021:378-387; Brisbane,
Queensland, Australia. [doi: 10.1007/978-3-030-86993-9_34]

Sert B, Ulker SV. A review of LWIC and machine learning approaches on mental health diagnosis. Soc Rev Technol
Change. 2023;1(2):71-92. [EREE Full text]

Boyd RL, Ashokkumar A, Sergj S, James WP. The development and psychometric properties of LIWC-22. University of
Texas at Austin. 2022. URL: https.//www.liwc.app/static/documents/

L1WC-22%20M anual %620-%20D evel opment%20and%20Psychometrics.pdf [accessed 2026-09-26]

Pennebaker JW, Graybeal A. Patterns of natural language use: disclosure, personality, and social integration. Curr Dir
Psychol Sci. 2001;10(3):90-93. [doi: 10.1111/1467-8721.0012]

Irving J, Patel R, Oliver D, Colling C, Pritchard M, Broadbent M, et al. Using natural language processing on electronic
health records to enhance detection and prediction of psychosisrisk. Schizophr Bull. 2021;47(2):405-414. [FREE Full text]
[doi: 10.1093/schbul/shaal26] [Medline: 33025017]

Malgaroli M, Hull TD, Zech JM, Tim A. Natural language processing for mental health interventions: a systematic review
and research framework. Trand Psychiatry. 309;13:2023. [doi: 10.1038/s41398-023-02592-2]

Babushkina D. Are we justified attributing a mistake in diagnosisto an Al diagnostic system? Al Ethics. 2023;3:567-584.
[doi: 10.1007/s43681-022-00189-X]

https://mental.jmir.org/2026/1/e91884 JMIR Ment Health 2026 | vol. 13 | €91884 | p. 18

(page number not for citation purposes)


https://www.goodtherapy.org/blog/more-women-mental-health-professionals/
https://www.goodtherapy.org/blog/more-women-mental-health-professionals/
https://repository.up.ac.za/server/api/core/bitstreams/4a9f05fa-bf5f-4d3f-ab90-4e9485aab9a0/content
http://dx.doi.org/10.1145/3359174
https://wsu.pressbooks.pub/app/uploads/sites/41/2018/05/Fundamentals-of-Psychological-Disorders-3rd-edition-5TR-version-3.501.pdf
https://wsu.pressbooks.pub/app/uploads/sites/41/2018/05/Fundamentals-of-Psychological-Disorders-3rd-edition-5TR-version-3.501.pdf
https://wsu.pressbooks.pub/app/uploads/sites/41/2018/05/Fundamentals-of-Psychological-Disorders-3rd-edition-5TR-version-3.501.pdf
https://www.jmir.org/2023//e43068/
http://dx.doi.org/10.2196/43068
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37224277&dopt=Abstract
https://mental.jmir.org/2020/1/e15321/
http://dx.doi.org/10.2196/15321
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32012079&dopt=Abstract
https://mental.jmir.org/2025//e64414/
http://dx.doi.org/10.2196/64414
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39928397&dopt=Abstract
http://dx.doi.org/10.1145/3290605.3300356
https://linkinghub.elsevier.com/retrieve/pii/S2666-3899(22)00227-6
http://dx.doi.org/10.1016/j.patter.2022.100602
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36419447&dopt=Abstract
http://dx.doi.org/10.4108/eai.24-9-2020.166360
http://dx.doi.org/10.1109/NEUREL.2018.8587011
https://www.proquest.com/openview/fbc09cba451d2d66bf2b6739d18cdbdc/1?pq-origsite=gscholar&cbl=2045096
https://hdl.handle.net/10016/36642
http://dx.doi.org/10.1007/978-981-16-9573-5_54
http://dx.doi.org/10.48550/arXiv.1904.05342
https://aclanthology.org/2022.lrec-1.778.pdf
http://dx.doi.org/10.22219/kinetik.v9i1.1849
http://dx.doi.org/10.1007/978-3-030-86993-9_34
https://dergipark.org.tr/en/download/article-file/3345720
https://www.liwc.app/static/documents/LIWC-22%20Manual%20-%20Development%20and%20Psychometrics.pdf
https://www.liwc.app/static/documents/LIWC-22%20Manual%20-%20Development%20and%20Psychometrics.pdf
http://dx.doi.org/10.1111/1467-8721.0012
https://europepmc.org/abstract/MED/33025017
http://dx.doi.org/10.1093/schbul/sbaa126
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33025017&dopt=Abstract
http://dx.doi.org/10.1038/s41398-023-02592-2
http://dx.doi.org/10.1007/s43681-022-00189-x
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MENTAL HEALTH Alotaibi & Sas

81. Nickel PJ. Trustin medical artificial intelligence: adiscretionary account. Ethics Inf Technol. 2022;24:7. [doi:
10.1007/s10676-022-09630-5]

82. Cunningham PB, Gilmore J, Naar S, Stephanie DP, Catherine FE, Nina CH, et a. Opening the black box of family-based
treatments: an artificial intelligence framework to examine therapeutic alliance and therapist empathy. Clin Child Family
Psychol Rev. 2023;26(4):975-993. [doi: 10.1007/s10567-023-00451-6]

83. Gua-Montali B, Jaén |, Martinez-Borba V, Diana C, Suso-Ribera C. Using artificial intelligence to enhance ongoing
psychological interventions for emotional problemsin real-or close to real-time: a systematic review. Int J Environ Res
Public Health. 2022;19(13):7737. [doi: 10.3390/ijerph19137737]

84. Thakkar A, GuptaA, De SousaA. Artificial intelligence in positive mental health: anarrative review. Front Digital Health.
2024;6:1280235. [doi: 10.3389/fdgth.2024.1280235]

85. MartinsR, Almeida JJ, Henriques P, Paulo N. Identifying depression clues using emotions and Al. 2021. Presented at:
Proceedings of the 13th International Conference on Agents and Artificial Intelligence (ICAART 2021); February 4-6,
2021:1137-1143; Virtua event. [doi: 10.5220/0010332811371143]

86. Hennink MM, Kaiser BN, Marconi VC. Code saturation versus meaning saturation: how many interviews are enough?
Qual Hesalth Res. 2017;27(4):591-608. [FREE Full text] [doi: 10.1177/1049732316665344] [Medline: 27670770]

87. Philipson 1J. On the shoulders of women: the feminization of psychotherapy. New York City. The Guilford Press; 1993.

88. FiskeA, Henningsen P, Buyx A. Your robot therapist will seeyou now: ethical implications of embodied artificial intelligence
in psychiatry, psychology, and psychotherapy. JMed Internet Res. 2019;21(5):€13216. [doi: 10.2196/13216]

Abbreviations

BiLSTM: Bidirectional Long Short-Term Memory
CBT: cognitive behavioral therapy

HCI: human-computer interaction

LIWC: Linguistic Inquiry and Word Count

LLM: largelanguage model

NLP: natural language processing

Edited by K Kahane; submitted 22.Jan.2026; peer-reviewed by Y Suchikova, E Kuhn, N Shumate; comments to author 29.Mar.2026;
revised version received 23.Aug.2026; accepted 23.Sep.2026; published 19.0ct.2026

Please cite as:

Alotaibi A, SasC

“Thereisa Placefor it” —Practitioners' Perspectiveson Stuated Ethical Acceptability of Al Technologiesfor Mental Health Practice:
Qualitative Sudy

JMIR Ment Health 2026;13:€91884

URL: https://mental.jmir.org/2026/1/€91884

doi: 10.2196/91884

PMID:

©Abeer Alotaibi, Corina Sas. Originally published in IMIR Mental Health (https://mental.jmir.org), 19.0ct.2026. This is an
open-access  article  distributed under the terms of the Creative Commons Attribution License
(https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work, first published in IMIR Mental Health, is properly cited. The complete bibliographic information, a
link to the original publication on https://mental .jmir.org/, aswell as this copyright and license information must be included.

https://mental .jmir.org/2026/1/e91884 JMIR Ment Health 2026 | vol. 13 | €91884 | p. 19
(page number not for citation purposes)

RenderX


http://dx.doi.org/10.1007/s10676-022-09630-5
http://dx.doi.org/10.1007/s10567-023-00451-6
http://dx.doi.org/10.3390/ijerph19137737
http://dx.doi.org/10.3389/fdgth.2024.1280235
http://dx.doi.org/10.5220/0010332811371143
https://europepmc.org/abstract/MED/27670770
http://dx.doi.org/10.1177/1049732316665344
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27670770&dopt=Abstract
http://dx.doi.org/10.2196/13216
https://mental.jmir.org/2026/1/e91884
http://dx.doi.org/10.2196/91884
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

