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A Letter from the President of
the American Academy

s a former college president in the rural area of Middlebury, Vermont, my expe-

rience of the precarious state of mental health for young people in our country is

real. On the one hand, students often feel that they lack the skills and resources

to make meaningful in-person connections. They frequently turn to Al-generated forms

of connecting, which leads them further away from the actual in-person company of their
peers. On the other hand, many students report that AI tools help them practice being in
community and interacting with people in a way that lets them build an authentic self—a

key task for young adults.

The mental health concerns of adults in the com-
munity are also real and include the daily pressures
of childrearing, work, and eldercare. Adults also
struggle in rural communities, where maintaining
and staffing adequate mental health facilities are
ongoing challenges. Al tools can provide a bridge
when underfunded systems might falter.

From these communities, I have learned that AI-
generated mental health tools cannot provide magic
bullets for adaptation in a difficult world, nor can
they substitute entirely for human connection. If
they are solidly grounded in face-to-face realities,
however, these tools can help people practice being
resilient in an often inhumane world.

What I have also come to understand is that while
mental health challenges may at times feel isolating,
they cut across age, geography, and identity. Even
with its unique New England flavor, Middlebury is
no different than most places in America. Its chal-
lenges reflect a broader pattern in American cultural
life that has resulted in an expanded and increasingly
accessible public discourse around mental health.

The systems surrounding care, connection, and
well-being, however, have not kept pace. This dis-
crepancy invites a broader public responsibility: to
bring forth our collective ingenuity and empathy

and confront one of the defining challenges of our
time. The AI and Mental Health Care project at the
American Academy of Arts and Sciences responds
to this calling with a commitment to inquiry and
collaboration.

We find ourselves in a period of extraordinary tech-
nological advancement. Artificial intelligence and
other digital tools are already redefining how we
live, work, and connect with others. Some of these
advances are poised to reshape how we seek care,
particularly in the face of provider shortages and
unequal access to care. Others raise pressing ques-
tions about equity, safety, and the limits of machine-
driven empathy. What remains undetermined is not
whether these tools will play a role in the future of
mental health care; they already do. Rather, the
question is whether they will do so in ethical, inclu-
sive, and effective ways.

To interrogate these complexities is the work of
scholarship and thus the work of the Academy. As
we considered how best to engage in these efforts,
we turned to one of our core values: Fostering
Deliberative Discourse. Respectful discussion in
the face of disagreement is a foundational princi-
ple of our democracy and of the Academy, one that
shaped both our committee’s composition and this
report’s format. Rather than seeking consensus or a

Al and Mental Health Care: Issues, Challenges, and Opportunities 9



A Letter from the President of the American Academy

singular vision, we invited a wide range of experts
to respond to a shared set of questions. The result
is not an argument about the utilization of Al in
mental health care but a scholarly conversation that
reflects the breadth of disciplines, experiences, and
perspectives gathered around the table. We invite
you, as you read this report, to join us in an active
discussion examining this important issue at the
intersection of care and technology.

The choice of the dialogical genre for this publica-
tion is intentional. Because no clear consensus or
agreed paradigm has emerged concerning AI and
the right approaches to Al and mental health, we
felt it was more straightforward to use a genre that
is often the beginning of scientific inquiry: question
and debate, or the dialogue. Plato used dialogue
in his philosophical teaching. Philosopher David
Hume used dialogue in what he thought of as a sci-
entific investigation into human experience. And
beyond science, Samuel Taylor Coleridge’s “con-
versational poems” have a lasting fascination, as
do many dialogical poems in literature around the
world. What philosopher Mikhail Bakhtin called
“dialogical reasoning” is an intellectually honest
way of showing the vibrancy of the debate. Com-
bined with the authors’ thoughts on future research
in ATand mental health, such a conversational genre
implicitly moves us toward the future.

This document does not aim to resolve every
uncertainty. Instead, it offers the foundations of a
scholarly agenda that can guide future researchers,
policymakers, and practitioners as they navigate this
emerging terrain. The most powerful ideas often
come from relationships developed across boundar-
ies, whether they be boundaries of field, institution,
or lived experience. Through this shared inquiry, we
can build the collaborative tools and understanding
needed to meet the challenges ahead.

This process is at the heart of what makes the Acad-
emy unique. Our work seeks to advance the nation’s
culture of science and discovery by bridging the

social sciences and arts with the physical sciences.
Among the Academy’s many contributions to the
nation’s intellectual life is our history of facilitat-
ing scholarship and dialogue centered on emerging
issues. For a century, the Academy discussed just
how light traveled, assuming it required a medium—
“luminiferous ether” The Academy eventually
backed Albert A. Michelson, awarding him the
Rumford Prize in 1888 and funding his research.
Though the Michelson-Morley experiments null
results were initially seen as failures, Albert Einstein’s
special relativity later revealed they were actually
proof: light's speed is constant. Nearly a century
later, our AI and mental health care work is rooted
in the same tradition of bringing together scholars
in the social sciences, arts, and physical sciences to
consider timely and complex issues from an array
of perspectives.

I am deeply grateful to the members of this project
for their wisdom, candor, and willingness to tolerate
discomfort in order to foster important new con-
nections. I thank the cochairs, Paul Dagum, Sherry
Glied, and Alan Leshner, whose steady guidance
and insight shaped every stage of this work. I also
deeply appreciate the steering committee, whose
diverse expertise and ongoing thoughtful contribu-
tions gave this project depth. And I thank the Acad-
emy staff, whose quiet diligence and care behind the
scenes made this work possible.

Despite differences in expertise and approach, this
group never lost sight of the simple truth that care is
not just part of mental health care; it is the heart of
it. This work reflects their thoughtfulness for ideas,
for one another, and for those whose well-being
depends on what comes next.

Sincerely,
Laurie L. Patton
Cambridge, MA
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Introduction

ecent advances in the constellation of artificial intelligence (AI) technologies, includ-

ing the revolution in neural network models over the past two decades, show great

promise in multiple domains of modern life. At the same time, in clinical fields AI
may disrupt interpersonal and patient-provider relationships, raising concerns about the
ethical, psychological, and societal influences of these applications. Of particular note is the
growing capability and broad accessibility of large language models (LLMs). Advances in
“generalist” LLMs have produced computing systems with the ability to engage in human-
like dialogue with end users. Because of the rapidity with which these technologies are being
put into use, as well as the absence of a clearly defined regulatory framework guiding their
development and use, little of the research and scholarly analysis that would ideally have

preceded their widespread adoption has been conducted.

We also face important as-yet-unanswered ques-
tions about the long-term effects that the use of
anthropomorphic LLM applications may have on
the well-being of individuals and their interper-
sonal relationships. Yet the reality is that the use of
these technologies has spread very rapidly. A recent
survey finds that over one-half of Americans have
already interacted with an AI LLM. Research on
societal implications has not kept up.

Within this context, the current project focuses on
the use of Al technologies in the delivery of mental
health care.! We first lay out the kinds of questions
that must be answered through research and anal-
ysis to ensure a clear understanding of the current
and future opportunities and limitations of Al, for
use both alone and in conjunction with care pro-
viders, in addressing mental illness prevention,
diagnosis, and therapy. We then present examples
of the array of perspectives people hold on how best
to answer those questions and guide future use of
the technologies. This project considers both Al
designed explicitly for the purpose of addressing
mental health care (purpose-built) and the use of
rapidly growing generic LLM technologies widely
available as “chatbots,” or custom-tailored variants
constructed to play particular roles and services.

BACKGROUND

Digital mental health interventions (DMHISs) are not
new. By the 1990s, computer-based cognitive behav-
ioral therapy (CBT), psychoeducational materials,
and structured self-help programs were already in
widespread use. These early tools gained traction
due to expanding Internet access, growing demand
for services, and persistent barriers to traditional
care.> Extensive research on the efficacy of these
computer-based mental health interventions, in
multiple contexts and modalities, dates back to 1968.

Since 2019, the integration of large language models
and machine learning systems into digital mental
health care has allowed for the rapid development
and deployment of Al-enabled tools, which are a
major advancement over earlier digital interven-
tions. Some are general-purpose models adapted
by users (like ChatGPT and Replika); others, such
as Woebot, Wysa, and Youper, are purpose-built for
mental health. These tools are now used in clinical
settings, educational institutions, workplace well-
ness programs, and direct-to-consumer platforms.

Despite this rapid spread, uptake is uneven, and
basic usage data remain limited. For example, a
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Introduction

2023 survey by the Pew Research Center found
that only 4 percent of U.S. adults reported using
purpose-built Al-enabled mental health tools, with
higher usage among younger adults and those with
higher income and education levels.3 Some plat-
forms have published user numbers, such as Rep-
lika’s claim of over 25 million accounts, but these
figures are unaudited and offer little insight into
duration, intensity, or purpose of use.# Adoption
appears to correlate with digital literacy, comfort
with technology, and cultural attitudes toward men-
tal health, highlighting much lower levels of utiliza-
tion for older adults, low-income users, and those
from underrepresented groups.>

Millions now use conversational

LLMs for informal quasi-therapeutic

experiences, treating bots as
confidants, friends, or
romantic partners.

The evidence base concerning the effectiveness of
these interventions is still emerging. A growing
number of randomized controlled trials (RCTs)
and meta-analyses suggest that Al-driven tools
may help reduce symptoms of anxiety and depres-
sion.® But these findings are tentative, as trial design
often lags behind commercial development. Some
studies have been conducted by the developers
themselves, which can introduce the possibility of
selective reporting or conflicts of interest.” Long-
term effects, particularly for high-risk or severely
ill populations, are largely unknown. Most research
focuses on short-term symptom reduction in mild
to moderate cases and relies on self-reported out-
comes. Many studies do not include appropriate
control groups. While some promising results of
RCTs are emerging, without this being the standard,
the generalizability and durability of results remain
unclear.

Privacy, consent, and accountability remain serious
concerns. Mental health data are uniquely sensitive,
and even unintentional leaks, such as those involv-
ing pixel-tracking or behavioral metadata, can lead
to harm.® AT models trained on historical data risk
reinforcing already existing systemic biases. Com-
mercial incentives often discourage transparency,
and few tools provide users with meaningful expla-
nations of how decisions are made or how their
data are used. Currently, no unified regulatory
framework governs these systems. Most are entirely
unregulated; others operate under consumer tech-
nology rules, not health-specific standards.

Also unknown is how the existence of these tools
affects overall access to and use of clinical care.
Al can extend access in settings with provider
shortages or long wait times. These situations are
increasingly prevalent, with nearly half of indi-
viduals with mental illness receiving no treatment
and those who do having an average wait time of
forty-eight days.® But overreliance on automated
tools may also displace human connection. The
therapeutic alliance, defined here as the rela-
tionship between clinician and patient, is a core
mechanism of many effective treatments. The
consequences of replacing or supplementing that
alliance with automated systems are poorly under-
stood. More broadly, these technologies may shift
how societies define emotional health and how
individuals interpret their own experiences of suf-
fering, resilience, and care.

OUR APPROACH

This document outlines a scholarly agenda to help
guide the interdisciplinary inquiry that we believe
is lacking in current approaches to addressing this
topic. It does not offer conclusions nor attempt
consensus. Rather, it identifies key empirical, prac-
tical, and ethical questions, distinguishes many of
the knowns and unknowns, and seeks to stim-
ulate useful inquiry in a field made noisy from
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hype, black boxes, and cultural stigma. Our goal
is to create a foundation for collaborative work by
researchers, clinicians, technologists, and policy-
makers that will ultimately benefit both those suf-
fering from mental illness and the providers who
work to help them. If this document implies a con-
sensus, it is simply this: More research efforts are
urgently needed.

Throughout this agenda, contributors draw com-
parisons across various axes: between Al interven-
tions and traditional talk therapy, between AI use
and no intervention at all, and between standalone
tools and those embedded in human-led clinical
practice. Contributors also consider the differential
impacts of Al across distinct populations, includ-
ing children, individuals with severe mental illness,
and users with mild or moderate symptoms. The
intended outcomes of the tools considered by our
authors likewise vary, from crisis mitigation and
triage to long-term therapeutic engagement and
ongoing symptom monitoring. We have sought to
be explicit in clarifying these distinctions, as each
presents unique challenges for research, regulation,
and design. We have not attempted to capture the full
complexity but rather to pose critical questions and
illustrate the diversity of responses. Fully answer-
ing the questions will require granular, population-
specific inquiry as well as broader systemic analysis.

One of the strengths of this project has been the
opportunity to engage contributors from across
disciplines, including psychiatry, computer science,
ethics, sociology, and public policy. This range of
perspectives has allowed for sharper articulation
of key questions, identification of blind spots, and
recognition of potential unintended consequences.
Such integrative work is especially valuable in a
domain that is evolving rapidly and unevenly.

While this report primarily examines Al-driven
mental health care in clinical settings, we acknowl-
edge these tools operate within a far broader

ecosystem. Millions now use conversational LLMs
for informal quasi-therapeutic experiences, treat-
ing bots as confidants, friends, or romantic part-
ners. Focusing solely on clinical applications risks
ignoring complex interactions and unintended
consequences. Similar oversights occurred in
domains like gaming, where isolating technology
from its surrounding culture obscured signifi-
cant harms. We recognize these interactions raise
substantial ethical and societal questions that,
although beyond the scope here, must inform both
research and policy.

Our goal is to create a
foundation for collaborative
work by researchers, clinicians,
technologists, and policymakers
that will ultimately benefit both

those suffering from mental iliness

and the providers who work to
help them.

The stakes are immediate. These tools are already
shaping real-world decisions by patients seeking
care, clinicians allocating attention, and systems
determining coverage or reimbursement. The
decisions our society makes now will influence AT’s
potential role in reducing disparities and improv-
ing care, as well as its potential to exacerbate
societal anomie or replicate structural inequities.
The task ahead is neither abstract nor optional. It
requires shared frameworks, clear evidence, and
sustained interdisciplinary engagement. We hope
that the following questions and diverse responses
are the first steps toward laying out a roadmap for
future work.

Al and Mental Health Care: Issues, Challenges, and Opportunities 13



QUESTION 1: How might we measure
the effectiveness of Al-driven mental health

interventions?

BACKGROUND

A limited but growing evidence base supports the
effectiveness of purpose-built mental health chat-
bots, particularly for older versions that do not use
large language models (LLMs). Several studies of
purpose-built mental health chatbots show mod-
erate improvements over control conditions when
efficacy is assessed through symptom reduction
using validated clinical scales.’® For example, a ran-
domized control trial (RCT) of a chatbot for depres-
sion found the chatbot group had greater reductions
in depression and anxiety scores compared to bib-
liotherapy controls.” Two meta-analyses of twenty-
nine studies also demonstrated medium to large
effect sizes in alleviating anxiety and depression
symptoms, although the studies generally had poor
data quality, with high heterogeneity, small sample
sizes, and inconsistent blinding.'*

Some postintervention studies show that these ben-
efits can be sustained after the conclusion of treat-
ment. In one eight-week intervention, 6o percent
of initially depressed patients maintained clinically
significant improvement at one-year follow-up.’
However, other research indicates that symptoms
can reemerge after the initial treatment period
is over, similar to other forms of therapy.'# Long-
term longitudinal data are limited, particularly for
individuals with moderate to severe conditions, in
which ongoing care is often required.

Evidence on outcomes for compliance measures,
such as treatment adherence and engagement, is
similarly limited. Al-based interventions generally
achieve dropout rates comparable to traditional
interventions, but treatment engagement varies
widely. Factors such as user demographics and app
design contribute to this variation, but inconsistent
definitions (such as variably defining engagement as

app logins or completion of therapeutic modules)
complicate comparison.’s

Variation in outcomes among studies may also be
explained by the choice of comparison groups. Al
tools generally show strong outcomes when com-
pared to waitlist controls. For example, an Al-based
anxiety program produced large symptom reduc-
tions relative to no-treatment conditions. Against
active controls, some (but not all) AI-guided inter-
ventions have achieved outcomes that are compa-
rable to traditional cognitive behavioral therapy
(CBT).!® Fully automated chatbots for depression
and anxiety have also demonstrated results similar
to traditional therapy over short durations such as
two months.”” However, evidence on longer-term
outcomes remains sparse, and few studies include
diverse or high-acuity clinical populations.

As most studies have focused on the impact of Al
on a patient or user, little is known about its use in
mental health care administrative tasks. AI tools
are increasingly used in this context, often without
formal documentation or patient awareness. Ther-
apists may use LLMs to draft session notes, sum-
marize progress, or generate treatment.'® These
informal uses are rarely studied in trials, but used in
this way, Al may nonetheless shape therapeutic deci-
sions. This reliance raises questions about accuracy,
accountability, and consent, especially when tools
influence care without being disclosed to patients.

While the research based on non-LLM AI tools is
substantial, the clinical effectiveness of LLM-based
interventions remains largely untested. Trials are
underway, but, as of this writing, peer-reviewed
outcome data on LLM-driven chatbots are limited.
Future assessments will need to distinguish clearly
between different AI architectures and their respec-
tive capabilities, risks, and regulatory needs.
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RESPONSES

ROBERT LEVENSON

What outcomes should be prioritized:
symptom improvement, treatment
adherence, or long-term well-being?

In evaluating the efficacy of Al-driven or any other
mental health interventions, it is important to rec-
ognize that evaluation opportunities will arise at
many levels of scientific rigor, ranging from word-
of-mouth and “Yelp-like” user satisfaction ratings
to formal randomized controlled clinical trials.
RCTs will ultimately convey the most definitive
determination of efficacy; however, there is much
value to building in other kinds of evaluation
wherever possible.

Many clients, patients, and users will come to
Al-driven mental health interventions (AIMHI)
hoping to obtain relief with troublesome symptoms
(e.g., reducing anxiety and/or depression, habit
abatement); thus, measures of symptom improve-
ment will be paramount. However, others will come
with hopes of improving their general quality of
life, including strengthening relationships with
partners, friends, and family. Although symptom
reduction may well occur in those instances, it will
be important to include measures that are appro-
priate for these goals (e.g., measures of well-being
and relationship satisfaction). Thus, especially in
situations in which only limited assessments are
possible, measure selection should start with those
factors that are being targeted by treatments.

With any measure of symptom reduction, it is impor-
tant to build in periodic follow-up assessments to
determine whether gains (or losses) are maintained
over time. There is no shame in finding out that the
benefits of a promising AIMHI are short-lived. Many
conventional treatments for mental health and rela-
tionship issues show declining efficacy over time'?
and/or require periodic “booster” interventions.>°

Assessing user satisfaction with AIMHIs will be
important. Note that satisfaction is not synony-
mous with efficacy. A person can greatly enjoy
their interaction with a therapy bot but not show
symptom reduction or other treatment goals. Con-
versely, a poor user experience could still lead to
improvement (e.g., getting useful information
despite a clumsy user interface). Three decades ago,
a satisfaction-focused evaluation of various kinds of
therapy conducted under the auspices of Consumer
Reports proved to be quite useful (e.g., in helping to
understand early termination by clients).*!

Measuring intermediate/mediating factors known
to be related to good treatment outcomes has great
value. In the realm of mental health, the quality of
the relationship between the therapist and client has
proved to be particularly important. Tracing back to
the earliest studies of psychotherapy, factors such as
high levels of therapist empathy (i.e., the client per-
ceiving the therapist as listening carefully, under-
standing, and caring) have been related to better
outcomes.?> In more modern conceptualizations,
high levels of therapeutic alliance (i.e., the sense that
the therapist and client are committed to working
together to address the client’s issues) have similarly
been associated with better therapeutic outcomes.??
Thus, it seems wise to include these kinds of mea-
sures as well as outcome-focused measures (e.g., of
symptoms, relationship quality).

Finally, measures of client demographics (e.g.,
socioeconomic status, rural/urban, ethnicity, age)
and treatment course (e.g., number of sessions,
early termination) are important for evaluating
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the effectiveness of AIMHIs. In studies of human
therapists, certain ethnic groups have been histor-
ically underserved and, when served, tend to end
treatment early.*4 Similarly, with human thera-
pists, geographic location can be important, with
the effectiveness of empirically validated therapies
lessening as a function of distance from university-
based clinics.?

What should be the standard of comparison
for purpose-built tools?

To make optimal use of data derived from research
on whether AIMHIs work, for whom, and how, it will
be critical to compare these data against data from
other approaches. As Al tools proliferate, societal
and commercial demand for comparisons among
AIMHIs will increase. We expect that many anecdotes
and testimonials will also appear, suggesting miracle
cures and heart-breaking failures. These will ulti-
mately be of limited scientific value and may create
a background of noise that can obscure important
decision-making by consumers, providers, insurers,
and public health planners. “Horse-race” studies
comparing treatments that are replete with disqual-
ifying confounds will also likely appear (e.g., com-
paring treatment X, used with young, male college
students, versus treatment Y, used with more occu-
pationally diverse, middle-age, female clients and
patients). Arguments for high-level empirical stan-
dards will need to be repeatedly made and heeded.

The “gold standard” of RCT research designs can help
avoid many of the confounding factors that plague
less rigorous research designs. Unfortunately, existing
published treatment research with human therapists
does not always reach these standards. Moreover,
even when RCTs are used, active treatments are
often compared to nontreatments (e.g., waiting-list
controls). Results of such studies almost always
indicate that “something is better than nothing,” a
finding that is interesting but not fully satisfying.
What is needed are more powerful designs in which
a treatment of interest is compared with another

“active” treatment in ways that control for some of
the possible confounds (e.g., different amounts of
time spent with a helping person or agent), as well
as a minimal treatment (to control for the passage of
time, which may cause the problems being treated to
decrease or increase). In the case of Al bots, research
designs that compare an Al treatment with a human-
based treatment and a minimal treatment condition
could reveal a great deal about the advantages and
disadvantages of AIMHIs compared to human thera-
pists. Importantly, both the public and the scientific
community must not let their preconceptions (e.g.,
machines are better than human beings; human
beings are better than machines) cloud their objec-
tivity when evaluating the data from these studies.
Low-tech, relatively inexpensive nonhuman treat-
ments (e.g., self-help, psychoeducation) should also
be included in research that compares treatments.

Research designs that compare an

Al treatment with a human-based

treatment and a minimal treatment

condition could reveal a great
deal about the advantages and
disadvantages of AIMHIs
compared to human therapists.

Finally, because of the long history in therapy research
of finding that factors such as therapist empathy
and the therapeutic alliance are important “nonspe-
cific/common factors” that contribute to treatment
efficacy, measures of these factors should also be
included in evaluations of AIMHI therapies. Legiti-
mate questions have been raised as to whether Al bots
can create durable human bonds between the bot and
the client and patient. A market flooded with clumsy,
poorly designed AIMHIs will do little to assuage such
doubts. But, for the best of the implementations, this
will be an important question to ask and answer.

Al and Mental Health Care: Issues, Challenges, and Opportunities 16



Question 1: How might we measure the
effectiveness of Al-driven mental health interventions?

HANK GREELY

“It depends” is almost always an excellent way to
begin an answer. And the answers to all these ques-
tions—and to the fundamental underlying issue
of the value of AI in mental health—depend on
how safe and effective its use is, not “in general,
but, ideally, for individual patients. In practice this
will almost certainly require grouping individual
patients into categories; that is, the consequences
of AI in mental health care for adolescents with
anorexia nervosa, patients with geriatric delusional
psychosis, or adults with obsessive/compulsive dis-
orders will need to be considered separately. AI in
mental health care may be miraculous for some
of those groups (or, probably more accurately, for
many people in some of those groups) and disas-
trous for people in other groups (as well as for some
people in the groups that largely benefit from it).

How can we know where it works, for whom, and
under what conditions? “Rigorous studies” are the
obvious answer, but what those are and how to get
them are tricky questions that follow immediately.
Ideally, requiring such studies before a treatment
can be marketed would be a solution; however, I
think issues of political economy will make such
requirements highly unlikely to be imposed.

A second- (or third- or eighth-) best solution might
be to require extensive data collection by those pre-
scribing or using Al in mental health care, with the
further requirement that these data be available for
use by independent researchers: either one or a few
specified entities or a broader category of groups.
This raises obvious risks about patient privacy,

especially given the likelihood that, among other
things, AI will further reduce the already tenuous
reality of “deidentification,” the idea that removing
directly identifying information from data files will
protect privacy. (This hope is increasingly undercut
by larger databases and better computer search abil-
ities, including AI) But it might well be worthwhile,
though also not politically easy to implement.

Another problem embedded in this question: How
will we know who is using AI in mental health care?
Defining what we mean by “Al in mental health care”
will be hard. If a therapist uses a broadly available
LLM to help write up notes of a patient encounter, is
that an example of AI in mental health care? What
if she uses it to “hold a conversation” with a patient?
To analyze a patients responses for signs of men-
tal illness? Identifying people doing something that
meets whatever definition is used will be harder. If a
therapist does whichever of those things we decide
to call “AI in mental health care,” how will we know
it? Enforcing actions on them will be even harder.

ALISON DARCY

To measure symptom change, investigations into the
efficacy of Al interventions should follow the same
principles as those used in traditional treatment out-
comes research. Observed improvements in a person
are, after all, independent of the type of intervention
delivered; therefore, this should be the highest order
objective. The same applies to less clinical and real-
world outcomes, such as quality of life, loneliness,
and health economics, requiring all the usual rigor
in administration, validation, and analysis.
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However, studies should also be capable of cap-
turing the broader advantages of AI interventions,
such as time to care, time to treatment response,
preference, and engagement. This additional layer
of investigation, which is both necessary and
promising, pushes us to expand beyond the meth-
ods typical of traditional outcomes research. For
example, what role these interventions will play in
our current health systems and structures is not
yet clear. While much of the field is beginning
by augmenting traditional clinical care, often in
patients experiencing sub-clinical and/or mild
symptoms, this is not likely where we will end up,
given that the most pressing problem in the field of
mental health care today is access. Studies show a
gap of eleven years from symptoms to initial treat-
ment.26 Therefore, a full and fruitful exploration
of the efficacy of this technology must adopt a
robust systems perspective. The question becomes
not just whether interventions are safe and effec-
tive but how they might change clinical care and
what will emerge as the leading opportunities for
improving access, efficiency, clinician burden, and
patient outcomes.

Engagement is one area where we ought to think
differently about the measurement of Al-delivered
interventions. The traditional way of measuring
engagement looks at total time exposure. In tradi-
tional treatment outcomes research, we can assume
that if a person has attended four therapy sessions
in a clinic, they have had approximately four hours
of therapy. However, this mapping does not work
for many Al therapeutic interventions because the
structure and shape of interactions are so funda-
mentally different. The type or quality of the inter-
action can vary widely in a digital world. Mindless
scrolling, for example, is not the same as a chat-
based therapeutic exchange, so to simply quantify
time across all behaviors would be inappropriate.
Interactions are usually much shorter but might be
expected to occur more frequently than just once
per week. At Woebot Health, we have argued in

favor of concepts closer to potency, rather than total
time spent.?” This includes the dimension of symp-
tom shift with time as the denominator, such that in
this model a shorter timeframe to symptom reduc-
tion, rather than being interpreted as “less adher-
ent,” might actually be viewed as more favorable
because it is more potent.

While much of the field is beginning

by augmenting traditional clinical

care ... the most pressing problem

in the field of mental health care
today is access.

Finally, this technology may afford new opportu-
nities that can help inform therapeutic models and
systems more broadly. Psychotherapy itself is an
imperfect and arguably a relatively nascent field in
which a lack of data has complicated efforts to inno-
vate. When innovations have occurred, they have
come from visionaries who are usually expert in
their field and can therefore draw from thousands
of therapy hours to emerge with key insights that
push the field forward. What AI and Al-delivered
therapeutic interventions give us is a crucial oppor-
tunity to accelerate innovation through access to a
large amount of data and a natural ability to atom-
ize concepts into micro-interventions that can be
practiced in real time outside of the clinic walls. For
example, we can systematically explore moderators
and mediators of therapy—what works, for whom,
and under what circumstances—because we have
datasets with sufficient statistical power for the first
time, unlocking a pathway to improving outcomes
through precision intervention. Findings here
could, in turn, inform human-delivered therapy,
helping the field make better use of all of the ser-
vices we are developing in a holistic way. And that
is truly exciting.
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Emerging evidence from randomized
trials, mixed-methods evaluations,
and scoping reviews suggests that
Al-mediated cognitive behavioral
ERIC HORVITZ interventions can lead to meaningful

symptom improvements and high

Advancing applications of the constellation of
technologies collectively known as artificial intel-
ligence in mental health interventions will require
targeted clinical research that rigorously eval-
uates both established therapeutic approaches
and emerging Al-enabled modalities. Given the
breadth of the design space, an essential early step
is to clarify concrete use cases and clinical scenar-
ios for systematic study. These may range from
standalone Al-based tools to systems that operate
under direct clinical supervision. The technologies
span from fine-tuned, purpose-built psychologi-
cal support models to generalist models adapted
for therapy.

Usage scenarios fall along a continuum of clini-
cal oversight and patient engagement. At one end
are standalone self-help agents accessed inde-
pendently via computers or smartphones. At the
other are deeply integrated decision-support tools
embedded in clinical workflows, surfacing timely
insights to supervising clinicians. Between these
poles lie hybrid models—for example, generative
Al-powered chatbots that provide therapeutic
interactions between sessions and flag excerpts or
generate summaries for therapists. Such systems
may be deployed in an ongoing manner or when
primary therapists become intermittently unavail-
able, for example, during professional travel or
vacations. Additional possibilities include relapse
prevention systems that combine passive sensing
with AI-driven outreach, as well as assistants that
draft progress notes or recommend evidence-based
interventions to clinicians.

user engagement. However, these
studies also reveal challenges,
including inconsistent crisis
response, embedded bias in

language models, and performance

drift as models evolve.

To systematically map this landscape, at least three
intersecting dimensions must be considered: the
degree of system autonomy, the intensity and locus
of clinical oversight, and the level of personalization
for each user. Cross-cutting all of these is the critical
need for clinical validation. Foundational concerns,
such as privacy, transparency, equity, and safety, must
be addressed.

trials,
mixed-methods evaluations, and scoping reviews
suggests that Al-mediated cognitive behavioral
interventions can lead to meaningful symptom
improvements and high user engagement. However,
these studies also reveal challenges, including incon-
sistent crisis response, embedded bias in language
models, and performance drift as models evolve.
These findings point to the need for a staged valida-
tion process akin to pharmaceutical development:
beginning with feasibility and safety studies, pro-
gressing to adequately powered efficacy trials with
active comparators, and culminating in pragmatic

Emerging evidence from randomized
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effectiveness trials that reflect real-world diversity in
patients, settings, and implementation fidelity.

As capabilities advance, new psychological and
relational concerns are also coming into view that
require proactive attention. One emerging issue is
what I refer to as the rising “mirage of mind” in con-
versational Al systems: a perhaps unavoidable ten-
dency for users to perceive these systems, based on
their fluency, responsiveness, and affective cues, as
possessing personhood. This perception may include
assumptions of sentience and human-like capacities
for recall, relationship-building, trust, and emotional
resonance. The resulting illusion can lead to inap-
propriate attributions of empathy, continuity of care,
and understanding, generating a sense of therapeu-
tic relationship that the system cannot truly sup-
port. Patients may believe the system “remembers”
past interactions or genuinely cares, when in fact
such capabilities do not exist. These misperceptions
risk eroding clarity around roles, expectations, and
trust, and may foster inappropriate attachment or
reliance, especially with psychologically or emotion-
ally vulnerable patients. Without careful design and
user education, the illusion of connection may lead
to emotional dependency, overreliance, or confusion
about capabilities and accountability. Anticipating,
studying, and mitigating these effects, particularly
when they risk harm, will be necessary.

Meeting both established and emerging challenges
with the rise of AI capabilities will be essential for
transitioning from proof of concept to routine care.
Reproducibility depends on common standards for
prompt engineering, model provenance, and ver-
sion control. Accountability will hinge on gover-
nance frameworks that align permissible autonomy
levels with clinical risk. And critically, participatory
design—engaging patients, clinicians, and ethicists
as co-creators—will help ensure solutions are sensi-
tive to diverse cultural and contextual needs.

By combining rigorous science, thoughtful design,
close attention to evolving AI capabilities, and

strong oversight, the field can chart a responsible
and sustainable course for integrating AI into men-
tal health care.

NICHOLAS JACOBSON

I think the suite of tools used to evaluate psycho-
therapy applies well to generative AI-driven mental
health interventions. Specifically, I believe both the
benefits and risks can be measured and quantified
to ensure that there is efficacy.

What outcomes should be prioritized:
symptom improvement, treatment
adherence, or long-term well-being?

The answer likely depends on what is intended by
the system. The primary outcomes in most mental
health applications should be symptom improve-
ment, which is the goal for most persons seeking
care. Treatment adherence and long-term well-being
may be important primary outcomes in other appli-
cations; in particular, treatment adherence may be
particularly useful if, rather than a standalone treat-
ment, generative Al is used alongside other, more
traditional treatments (e.g., medication adherence).

What should be the standard of comparison
for purpose-built tools?

Multiple standards are highly relevant and thus
have their place. For purpose-built tools aiming for
clinical impact, the gold standard of comparison
should ultimately be active, evidence-based treat-
ments delivered by human providers. While waitlist
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controls (WLC) are necessary in early phases to
establish a baseline effect over no treatment (as used
in our Heinz et al., 2025 initial trial), demonstrat-
ing noninferiority or superiority against established
therapies is key for integration into care systems.?8
Sham comparisons or comparisons against digital
tools also have their place but they are less informa-

tive given the real degree of their clinical efficacy.

What mechanisms should be implemented
to monitor and report long-term patient
outcomes?

The implementation of mechanisms for long-term
monitoring involves leveraging the technology
itself. This can include periodic check-ins via the
app using validated questionnaires (e.g., PHQ-9),
but it could also include more objective behavioral
indicators of well-being (e.g., time spent in conver-
sation or time spent outside the home).

How can Al tools be designed to promote
appropriate disengagement when needed?

A key consideration in delivering appropriate care
is examining not just the immediate impact of the
technology used but the long-term effects of actions
promoted by a generative AI system. Generative Al
should not be optimized directly for engagement for
this reason, as it may promote dependence and may
reward LLMs for engaging in pathologizing behavior
(e.g., responding with reassurance when a patient
engages in reassurance seeking). Explicit behavioral
recommendations to go and experience life are
likely important, and drawing on long-standing evi-
dence surrounding how to deliver appropriate care
is also important in designing these systems.

How can Al systems be adapted to meet
diverse cultural and linguistic needs while
ensuring equitable outcomes?

Al systems can be trained with the same funda-
mental techniques used to train psychologists on

multicultural competence and this is a potential bed-
rock on which to attempt to adapt them. Adapting
Al systems for diverse needs while ensuring equity is
a significant challenge requiring dedicated research.
Fine-tuning models, as we did with Therabot using
expert-curated data, allows for incorporating spe-
cific cultural contexts, but this must be done carefully
and rigorously for each adaptation to avoid perpetu-
ating biases and to ensure equitable outcomes. This
remains a critical area for future development.

ARTHUR KLEINMAN

The measurement of Al-driven mental health inter-
ventions should be no different than our mea-
surement of health care interventions in general.
Outcomes should include symptom improvement
and long-term well-being when possible. Compliance
is not a measure of health care efficacy and should not
be used to substitute for symptom change and well-
being. Patient satisfaction with the quality of care
needs to be assessed. What is core to the assessment
of quality care are measurements of the therapeutic
relationship, quality and problems in communica-
tion, and the Al-driven equivalent of clinical judg-
ment. One of the real values of Al is that it itself may
be able to advance the measurement of these crucial
aspects of caregiving, many of which we do not mea-
sure today. Again, as with any health outcome assess-
ment, untoward effects must also be recorded.

The standard for comparison should be with estab-
lished measures of health outcomes. Patients receiv-
ing Al-driven mental health interventions need to
be followed with periodic outcome assessments.
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Furthermore, human assessment of AI outcomes is
particularly crucial, so the system of evaluation must
include evaluation by mental health experts, such as
psychiatrists, psychologists, and social workers.

Algorithms central to AI contain cultural bias. But
they are also biased with respect to the framing and
measuring of Al-driven activities. The same kind of
attention to cultural bias that occurs with the psy-
chological testing and algorithms used throughout
health care should be applied in the mental health
field as well, and not only to detect cultural bias
in AI but also to see whether Al-driven interven-
tions contain their own kinds of digital bias. All Al
interventions for mental health care should also be
evaluated for their potential linguistic uses among
those who are non-English speakers. Here Al inter-
ventions may have a built-in advantage.?®

DANIEL BARRON

At the outset of this series of questions and
responses, I note that my comments will focus on
concepts that are important now and, critically,
likely to be important in five, fifty, or five hundred
years. The presence (or absence) of artificial intel-
ligence does not change the fundamental problem
of medicine: determining which tools, strategies,
and ideas we can deploy to most effectively alleviate
human suffering.

Alleviating human suffering remains medicine’s
core task. However, when it comes to tools that
involve “artificial intelligence,” adoption is often
paralyzed by the grand existential debate of our

time, which was eloquently illustrated in our com-
mittee proceedings. Here, two fundamentally dif-
ferent conversations clashed and stymied progress.
On one side were practical, immediate, measurable,
and actionable clinical questions: “Can X Al-based
tool reduce patient PHQ-9 scores in Y weeks for Z
dollars, thus giving access to mental health care to N
people?” On the other were abstract, philosophical,
and even apocalyptic questions: “Will superintelli-
gence erode human empathy, cheapen the therapeu-
tic alliance, and diminish friendships and families
such that society writ large comes to an end?” The
ultimate risks of scaling human capabilities—from
empathy to avarice—are intellectually seductive
but functionally paralyzing. These are value-laden,
yet ultimately irreconcilable debates—what Isaiah
Berlin identified as clashes of incommensurable
first principles that are immune to evidence or con-
sensus—that distract from our core goal: to relieve
human suffering with every available tool.

An overemphasis on hypothetical risks over action-
able utility has always bottlenecked innovation.
And it is understandable, rational, and appropri-
ate to approach new technologies with skepticism.
Consider this excerpt from Daniel Immerwahr’s
New Yorker essay, “What If the Attention Crisis Is
All a Distraction?”

I'm particularly fond of a hand-wringing essay
by Nathaniel Hawthorne, from 1843. Haw-
thorne warns of the arrival of a technology
so powerful that those born after it will lose
the capacity for mature conversation. They
will seek separate corners rather than com-
mon spaces, he prophesies. Their discussions
will devolve into acrid debates, and “all mortal
intercourse” will be “chilled with a fatal frost”
Hawthorne’s worry? The replacement of the
open fireplace by the iron stove.3°

My comments here focus not on abstract risks,
but on the real opportunities in identifying spe-
cific, consequential problems and in building tools
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to solve those tasks—not hypothetically, but now.
Medicine has always advanced by relentlessly pur-
suing its core mission: relieve human suffering with
every available tool.

“Mental health interventions” should be defined
broadly—not just as therapy, medication manage-
ment, or some other procedure (e.g., transcranial
magnetic stimulation, or TMS), but as the sum total
of the clinical and administrative actions and pro-
cesses that must be coordinated to bring a patient
from their presenting condition (preintervention) to
a successful outcome (postintervention). Approach-
ing mental health interventions from a systems and
process perspective will facilitate conversations
about where, when, and how effective an AI-based
tool is within this larger process. Critically, such a
conversation will be important for determining
responsibility and risk ownership and when per-
forming cost analyses of the Al-based tool to deter-
mine its feasibility in our modern health care system.

To guide this discovery process—and to begin
determining how we might measure the efficacy of
any Al-based tool—I propose three basic steps (see
Table 1 on page 24):

1. clearly define the clinical task as it currently
exists;

2. characterize the proposed Al-based solution; and

3. compare the Al-based solution to other options
to inform policy and regulatory processes.

While Table 1 is far from exhaustive, it illustrates
what I hope is a useful framework for those devel-
oping (or considering developing) an Al-based tool
for mental health care. Step 1 requires us to define
the status quo for a given task, including the task’s
definition, scope, setting, and existing outcome
measures. Step 2 involves characterizing the pro-
posed Al-based solution across multiple dimen-
sions: task typology (assist, augment, automate),
process design, failure mode, risk profile, cost, and
readiness for deployment. Step 3 is a comparative

assessment of the Al-based solution in the land-
scape of alternatives. This includes evaluating face
validity (is it even appropriate to have Al perform
this task?), payment pathways, policy formation,
regulatory mechanisms, and enforcement consider-
ations. Table 1 assumes a baseline level of compli-
ance with the governance and enforcement of the
Health Insurance Portability and Accountability Act
(HIPAA), which in the United States falls under the
purview of the Department of Health and Human
Services” Office for Civil Rights.

Too often, developers begin with
a technically impressive concept
without adequately considering

how the product might meaningfully

enter—and endure within—the
clinical ecosystem.

As Table 1 makes clear, AI-based tools might assist in
many types of clinical tasks, each with its own pro-
file of risk, readiness, and regulatory burden. Rather
than debate the existential question of whether AI
has a role in mental health care, we would do bet-
ter to apply a dose of clinical precision to guide our
considerations.

An AI tool developed outside—or disconnected
from—the health care delivery system is unlikely
to survive. To succeed, Al-based tools must solve a
real clinical problem, demonstrate that their solu-
tion works, and then navigate existing pathways for
reimbursement and regulation.

Too often, developers begin with a technically
impressive concept (“Al can do this, which would
be totally cool”) without adequately considering
how the product might meaningfully enter—and
endure within—the clinical ecosystem.
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Table 1:
A Framework for Developing Al-Based Tools for Mental Health Care

Developing an Al-based tool for mental health care involves three steps. Step 1 is to define the status quo for a given task, includ-
ing its definition, scope, setting, and existing outcome measures. Step 2 is to characterize the proposed Al-based solution across
multiple dimensions: task typology (assist, augment, automate), process design, failure mode, risk profile, cost, and readiness
for deployment. Step 3 is to comparatively assess the Al-based solution in the landscape of alternatives, including evaluating
face validity, payment pathways, policy formation, regulatory mechanisms, and enforcement considerations. This table assumes
a baseline level of HIPAA compliance, governance, and enforcement, which in the United States falls under the purview of the
Department of Health and Human Services’ Office for Civil Rights.

STEP 1: Clearly Define the Clinical Task

Task Definition Task Setting Task Scope Outcome Measure
“What clinical task needs to | “When is this task “How is this task typically “How do we know the task
be done?” typically performed?” performed?” was solved?”

Visit scheduling

Before every visit

Via telephone call to patient.

Patient arrives at their appointment
on time.

Medication reconciliation

Previsit intake/
follow-up

This task is typically performed by
manually combining historical data
with pharmacy data, then confirmed
with the patient orally.

The EHR (electronic health record) list
matches what the patient is actually
taking.

Medication side-effect
screening

Follow-up visit

Clinician asks patient about
medication side effect(s).

The AI summarizes what it has learned,
and the patient confirms/corrects.

Test patellar reflex (or any
physical exam finding)

Diagnostic evaluation and
follow-up

Human strikes the patellar tendon
with a reflex hammer; reflex rated on
3/3 scale; interrater reliability in well-
trained people.

Tap patellar tendon at the appropriate
location and reliably rate the resulting
reflex on 3/3 scale.

Evaluate speech process

Triage, intake, diagnostic
evaluation, and follow-up

Human listens, thinks on it, jots down
some thoughts/impressions. LOW
interrater reliability.

Inter-reliability for capturing the
content, acoustic properties, flow, and
context of speech within and across
sessions.

Summarize clinical
conversation and SOAP
note generation

Triage, intake, diagnostic
evaluation, and follow-up

Human listens and types up clinical
conversations. LOW interrater
reliability or structure.

Adequate summary of pertinent
conversational points.

Acute psychosis evaluation
(i.e., moderate-/high-risk
evaluation)

Emergency room: diagnostic
evaluation

Observe patient’s visible/audible
behavior, think about it, and write
down impressions.

Psychosis is detected and managed.
NB: human beings struggle at this
evaluation.

Chronic psychosis evaluation
(i.e., low-/moderate-risk
evaluation)

Outpatient visit: diagnostic
evaluation or follow-up

Observe patient’s visible/audible
behavior, think about it, and write
down impressions.

Psychosis is detected and managed.
NB: human beings struggle at this
evaluation.

Patient engagement and
educational tools

Between visits

Human beings call, message (in-
basket Epic).

Patient engagement, improvement
over time.

Therapy follow-up/
workbooks

Outpatient visit: follow-up

Written manuals (can be purchased
outside clinical visit), discussed with
clinician (MD/PHD/ LCSW/CMHC/etc.).

Completion of program leading to
improvement in function.
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STEP 2: Characterize the Proposed Al-based Solution

Task Definition | Tool Typology | Tool Process Failure Modes Tool Risk Tool Cost Tool
“What clinical “At what level is “How might an Al tool “How might this tool “What level “What is the Readiness
task needs to be the Al meant to do the job?” fail?” of risk is cost to build/ | “Can an
done?” perform?” present if deploy an Al-based
an Al-based Al tool?” tool do this
tool fails?” today?”
Visit scheduling Automate Patient calls and Communication Low Low Yes
(without having to wait difficulty (speech or
in a phone tree) is asked | text).
when they can come
in; Al and patient then
converge on suitable
time.
Medication Augment/ Automate process, Communication Low Low Yes
reconciliation automate have conversation difficulty (speech or
with patient to clarify text).
medication regimen.
Medication side- Augment/ Call/chat Communication Low Low Likely?
effect screening automate difficulty (speech or
text).
Test patellar reflex | Assist (if viable) Al software, but would False negative/positive. | Low Right No
(or any physical require robotic aide to EG hyperreflexia or now, very
exam finding) “tap” the tendon, detect | lead pipe rigidity > expensive;
and rate reflex on 3/3 serotonin syndrome would require
scale. (potentially fatal), robotics + Al
NMS, other neurologic/
metabolic abnormality.
Evaluate speech Augment Recording device> Speech content Low Low Maybe?
process speech2text>structured | and intonation
LLM-based text form only part of
summary. Real-time communication—body
interaction with language, context
behavioral probes (cultural, intersession).
across clinical visits.
Summarize clinical | Augment Recording device> Security and accuracy. | Low Low Yes
conversation speech2text->structured
and SOAP note LLM-based text
generation summary.
Acute psychosis Assist (if ever Observe patient’s Patient unable to High risk Very Unlikely
evaluation (i.e., viable) visible/audible behavior | engage Al-based tool expensive.
moderate-/high- in moderate-/high-risk | given mental state. Would
risk evaluation) situations. Patient violent given need to be
mental state. Patient much more
further decompensates. sophisticated
and likely
robotics-
capable.
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STEP 2: Characterize the Proposed Al-based Solution (continued)

Task Definition | Tool Typology | Tool Process Failure Modes Tool Risk Tool Cost Tool
“What clinical “At what level is “How might an Al tool “How might this tool “What level “What is the Readiness
task needs to be the Al meant to do the job?” fail?” of risk is cost to build/ | “Can an
done?” perform?” present if deploy an Al-based
an Al-based Al tool?” tool do this
tool fails?” today?”
Chronic psychosis | Augment Observe patient’s Patient unable to Moderate Low Uncertain
evaluation (i.e., visible/audible behavior | engage Al-based tool.
low-/moderate- in low-/moderate-risk
risk evaluation) situation.
Patient Automate Trained LLM interacts Patient unable to Low Low Yes
engagement and with patient 24/7 to engage Al-based tool.
educational tools provide information.
Therapy follow- Automate/ Remotely, 24/7 access Patient unable to Low Low Yes
up/workbooks augment to predefined therapy engage Al-based tool. (workbook
modules (CBT/DBT/ content) and
PRT) or conversational Moderate
agent. (patient
conversation)

STEP 3: Compare Solutions, Inform Policy and Regulation

Task Definition
“What clinical
task needs to be
done?”

Human or Al Tool
“Does an Al-
based tool seem
reasonable?

Payment
“Who pays?”

Policy Formation
“Where should
policy be formed?”

Policy Regulation
“How is the Al tool
regulated?”

Regulation
mechanism

“What happens if the
Al tool fails?”

Visit scheduling Yes Health care institution Institution-level Admin team collects Tool modified/
as administrative/ policy stats on shows/ updated based on
operations tool no-shows and feedback

evaluates performance
based on patient
feedback + HHS/OCR
for HIPAA.

Medication Yes Health care institution Institution-level Patient/clinician Tool modified/

reconciliation as administrative/ policy confirm updated until no
operations tool errors

Medication side- Maybe? Health care institution Institution-level Patient/clinician Tool modified/

effect screening as administrative/ policy confirm updated until no
operations tool errors

Test patellar reflex | No Payer, as diagnostic tool | Federal-level policy FDA for clinical FDA approval/

(or any physical instrument clearance/denial

exam finding)

Evaluate speech Maybe? Health care institution Federal-level policy FDA for clinical FDA approval/

process as administrative/ instrument clearance/denial
operations tool
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effectiveness of Al-driven mental health interventions?

STEP 3: Compare Solutions, Inform Policy and Regulation (continued)

Task Definition
“What clinical

Human or Al Tool
“Does an Al-

Payment
“Who pays?”

Policy Formation
“Where should

Policy Regulation
“How is the Al tool

Regulation
mechanism

task needs to be based tool seem policy be formed?” regulated?” “What happens if the
done?” reasonable? Al tool fails?”
Summarize clinical | Yes Health care institution Institution-level Patient/clinician Tool modified/
conversation as administrative/ policy confirm updated until no
and SOAP note operations tool errors

generation

Acute psychosis Unlikely Payer, as diagnostic Federal-level policy FDA for clinical FDA approval/
evaluation (i.e., device instrument? clearance/denial
moderate-/high-

risk evaluation)

Chronic psychosis | Uncertain Payer, as diagnostic Federal-level policy FDA for clinical FDA approval/
evaluation (i.e., device instrument? clearance/denial
low-/moderate-

risk evaluation)

Patient Yes Payer, as RTM/ Institution-level Engagement measures | Domain/Dx-specific
engagement and Education policy (institution) training

educational tools

Therapy follow-up/ | Yes Payer as 992137/ Institution-level Engagement measures | Domain/Dx-specific
workbooks 90833%/etc. policy (institution) training
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QUESTION 2: How can we ensure and
monitor the safety of Al in mental health care?

BACKGROUND

LLM chatbots and other digital tools are entering
mental health settings faster than the formal over-
sight and regulatory systems meant to govern them
are being developed. Given the vulnerability of
many patients and the sensitivity of mental health
data, these tools demand close scrutiny, not only for
what they do well but for where they may fall short.

While these tools show promise, research has also
flagged safety concerns, especially for at-risk pop-
ulations. A recent study revealed that, in many
user-chatbot interactions outside a clinical context,
LLM companions failed to recognize or appropri-
ately address indicators of mental health crises.3
Another analysis reported that generative chat-
bots used off-label as therapists frequently missed
signs of suicidal ideation and occasionally delivered
insensitive or harmful responses, potentially exacer-
bating user distress through inaccurate or culturally
inappropriate advice.3*> Additionally, a systematic
review found significant gaps in safety evaluations,
noting that only two out of numerous trials explic-
itly monitored adverse events, though more recent
studies have started to address this oversight.33 Still,
many trials continue to rely on self-reported user
satisfaction or symptom improvement without sys-
tematically tracking potential harms.

Many wellness-oriented chatbots operate within
regulatory gray areas, exempt from formal health
agency oversight and governed by ambiguous
responsibilities regarding their duty of care.34 While
the FDA classifies certain Al mental health apps as
medical devices, general-purpose or wellness-
focused tools frequently avoid such designation,
even when applied in contexts closely resem-
bling clinical care. As of 2024, no uniform federal

guidelines delineate when such tools cross the
threshold into clinical decision support. Although
professional bodies such as the American Psy-
chological Association have developed guidelines
addressing AI-driven mental health interventions,
the majority of these technologies operate inde-
pendently of such guidance.®

By comparison, regulatory systems in the United
Kingdom and European Union take a more pre-
scriptive approach that establishes clear account-
ability for developers and imposes structured
oversight throughout the product lifecycle. In the
United Kingdom, mental health tools must com-
ply with the DCB-o0129 clinical safety standard. The
European Union’s Al Act goes further, classifying
mental health applications as high-risk technolo-
gies subject to premarket review and postmarket
monitoring.3¢

In the United States, the January 2025 Executive
Order “Removing Barriers to American Leadership
in Artificial Intelligence” signals a departure from
this model. Framed as driving global competitive-
ness, the order encourages deregulation in medi-
cal Al including fast-track pathways and reduced
scrutiny for tools categorized as “general wellness.”
Reactions have been mixed. Many experts have
pointed to the risk of underregulating complex,
adaptive systems that have the potential to intro-
duce clinical error or embed bias.3” Deprioritizing
ethics and equity in regulatory design may also
widen disparities in care quality and access. More
broadly, the lack of clear standards may not accel-
erate innovation as intended but instead deter the
development of rigorously validated tools, particu-
larly those aimed at high-risk populations.
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RESPONSES

ARTHUR KLEINMAN

Al must be treated like any health care intervention.
New Al-driven procedures should be evaluated by
the U.S. Food and Drug Administration (FDA) and
professional association standards. These should
include assessment of untoward effects, such as
suicide, provoked psychosis, and the worsening
of symptoms of depression, anxiety, and posttrau-
matic stress disorder. Tools currently used to ensure
and monitor psychiatric and psychological inter-
ventions should be applied. That application needs
to include input from human mental health experts
so that we don’t simply end up with a potentially
dangerous cycle of AI interventions evaluating
themselves by AL not clinical, standards.

The same regulatory bodies that assess pharmaco-
logical and psychotherapeutic interventions need
to be active here, including appropriate federal,
state, and local regulatory agencies (e.g., FDA) and
professional organizations (e.g., both the Ameri-
can Psychological Association and the American
Psychiatric Association). The measures of safety
used by these organizations for the monitoring of
pharmacological and psychotherapeutic outcomes
should also be applied to Al-driven interventions.

Maintaining transparency and accountability within
the strictures of confidentiality and privacy already
adopted by national, regional, and local organiza-
tions will be critical. As is apparent in the enor-
mous attention given to Al in the media, privacy

is going to loom very large as a concern. Non-
purpose-built AI tools such as ChatGPT cannot
alone monitor safety and outcome. Human beings
who are experts in the mental health field will have
to oversee the use and evaluation of Al interven-
tions. Informed consent and user autonomy are
essential components of ethical care throughout our
health care system. Monitoring of Al interventions
should routinely assess both of these principles of
ethical practice. The ethical and legal requirements
for AI-driven mental health interventions should be
no different from those that do not employ Al

Besides informed consent and autonomy, other
well-established ethical principles such as non-
maleficence, beneficence, acknowledgment and affir-
mation of the person, respectfulness, and empathic
responses also are crucial. Emmanuel Levinas writes
that face-to-face ethics should include acknowl-
edgment, affirmation, and empathy as core to the
human experience of interacting with others. Should
these not also be core to the Al-driven experience of
patients? How these qualities of ethical care will be
provided by Al-driven interventions is, however, an
entirely open question at present.

Al-driven interventions will need to be created and
implemented in a way that provides sufficient feed-
back for evaluation. To cope with the vast number
of legal implications expected to arise once a reg-
ulatory framework has been developed, a registry
of interventions should systematically record legal
problems. Because ethical and legal best practices
for Al must be developed, input will be needed from
legal and ethics experts on this topic.

The story of technological interventions in health care
generally has been that their use and development
have been appropriated by the political economy of
health care so as to increase profits and thereby ben-
efit those who have more financial resources while
penalizing those who are poorer. I am skeptical that
Al-driven interventions can alter a fundamental
political-economic reality of our society.
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In the same way, health bureaucracy emphasizes
efficiency over care as its primary value. How will
Al-driven interventions in mental health institu-
tions avoid the trap of inadvertently contributing
to greater efficiency while reducing quality of care?
A cautionary example is the Electronic Medical
Record (EMR), a technology that, Atul Gawande
shows, held great promise for improving care but
has actually contributed only to improving billing.38

The story of technological interventions
in health care generally has been that
their use and development have been
appropriated by the political economy

of health care so as to increase

profits and thereby benefit those who
have more financial resources while

penalizing those who are poorer.

The mental health field has been filled with examples
of corruption and other illegal forms of behavior
aimed at taking advantage of users. This, by the way,
is no different than what goes on in the rest of health
care. Here the development of standards needs to be
enforced with real human monitoring and evalua-
tion with a concern for detecting abuse and misuse.
We live in a society where scamming is so common
that we have to assume it will be as problematic for
Al-driven interventions as for all other digital inter-
ventions. Therefore, we need to put in place safe-
guards that anticipate unintended consequences
and abusive behavior. I am most concerned in this
regard with the use of chatbots that are not routinely
monitored by human experts and might well be
employed as scams or in other criminal ways. This
has been the case with almost every technological
intervention in society, and AI will need to prove
itself by how it prevents such illegality.39

DANIEL BARRON

Safety is always defined in relation to a specific task
and the parameters for that task’s success and fail-
ure (see Table 1 on page 24). Ensuring that AI in
mental health care is safe, and stays safe, depends on
first clearly defining its specific clinical job and then
thinking through the risks of failure or error in that
particular job. An Al failing at medication reconcili-
ation carries different risks from one confusing CST
for PST in appointment scheduling. AT safety is not
absolute; it depends entirely on the context of the
task. In some cases, the risks of AI will outweigh the
benefits. In other cases, the benefits trump the risks.

Attempting to regulate Al as a monolith is nonsensi-
cal. You might as well try to regulate “therapeutics”
or “drugs” as single categories. Instead, regulators
should evaluate AI tools based on their defined task
and the risk profile associated with the specific job
they were designed and tested for. Evaluation frame-
works, like clinical trials or real-world data analysis,
must be chosen based on the nature of the AI's task
and its associated risks. Some AI applications (e.g.,
Al as an appointment-scheduling assistant) may not
require any formal regulation; real-world analysis
would seem sufficient (e.g., can the proposed Al
actually help patients schedule appointments?).

Safety metrics must be defined according to the
potential harms arising if the AI fails at its specific
job. For example, Shifat Islam and colleagues note
that Al-based triage systems (a specific job) can out-
perform traditional methods if implemented cor-
rectly, but the adoption of such systems hinges on
addressing transparency and ethical considerations

Al and Mental Health Care: Issues, Challenges, and Opportunities 30



Question 2: How can we ensure and
monitor the safety of Al in mental health care?

for that task.4® Transparency is key: the AI's oper-
ational domain (the task it performs), the data it
uses for that job, its limitations, and potential con-
sequences of task failure must be clearly communi-
cated. Anastasiya Kiseleva and colleagues propose a
multilayered system of accountabilities for AI's job
performance, emphasizing transparency for safety
and informed choices.#* The use of non-purpose-
built AT for clinical tasks they were not designed for
carries unmitigated safety risks, underscoring the
importance of this task-focused approach.

ALISON DARCY

The answer to this question is defined by the
intended use of the tool that deploys Al the setting,
the population, and the extent of the data that sup-
ports the deployment of the tool therein.

While the area of therapeutic chatbots is unhelpfully
gray, by embedding safety into product design and
development and then ensuring ongoing safety gov-
ernance, we took an unusually risk-mitigating posture
in the development and deployment of our conversa-
tional agent to support individuals’ mental health.

Safety by design

Safety and ethical design must be embedded into
every aspect of product design and development.
But, while various laws and certifications govern
good data protection (e.g., HIPAA and HITRUST)
and manufacturing standards (e.g., ISO 13485:2016),
in health care settings, which design practices will
best ensure safety are not always obvious when a

technology is new. We found that a first-principles
approach to product design was beneficial. When
approaching privacy, for example, we were inspired
by Europe’s General Data Protection Regulation,
which states that individuals should own their data
and have the ability to delete it. We thus designed
Woebot so people could simply ask it to delete their
data while conversing with it, rather than having
to seek out complicated settings or pursue lengthy
exchanges with customer support. We also firmly
believe that consent for any use of an individual’s
data should be sought only after offering a plain-
language description of each and every use.

Another hugely important safety principle is ensur-
ing that individuals understand the nature of the
service, its intended use, and its limitations—other-
wise known as informed consent. In mental health,
especially for new kinds of services, eliminating mis-
understandings, however small, about the nature of
the service is a central safety issue. In 2017, when
we launched Woebot, chatbots often tried to pass as
human beings. Woebot thus proudly declares itself
to be a software “robot” not only during its first
conversation with a user but many times after. In
fact, we rather belabored the point using the mech-
anism of fictional character development. Woebot
had a cartoon robot appearance, robot friends, and
robot bad habits (drinking too much hot oil when
stressed). Lest it be mistaken for an entity that can
intervene, Woebot also (over)stated that it was not a
crisis service and that no human would be reading
what the user writes in real time. We also reminded
people of this (in addition to including standard
warnings and offers to redirect users to appropriate
emergency services if needed) when Woebot detects
language that could be considered concerning, redi-
recting them to human-based services.

Safety governance architecture for a
regulated product

The core objective of safety governance is to ensure
the ongoing safety of all individuals who come
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into contact with the technology and to do so with
a broad enough scope that it also directly or indi-
rectly captures unintended or unanticipated harms
as a result of the experience.

We established a significant safety infrastructure,
operationalized and documented in standard operat-
ing procedures that were housed in a quality manage-
ment system that meticulously managed document
control procedures and organization-wide training
and official signing practices. The safety infrastruc-
ture focuses on the comprehensive identification,
documentation, assessment, reporting, and man-
agement of safety events, including adverse events
(AEs), serious adverse events (SAEs), and unantici-
pated adverse device events (UADEs).

A pivotal organizational structure was the safety
assessment committee (SAC), which met regularly
and consisted of the chief clinical officer (a clinical
psychologist by training) representing clinical care;
our vice president of regulatory affairs (a physician
by training), who represented product and strategy;
and an external (i.e., otherwise unaffiliated with
the company) physician chair who was compen-
sated for their time. The SAC, whose members were
trained in regulatory-grade safety procedures, were
involved in educating the rest of the organization
in device vigilance standards, safety monitoring
training, standard operating procedures, and ongo-
ing surveillance of all safety events observed during
any deployments of Woebot, whether commercial
or in the context of a clinical trial, and regardless of
whether the principal investigator was internal or
external to the company.

In addition, a doctoral-level head of device vigilance
(DV) who was responsible for ongoing monitoring
of intervention performance conducted post hoc
reviews and evaluations of safety events; received
notification of new AEs and SAEs; sent reports to
the SAC and any appropriate regulatory authori-
ties; provided the initial documentation of safety-
related events; escalated and informed all appropriate

parties and committees where necessary; entered
data into a safety database; ensured quality control
of data entry and narrative; reviewed and approved
cases in the safety database; and prepared analyses of
similar events for evaluation by the SAC.

Both the SAC and head of DV relied on an extensive
staff, including a lead biostatistician who oversaw
safety-data analysis for review by the SAC. In addi-
tion, research assistants and project and program
managers assisted in the extensive documentation
and reporting responsibilities, and a clinical oper-
ations lead oversaw much of the day-to-day oper-
ations of safety monitoring, vendor management,
and clinical trials.

In summary, key aspects of an ongoing safety mon-
itoring approach include:

= Proactive safety procedures. All users are
thoroughly informed about program limitations
and safety procedures during app onboarding.
Any screening processes that are necessary to
exclude individuals who are deemed unsuitable
occur prior to interaction with the program.

* Multichannel safety monitoring. Safety events
can be identified through spontaneous user
reports (via email, phone, app support), solicited
self-reports via follow-up surveys, and retrospec-
tive reviews of “language detection protocol”
transcripts. A safety event can be anything from
a negative experience caused by a software bug
to significant worsening of symptoms detected in
the context of a study.

= Defined roles and responsibilities. For exam-
ple, clear roles were established for the SAC,
head of DV, and supporting staff. For all studies
and trials, the principal investigator, sponsor
(i.e., Woebot Health), decentralized trial ven-
dor, and SAC were also involved in managing
safety events.

= Systematic event processing. Upon detection of
a potential safety event, a structured process is used
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to make an initial determination of seriousness and
causality, followed by review and approval by rel-
evant staff members. This must occur promptly
since SAEs and UADEs have expedited reporting
timelines (twenty-four hours from awareness).

* Documentation and reporting. All safety events
are meticulously documented in electronic
case report forms. Regular reports, including
biweekly summaries and periodic safety reports,
are generated for relevant staff, committees, and
regulatory authorities as appropriate.

* Risk mitigation. Procedures are in place to
minimize risks, such as misunderstandings of
the application’s capabilities, data breaches, and
potential emotional upset among participants.

= Continuous monitoring and reconciliation.
Safety data are continuously monitored, and SAE
reconciliations of the safety database and EDC data
are performed to ensure data quality and accuracy.
Signal detection and management processes are in
place to identify potential safety concerns.

= Compliance and quality control. Adherence
to applicable guidelines, regulations, and quality
system documents is emphasized, with key per-
formance indicators monitored for vendor per-
formance and deviation resolution.

The safety governance outlined above was consid-
ered appropriate for a “non-significant risk device.”
Scientists and academic readers will notice that it
goes far beyond the standard safety and data pro-
tections required by IRBs in the context of much
human subjects research. In study contexts, the
same elements exist—data monitoring and safety
boards, for example, operate similarly to an SAC—
but nowhere to the degree that is required here.

Woebot engaged with more than 1.5 million peo-
ple, and no SAEs or UADEs were detected. We were
able both to monitor which individuals triggered
the “concerning language detection” algorithm and
also assess the precision and recall (sensitivity and

specificity) of the algorithm in each research setting
by reviewing and labeling the data.

While we strongly advocate for healthy safety gover-
nance and the objectives it hoped to secure, in prac-
tice both were often fundamentally at odds with the
current pace and realities of AI development and
opportunities to innovate. I now see a risk in fail-
ing to “right size” such efforts. A quick glance at the
qualifications of individuals on the SAC or involved
in the DV groups will confirm that this is not an
inexpensive endeavor. When doing the right thing
is prohibitively expensive and painfully slow, people
may feel encouraged to operate as if they were not
regulated. This is the counterproductive nature of
safety governance that is not fit for purpose.

NICHOLAS JACOBSON

First and most important is that AI be held to a high
bar: Both safety and efficacy can and should be quan-
tified through trials. Direct oversight is important to
show that the tools are actually safe and effective.

What individuals or organizations are or
should be responsible for ensuring safety?
What tools might they use to do so?

Initially, the developers and researchers creating the
Al tool bear the primary responsibility for safety. This
involves meticulous design, training on high-quality,
evidence-based data (not just scraping the Internet),
incorporating clinical expertise throughout develop-
ment (we involved psychologists and psychiatrists
extensively), and building in explicit safety features
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(e.g., crisis detection models that link to resources
like 911 or hotlines). Tools include rigorous internal
testing, adversarial testing to find failure points, and
close human supervision during clinical trials to mon-
itor interactions and intervene if necessary. Ongoing
postdeployment monitoring is also essential.

What role should regulatory bodies and
independent audits play in verifying Al safety
and performance?

Regulatory bodies like the FDA have a critical role,
particularly when tools make therapeutic claims.
Such bodies should establish clear guidelines for eval-
uating safety and efficacy and require robust evidence
from clinical trials before allowing market access or
specific claims. Independent audits by third parties
could verify AI performance, safety protocols, data
privacy, and algorithmic bias, adding a crucial layer
of accountability. The current regulatory landscape is
lagging behind the technology’s rapid advancement.

What evaluation frameworks, such as clinical
trials or real-world data, are most appropriate
for assessing the safety of Al tools?

RCTs are the most appropriate framework for assess-
ing both the safety and efficacy of Al tools intended
for clinical use, just as they are for other medical
interventions. Our Therabot trial utilized an RCT
design. Post-approval collection of real-word data
is also vital for ongoing safety monitoring and for
understanding effectiveness across diverse popula-
tions and contexts not perfectly captured in trials.
Continuous monitoring within trials, including
review of Al-user interactions by trained staff, is
crucial for immediate risk mitigation.

How should safety metrics be defined and
tailored for different use cases and clinical
conditions?

Safety metrics must be defined clearly and tailored
to the specific use case and clinical condition. This

includes tracking the frequency and nature of inap-
propriate or harmful Al responses (we logged these),
monitoring for any worsening of symptoms, assess-
ing the effectiveness of crisis detection and response
protocols, and evaluating potential biases in the AI's
interactions. For different conditions (e.g., eating
disorders versus depression) and specific risks (e.g.,
reinforcing harmful weight-loss behaviors), each
condition requires its own metric. Human oversight
is important in determining whether safety metrics
are applied successfully.

What levels of transparency and
accountability are necessary?

Users need to provide informed consent and
demonstrate an understanding that they are inter-
acting with an AI. Accountability rests with the
developers and deploying organizations, which
must ensure the AI operates safely and ethically,
must address issues promptly, and must be liable for
harms caused by negligence or unsafe design. Clear
mechanisms for reporting adverse events or prob-
lematic interactions are needed.

How should the availability of non-purpose-
built tools (such as ChatGPT) figure in
regulatory and evaluation assessments?

The availability of general-purpose tools like
ChatGPT poses a significant challenge. People may
use them for mental health support despite them
not being designed, tested, or safe for this purpose.
Generic, general-purpose systems can regularly act
in ways that are profoundly unsafe. Regulatory and
evaluation assessments must clearly differentiate
between rigorously developed, purpose-built tools
like Therabot and general Al The public will need
to be educated about the risks of using nonthera-
peutic Al for mental health needs. Work on pur-
pose-built therapeutic Als should be regulated, with
regulations focused on tools marketed with thera-
peutic claims, while also acknowledging the reality
of off-label use of general tools.
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Question 2: How can we ensure and
monitor the safety of Al in mental health care?

HANK GREELY

My greatest concerns about Al in mental health care
are more in the area of “political economy” than in
ethics or law, but this question seems to be my best
chance to present them.

Proving safety and efficacy is not easy, but requiring
such proof is even harder when social forces stand
in the way. Ideally, we would know, from research,
the safety and effectiveness of particular approaches
to AI in mental health care before it is widely used.
This could avoid both direct harm to some patients
of Alin mental health care and prevent wasted effort
on ineffective treatments.

An early safety and efficacy regime also has the
advantage of acting when political difficulty is
low. As the Collingridge dilemma acknowledges,
“attempting to control a technology is difficult . . .
because during its early stages, when it can be con-
trolled, not enough can be known about its harm-
ful social consequences to warrant controlling its
development; but by the time these consequences
are apparent, control has become costly and slow.”4>
Once a technology has been widely adopted, vested
interests will have developed among those who pro-
duce it, use it, or are affected by it. But before it is
in substantial use, we may not know what harm, or
good, it does.

The best answer seems to be to allow nonresearch
uses of risky novelties only after they have been
proven safe and effective. In the United States, this

is largely limited to FDA medical product regula-
tion, but such regulation is under constant assault
from producers, physicians, disease organizations,
and patients wanting faster and easier access.

The use of Al in mental health care raises special
problems. Some are on the AI side, a tool widely
hoped to fix all that ails everyone and everything,
the subject of intensive and expensive research, and
the basis of high valuations on many huge and pow-
erful firms. And it resides largely in Silicon Valley,
with its ethos of “move fast and break things”

Infotech has long eyed the more than $5 trillion U.S.
health care market enviously. Its efforts to break into
that market have largely failed. AI offers another
chance, with fewer opponents. The FDA faces legiti-
mate difficulties in figuring out how to regulate Al in
health care, but the influence of many of the world’s
largest companies on Congress and the adminis-
tration will make its job even harder. The FDA has
already announced relaxed and unclear standards
for regulating AL

That Al is to be used in mental health care exacer-
bates the problems. First, measuring the outcomes
of mental health care is more difficult than, say, mea-
suring mortality reductions from a treatment for
pancreatic cancer. But mental health, an area largely
left behind in recent medical advances, is also filled
with particularly desperate patients (and those who
care about them). The strong desire for treatments
seems likely to make patients, families, and disease
organizations eager to promote Al interventions.
The broad rejection in many parts of society of sci-
entific and medical expertise will not help.

Creating a useful scheme for regulating AI in men-
tal health care will always be hard; figuring out how
to get it implemented—by legislatures, regulators,
or otherwise—will be even harder. Finding ways to
solve that problem must be a high priority.
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human in the loop?

BACKGROUND

The effectiveness and safety of fully or partially
autonomous mental health AI tools remain con-
tested. Some patients see potential benefits from
fully autonomous Al providing mental health care,
turning to conversational agents (e.g., ChatGPT) for
therapeutic conversations. A recent survey found
that one in four Americans preferred speaking with
a chatbot rather than a human therapist, and 8o
percent found ChatGPT to be an effective alterna-
tive to in-person therapy.#® However, these findings
reflect user satisfaction rather than clinical effec-
tiveness and do not assess long-term outcomes or
risk exposure.

From a regulatory perspective, the fundamental
question about human involvement hinges, at least
in part, on how we define the role of LLMs in men-
tal health: Are they a form of therapy, or are they
more akin to a friend or companion? If LLMs are
intended as therapy, the human being in the loop
would be defined as a licensed clinician responsi-
ble for prescribing the LLM intervention, monitor-
ing its effectiveness, and managing adverse events.
The use of LLMs without clinician oversight would
then be analogous to an “over-the-counter” therapy
and would be regulated as such (e.g., for validity
of claims). Given the widespread public access to
these tools, some LLM mental health interventions
effectively occupy this status already, despite lack-
ing formal approval or rigorous testing.44 Providers
and experts remain divided. Some argue that clini-
cian oversight is essential for patient protection and
for maintaining care standards. Clinicians also note
potential benefits in using LLMs to handle interme-
diate tasks, such as note summarization, interim
patient support, or improving access to mental
health education. However, they recognize that
evidence supporting its therapeutic effectiveness is
currently limited.45

If, on the other hand, LLMs function primarily as
friends or companions, the need for regulation and
human oversight might be much less, although both
safety and efficacy concerns would remain. For
example, should chatbots that may not be claiming
to provide therapy be freely accessible to potentially
vulnerable individuals, like children or individuals
with severe mental illness, or do their potentially
unintended consequences still need to be mitigated?

RESPONSES

DANIEL BARRON

Medical decision-making rests on two broad forms
of knowledge: trained judgment and quantitative
inquiry. Trained judgment is what a psychiatrist
develops over years of medical school, residency,
fellowship, and ongoing clinical practice. From a
neuroscience perspective, here the clinician’s brain
serves as sensor, evidence generator, and inter-
preter—all in one. When a clinician passes their
board exam, what this indicates to patients (and
payers) is that the clinician’s brain has internalized
a baseline level of medical knowledge and demon-
strated the ability to apply it under uncertainty to
community standards. But competence in psychi-
atry goes beyond memorizing criteria. It involves
developing sensitivity to the “texture” of a patient’s
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life—their tone of voice, shifts in body language, and
the felt sense of their emotional state. This is diffi-
cult to do well. I often tell my patients that I am a
better clinician today than I was five years ago—and
that I expect to be better still ten years from now.
Practicing medicine under uncertainty requires
a kind of humility: I am constantly learning from
my patients and my own decisions because I choose
to learn. In AI terms, this is akin to “recursive self-
improvement.” While recursive self-improvement is
foundational to human medical training, it remains
a significant challenge for current AI tools.

The right approach is task-specific:
define the clinical task, characterize
the Al solution for it, then compare it

to how human beings do the same

job. This concrete exercise allows
us to weigh the risks and benefits

not in the abstract but against
real-world standards.

Quantitative inquiry, by contrast, is decision-making
guided by empirical, measurable evidence. In this
case, the sensor and evidence generator lie outside
the clinician’s brain—embedded in instruments
and tests. A cardiologist may adjust an antihyper-
tensive medication based on blood pressure read-
ings; an oncologist may evaluate the effectiveness
of chemotherapy by tracking changes in tumor
volume. In each case, the decision is anchored to
data that are external to and observable by sources
outside the clinician’s brain. In mental health care,
the potential for quantitative inquiry is vast but
largely untapped—because the relevant data are
often high-dimensional, subjective, and dispersed
across time and context. That said, with emerging
tools and capacities—digital phenotyping, voice

and speech analysis, passive behavioral monitor-
ing—we now stand at the edge of expanding psy-
chiatry’s empirical foundation. The fundamental
enterprise of evidence-based medicine is to deploy
the scientific method to translate trained judgment
into quantitative inquiry. Clinical trials are the key
mechanism of this translation: They formalize clin-
ical intuition into reproducible knowledge. With
this in mind, consider that the long-term goal of
all medical practice is to become increasingly fit for
automation—not to eliminate human clinicians but
to systematize what works and scale it. To some, this
may sound unsettling. What of empathy, nuance, or
human judgment? Yet many areas of medicine have
already embraced this trajectory. We very much
expect cardiologists and oncologists to be empathic
and perceptive—but we seek their care because they
interpret blood pressure, heart rhythms, and tumor
volumes through rigorous, validated protocols. The
aspiration of mental health care is no different: to
blend empathy with increasingly robust, data-
driven decision-making.

Putting aside this larger and critical philosophi-
cal motivation, whether human oversight needs
to accompany Al in mental health care depends
entirely on the task at hand. For interpreting tera-
bytes of quantitative measures to apply the latest
evidence-based guidelines, human supervision
(if possible) may be minimal. Similarly, straight-
forward, low-risk tasks—think helping patients
book follow-ups or providing standardized info on
sleep hygiene—can likely be delegated to AI con-
fidently. But for the higher-risk decisions such as
definitive diagnoses, significant human oversight
is likely wanted and required. The right approach
is task-specific: define the clinical task, character-
ize the AI solution for it, then compare it to how
human beings do the same job. This concrete exer-
cise allows us to weigh the risks and benefits not in
the abstract but against real-world standards.

Hyein Lee and colleagues found that, while patients
see the usefulness of AI conversational agents for
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certain tasks, most still want a human involved
in Al-driven therapy, particularly for direct care
jobs.4¢ This suggests that patient acceptance of Al
autonomy is task-dependent. Hybrid models often
get touted wherein AI acts as an assistant, boosting
human capabilities for specific jobs. An Al might
screen for potential drug interactions (a clear task)
for a human being to double-check, applying their
trained judgment to other conclusions.

R. Andrew Taylor and colleagues describe Al
streamlining information gathering in emergency
rooms, a specific role that complements rather
than replaces a clinician’s trained intuition.4” Oliver
Higgins and colleagues echo this, stating that Al/
ML-based clinical decision support systems should
enhance human judgment for defined clinical tasks.
They also stress the importance of clinician trust,
system transparency, and ethical considerations like
bias and equity, especially for vulnerable folks.48

Where could AI possibly act without human inter-
vention? Maybe in highly repetitive, data-heavy
jobs with low inherent risk, such as performing
initial scans of wearable data to flag troubling
patterns for human review; in short, tasks where
Al demonstrably outperforms human speed and
accuracy for those specific tasks. Anithamol Babu
and Akhil Joseph offer examples where human
beings and AI can collaborate nicely.4® How-
ever, even in these contexts, they caution against
“automation bias,” in which clinicians might place
undue trust in the AI's recommendations (this is
also a common critique of professional guidelines,
which, unfortunately, some clinicians blindly trust,
leading to the reminder, “Treat the patient, not the
protocol!”). Having clear protocols for when to
seek help is always nonnegotiable—whether you
are an Al or a medical student.

NICHOLAS JACOBSON

The level of human oversight should be based on
the level of evidence of safety and efficacy. Given the
current state of generative Al technology and the
inherent risks in mental health care, the answer for
now is, yes, a human should remain in the loop, par-
ticularly for oversight and safety, though the nature
of that loop can vary. While fully autonomous Al
therapy is a potential future goal, the field is nascent,
and this must come with greater time and evidence.

What are the risks and benefits of using
purpose-built Al tools with and without
human oversight?

With human oversight, clinicians can review inter-
actions, intervene in crises, correct Al errors, and
integrate Al insights into overall care. The primary
risk is the resource cost of maintaining that over-
sight. The main benefit of a lack of oversight is
maximum scalability and reduced cost. However,
the risks are currently unacceptably high. These
include the AI providing harmful or inappropriate
responses, failing to detect or adequately respond to
crises (e.g., suicidality), perpetuating biases, or fos-
tering unhealthy dependence. Our Therabot trial,
despite strong results, involved human monitor-
ing. No generative Al is ready for fully autonomous
operation in mental health care today.

How can requirements around human
oversight be established and enforced?

Scientists should make thisa norm of scientific work
in review. Requirements should be established by
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regulatory bodies (like the FDA for tools making
clinical claims) based on the tool’s intended use,
level of risk, and demonstrated autonomous safety
capabilities. Enforcement could involve manda-
tory reporting, periodic audits, and clear protocols
for human review and intervention as part of the
approval process. Certification standards for Al
mental health tools could mandate specific over-
sight levels based upon their level of evidence.

How can hybrid models effectively balance
automation with human clinical judgment?
How can hybrid models that enhance human
clinical judgment be promoted?

Complicating the use of hybrid models is that the
therapeutic orientation and intervention targets of
both the generative Al and the system need to be
tully aligned. This can be nontrivial and may require
the same level of coordination between multiple
outpatient providers trying to see the same patient
(most therapists will not do it). Hybrid or blended
care systems must demonstrate their value propo-
sition to clinicians (reducing workload, enhanc-
ing outcomes) and patients (providing continuous
support), integrating them smoothly into clinical
workflows and ensuring proper training for thera-
pists on how to use them effectively.

In what scenarios might purpose-built
Al operate fully independently without
compromising patient safety and care
quality?

Although these systems can currently be deployed
safely with some human oversight, in no scenario
can a generative Al operate fully independently
to treat diagnosed mental health conditions with-
out compromising safety. Significant advances
in demonstrating safety, reliability, contextual
understanding, and fail-safe mechanisms, verified
through extensive, rigorous testing and regulatory
approval, should be required before considering
independent operation for therapeutic purposes.

HANK GREELY

For the standard “human in the loop” question, the
answer seems to me to be clearly “it depends.” Unless
or until there is solid evidence that, at least in some
categories of Al interventions with some categories
of patients, Al without a human in the loop works
as well or “better” than AI with a human in the loop,
then, yes, a human being should be required. (Note
that defining how well any mental health care treat-
ment works will be tricky, especially if safety moves
in one direction and effectiveness—or cost and
hence accessibility—moves in another.) It is foolish
to say, today, “always” to just about anything in this
rapidly developing field. I am in general a skeptic
about just how useful AI will be across a range of
applications. I certainly do not expect it to be “magic
pixie dust” But I cannot exclude the possibility that
it might work better, in some circumstances, when
no potentially interfering humans are in the loop.
We just do not, and, at this point, cannot know.

I will add that one aspect of this issue does actually
give me some sympathy for AI (or its developers).
Some people tend to demand that Al be perfect; one
sees that occasionally in discussions of driverless
cars. But the standard should really be, “Is it bet-
ter or worse than human-controlled decisions, as
human drivers are often terrible?” Or, in this case,
“Is the mental health care better with or without
humans in the loop?” It seems to me right to put
the burden of proof on those promoting AI to show
that it is at least as good, and preferably better, but,
if they can prove that sufficiently, no humans should
be required in the direct use of the AL (I will still
argue, on grounds of political theory, albeit perhaps
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a Homo sapiens—centric theory, that human beings
must be the ultimate decision-makers on whether
and how Al is to be used.)

ARTHUR KLEINMAN

A human being must always be in the loop. In the
absence of human assessment, AI has not been
demonstrated to be able to provide an unbiased
evaluation of its own workings. To the best of my
understanding, no evaluation of real outcomes has
yet demonstrated that Al is effective and safe in
mental health care. For example, in a recent piece in
the journal Nature Communications, researchers at
Brigham and Women’s Hospital in Boston demon-
strated that, in primary care medical evaluations,
Al interventions that have been found adequate
using multiple-choice questions were also found
to be inadequate when AI was used in real-world
doctor-patient conversations.>® Surely this will
improve over time, but outcomes need to be
assessed by human experts who are outside the Al
intervention under examination.

Al operations should thus never operate inde-
pendently of human clinical judgment; instead, they
should always be augmenting it. In fact, this is where
I believe AI could really advance clinical care, the
key elements of which are quality of relationships,
communication, and clinical judgment. In most
health care today, including mental health care, we
usually measure none of these things. Direct mea-
surement of the quality of clinical care is one of the
most significant things that can be achieved by Al
and a clear example of it is performing operations

that augment, but do not substitute for, human
therapeutic interventions.

Al systems will become vulnerable to hacking the
moment they are introduced. To address this secu-
rity risk and the privacy concerns it raises, research-
ers and developers will have to create and adopt best
practices and guidelines for preventing serious mis-
use and abuse. This should be a fundamental con-
cern of regulatory frameworks. Each mental health
care system or agency should prioritize the protec-
tion of privacy and the maintenance of security.>*

ROBERT LEVENSON

What are the risks and benefits of using
purpose-built Al tools with and without
human oversight?

This question arguably reflects our inherent mis-
trust of technology, fanned by decades of popular
culture tropes of machines run amok (from HAL to
the Terminator and beyond). Inherent in this mis-
trust is a belief that having human beings in the
loop (despite all of their flaws, including difficulty
maintaining sustained attention and vulnerabil-
ity to fatigue) will protect us against the failings of
technology in general and of AIMHIs in particular.

Clearly, having human beings in the loop in the rel-
atively early days of AIMHIs will have precaution-
ary advantages, as we do not yet have high-quality
research data available to evaluate bots’ safety, effi-
cacy, and ability to deal with situations that fall
outside their rules-based programming and LLM
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training. In these relatively early days, it is impor-
tant to avoid some of the foibles of human cogni-
tion, such as overweighing negative events and
ignoring base rates. Thus, we should expect to
see incidents where people working with AIMHIs
engage in suicidal behavior or violence toward oth-
ers that is not detected, reported, or well-handled by
the bots. As horrifying as these events are, we must
continue to ask how the rates of horrible events
compare between AIMHIs and human therapists
and take these data into account when developing
future mental health policies.

In a similar vein, mental health bots could be
trained to digest results from batteries of psycho-
logical tests and/or behavioral observations to help
provide an accurate clinical diagnosis, whether of
the traditional type associated with the Diagnostic
and Statistical Manual of Mental Disorders or one
of the modern alternatives (e.g., the Hierarchical
Taxonomy of Psychopathology).>> Going beyond
this, given adequate training materials, it is not far-
fetched to imagine bots that could review record-
ings of psychotherapy sessions to detect patterns of
client/patient discourse that suggest heightened risk

We must also be open to expanding our evaluation to consider whether,
in some areas, a bot should also always be in the loop. ... For example,
we can imagine a time when radiologists examining a mammogram for
early signs of tumor growth will routinely seek a “second opinion” from
a bot that has been trained to make these kinds of judgments, which it

should be capable of doing without lapses related to fatigue or distraction.

As scientists, we should be working to evaluate
whether a human being always needs to be “in the
loop” However, we must also be open to expanding
our evaluation to consider whether, in some areas,
a bot should also always be in the loop. In contrast
to AIMHIs, where we lack sufficient high-quality
research data to determine how well AT bots will do
with therapy, assessment, and other mental-health
related activities, data from medicine already indi-
cate areas where bots are particularly effective. For
example, we can imagine a time when radiologists
examining a mammogram for early signs of tumor
growth will routinely seek a “second opinion” from
a bot that has been trained to make these kinds of
judgments, which it should be capable of doing
without lapses related to fatigue or distraction.

for suicide or other forms of self- or other harm.
Although many therapists and assessors in train-
ing have their work double-checked by a supervi-
sor, this is rare after formal training ends. If AI bots
are found to be able to provide this kind of quality
assurance and backup at high levels of reliability and
validity, would any future client want to see a human
therapist or assessor without an Al in the loop?

Clearly, studies are needed that evaluate the relative
safety and efficacy of human practitioners and Als
working alone. But research could also show that
having them work together has exciting synergistic
effects on client/patient safety, treatment efficacy,
and our ability to increase the number of clients/
patients with whom human therapists can work.
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At a minimum, chatbots should be clear about their protocols

and guardrails, with documented risk taxonomies and playbooks

for managing self-harm, substance use, crisis hotlines, and

appropriate deflection responses.

ALISON DARCY

While the FDA is convening meetings and gather-
ing feedback, at the time of writing, states are also
taking proactive steps to regulate AL Bills from
California (AB 3030, AB 2013, SB 243) will impact
Al deployed in health care, require transparency in
training data, and specifically impact chatbots. Else-
where, Colorado’s AT Act, Utah’s SB 149, Oregon’s HB
2748, New YorK’s Al companion restrictions, and
Illinois’s HB 1806 will require active policy tracking
for AI mental health companies. These companies
will need to consider implementing features that
enable deployer compliance, and they will benefit
by embedding compliance early. Companies will
also be required to ensure datasets comply with pri-
vacy and secondary-use restrictions, and to audit
marketing claims and public documents to ensure
transparency with end users. The bills also lean on
the need to implement continuous performance
monitoring to track model drift. All these bills are

beyond the FDA’s purview and translate into a grow-
ing, differentiated set of expectations at the state
level. Estimates suggest there are over two thousand
bills addressing Al at the state level; it remains to be
seen how many will be specific to Al applications in
mental health. While compliance may historically
have been viewed as a burden, it is fast becoming a
competitive advantage.

Leading bodies, such as the World Health Orga-
nization, American Psychological Association,
American Psychiatric Association, and the Amer-
ican Medical Association, are going on record
regarding chatbots, calling for more clinical
oversight, transparency in privacy and security,
patient safety, and a need for a human in the loop
as concerns grow about replacing clinical judg-
ment. At a minimum, chatbots should be clear
about their protocols and guardrails, with docu-
mented risk taxonomies and playbooks for man-
aging self-harm, substance use, crisis hotlines,
and appropriate deflection responses. Real-world
monitoring should include drift dashboards, peri-
odic red teaming, and the publication of post-
market summaries. Special considerations should
be added for subgroups like youth versus adult;
for example, chatbots that address language-level,
teen-tuned policies, guardian controls, and age
checks.
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QUESTION 4: What are the potential
unintended consequences of Al-driven mental
health care on the nature of interpersonal

relationships?

BACKGROUND

Al mental health technologies can influence how
people interact socially and emotionally. Hundreds
of millions of users worldwide now engage with
LLM-based mental health or companion apps, such
as Replika (25 million users) or Microsoft’s Xiaoice
(660 million).>3 In one study of U.S. college students,
63 percent of respondents reported reductions in
loneliness or anxiety attributed to interactions with
LLM companions. While these LLM interactions may
feel genuinely empathetic, they are designed to be
endlessly agreeable and user-aligned, often prior-
itizing user retention and engagement rather than
therapeutic rigor.54 Researchers caution that such
overpersonalized support may limit users’ exposure
to genuine disagreement and diminish their inter-
personal empathy and mutual understanding.5
Over time, constant LLM companionship could
reshape norms of interaction by making frictionless,
on-demand support feel normal, leaving real-world
relationships seeming less rewarding.5® Recent anal-
yses even suggest these tools might simply “digitize”
loneliness instead of fostering genuine social integra-
tion. Furthermore, critics argue that framing men-
tal health primarily as a data-driven problem risks
neglecting patients with complex social needs.>”

Dependence on Al is becoming an increasing clin-
ical concern. In one longitudinal study involving
adolescents, 17 percent showed signs of reliance on
Al companions at baseline, with that figure rising to
24 percent by follow-up, particularly among more
vulnerable individuals.5® Such reliance, defined as
habitual use of AI companions in place of human
interaction, may mirror patterns observed in behav-
ioral addiction or avoidance behaviors, although
formal diagnostic criteria are not yet established.

No study to date has examined what happens when
users stop interacting with LLM tools or whether
clinical improvements gained through LLM interac-
tions persist over time.

RESPONSES

SHERRY TURKLE

Some look at AI and see administrative help for bur-
dened clinicians—a way to keep track of appoint-
ments, prescriptions, and medical histories. But the
questions, as posed, go beyond this. They assume
the presence of conversational AI in therapeutic
dialogue and try to responsibly assess and constrain
it. Thus, language around “humans in the loop” and
“unintended consequences.”

I have a different question when I look at AI and
mental health. I don’t ask how to best integrate it but
how to develop a framework in which we can ask
whether Al is an appropriate therapist at all. What
is the social context in which AI presents itself as a
solution? What is the role of human beings in ther-
apy? And what does therapy become if we frame it
as something a chatbot might do?
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We have a crisis in loneliness and depression. The
kinds of institutions that are designed to help need
money—to train professionals and to develop com-
munities. A larger reframing of AI in mental health
would ask, How can we use the resources of Al to
build things in the real world? Instead, my colleagues
say that we need AI clinical solutions because “there
are no people for these jobs.” So, we have no choice but
to commit significant resources into generative Al and
mental health. But if those resources were freed up, we
would have enough money to train an army of mental
health professionals and rebuild community spaces.
This is how technological determinism plays out:
resources can be spent only on technology, so the big

of your own life but still feel many of the insecuri-
ties you knew when you were little. Without a body,
the program has no stakes. Without stakes, it has
no standing to talk about fear, love, or loss. In a
dialogue with a patient, a program is never show-
ing empathy. It is performing pretend empathy. But
over time, that performance of empathy may seem
like empathy enough. Or the patient comes to see
empathy as the kind of thing a program can do.

When we suggest a chatbot in
a clinical setting, we are not fully

problems of society can be helped only by technology. consideri ng our human ca paCity for

, o empathy, that ability to put ourselves
The argument for using chatbots as clinicians is sup-
ported by studies showing that loneliness can be
helped by talking to a machine. We have metrics that

in the place of the other. Chatbots
can’t do this because they have not

tell us that time spent with a chatbot “reduces loneli-
ness”” But when human therapists work with patients,
they don’t necessarily aim to have their patients leave
the session happier or saying that they are “less
lonely” They try to develop something else: an inner
capacity for relationship, empathy, and resiliency.

Many argue that people prefer talking to chatbots
over human beings—and thus chatbots are in a
good position to be therapists. But a loneliness cri-
sis in humans cannot be addressed by nonhumans.
While talking to a program might make people feel
less vulnerable than human conversation, intimacy
without vulnerability is not intimacy at all—and
does nothing to prepare us for human relationships.

When we suggest a chatbot in a clinical setting, we
are not fully considering our human capacity for
empathy, that ability to put ourselves in the place
of the other. Chatbots can’t do this because they
have not lived a human life. They don’t know love
and passion. They don't fear illness and death. They
have not experienced infancy, adulthood, or old
age. They don’t know what it is like to start out small
and dependent and then grow up to be in charge

lived a human life.

One foundation of talk therapy is that the moment
you enter its space, you are with a person willing
to listen to you. An AI therapist can wow you with
what it knows about you. It can achieve superhuman
intellectual feats. But good therapy is not about
knowing the most about you. What cures is the
relationship between the therapist and the patient,
not a magical interpretation or a perfect reframing.
What is healing is to be heard. With an Al therapist,
we can speak, and the AI can remember. But we are
never heard.

My colleagues have framed machine empathy as an
“open question,” suggesting that AI can be an appro-
priate partner once it passes a “Turing test” of inter-
personal empathy. But no matter what test it passes,
the AI demonstrates only the simulation of empathy
and care. My colleagues talk about the “relation-
ship” between the patient and an Al therapist as ade-
quate today and better in the future. But to speak of
a relationship between a program and a person is
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to mischaracterize their interactions, which are not
one-on-one but one-on-none.

And yet, the word relationship persists in the con-
versation about AI and mental health. Saying some-
thing untrue many times does not make it more
true, but it does make it less and less shocking. I do
not question studies that say people report positive
feelings after chatting with machines. And clearly,
more and more young people are using platforms
like Character.AI to substitute for therapists and
friends. But in doing so, they develop a model of
friendship and empathy based on what a machine
can provide. The same process is at work when
you talk to a machine as a therapist: You develop
a model of being understood as the kind of under-
standing a machine can provide.

Relationships with chatbots may be

deeply compelling and, for some,

from friendship: that love and hate and envy and
generosity are all mixed together and that, to suc-
cessfully navigate life, you have to swim in those
waters. Al doesn’t swim in those waters.

When an Al responds to an adult’s expression of
anxiety by claiming, “I'll always be on your side,”
adults, hopefully, have had a lifetime of human
experiences that help them put that comment into
perspective. They've had the experience of being
connected to a person who accompanies them to
a doctor’s appointment or stocks their refrigerator
after a death. Children haven’t had enough life to
have these experiences. Chatbot best friends don’t
teach lessons about human capacity.

The second principle: Apply a litmus test to Al appli-
cations. Does an AI enhance inner life? Or does it
inhibit inner growth?

Consider chatbot friends and romantic partners. So
much of love depends on what happens to you as

inspirational or educational. But they

you love. The point in loving, one might say, is the
internal work. But what internal work can you do
if you are alone in the relationship? A user might

don't teach us what we need to know
about empathy, love, and human lives

that are always lived in shades of gray.

It helps to look at AI in mental health in the current
trend of using AI chatbots as relational partners. I
suggest three guiding principles when we think
about the role of Al in our intimate lives.

The first principle is existential: Children should
not be the consumers of relational Al This is the
Al that pretends to be in relationship with us, that
presents itself as an alternative to people. Children
don’t come into the world with empathy, the abil-
ity to relate, or an organized internal world. They
are developing those things. As they do so, children
learn from what they see, from what they relate to.
In dialogue with an AI, they learn what the AI can
offer. And the AI can’t offer the basic things we learn

feel good, but the relationship is an escape from the
vulnerability of human connections. I have said that
intimacy requires vulnerability. With a chatbot, you
can be diverted, distracted, and entertained, but
the growth from love, the kind of knowledge that
expands you from within, can’t happen.

Consider “grieftech,” programs that allow you to cre-
ate an avatar that looks and talks like someone who
has died. The process of mourning is where we bring
inside what we have lost, now internalized as part of
the psyche. Loss is the tragic motor of human devel-
opment, the template for growth. Does the presence
of a grieftech avatar offer a new way of dealing with
grief? Or does it interfere with the mourning process
because we can refuse to say goodbye?

In that spirit, we have a larger context for consider-
ing chatbots in the role of psychotherapists: Does
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this product help people develop more internal
structure and resiliency, or does the chatbot’s per-
formance of empathy lead only to a person learning
to perform the behavior of “doing better?”

Thus, a third principle: Don’'t make products that
pretend to be people. As humans, we are vulnerable
to things that show signs of personhood. A chatbot
that declares itself an “I” exploits our vulnerability.
If you make a chatbot look and feel like a person,
the human psyche will try to internalize it as though
it were a person. Even if the chatbot has a disclaimer
that says, “characters are not real people,” every-
thing else about the experience implies, over and
over again, “I am a person.”

Relationships with chatbots may be deeply com-
pelling and, for some, inspirational or educational.
But they don't teach us what we need to know about
empathy, love, and human lives that are always lived
in shades of gray. To say all of this about Al is not to
diminish its importance but to ensure that we cher-
ish our humanity alongside it.

ROBERT LEVENSON

How can Al’'s impact on interpersonal
relationships and emotional well-being be
assessed?

Self-report measures have long been used to gauge
the quality of interpersonal relationships. These
measures, which were originally developed by
sociologists in the 1950s, proved to be reliable and
valid.>® They measure one aspect of interpersonal

relationships; namely, the level of satisfaction expe-
rienced by each partner. Another important and
quite different aspect of relationship quality is rela-
tionship stability, often assessed by looking at how
long relationships last. Many external (e.g., cultural
practices) and internal (e.g., religious beliefs) fac-
tors can moderate the relationship between marital
satisfaction and stability, such that dissatisfied mar-
riages can stay together for long periods of time and
satisfied ones can dissolve quickly.

Relationship researchers and lay intuitions often
converge in believing that self-report measures of
relationship satisfaction do not assess “true” rela-
tionship quality (e.g., some couples might report
being happy on a questionnaire even though
“everyone knows” they are really miserable). For
this reason, relationship researchers have devel-
oped more “objective” measures of relationship
quality based on behavioral indicators. For exam-
ple, couples’ interactions can be directly observed
to assay their emotional and other behaviors (e.g.,
the ratio of positive to negative emotional behav-
iors that are expressed, how collaborative partners
are in problem-solving, and the appearance of cer-
tain “toxic” emotions such as contempt). Whereas
early behavioral assessments typically characterized
each relationship partner separately, contemporary
approaches often characterize the dyad in addition
to the individuals. This can include identifying
patterns of synchrony in emotional behaviors and
physiology that are related to relationship satisfac-
tion and stability.5°

We expect that research on the impact of AIMHIs
on relationship quality will follow a path that is
similar to research with human agents (i.e., studies
of couples therapy). This will mean starting with
self-report measures of relationship satisfaction and
tracking relationship stability and later moving to
include behavioral and physiological dyadic mea-
sures. One exciting possibility for AIMHIs would be
the ability to detect and monitor some of these latter
indicators in real time (e.g., using wearable devices to
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detect moments of behavioral and physiological syn-
chrony that occur in the natural environment). This
information could be extremely useful in identifying
troublesome events, designing therapeutic interven-
tions, and monitoring couple functioning over time.

What are the implications of Al in mental
health for empathy?

Empathy is often viewed by researchers as consisting
of three elements: (a) cognitive empathy—knowing
what another person is feeling; (b) emotional empa-
thy—feeling what another person is feeling; and
(c) prosocial behavior—acting to help someone in
distress. Empathy has proved to be one of the most
important building blocks for human relationships,
spanning friendships, intimate partnerships, and
relationships between therapists and clients. “Get-
ting empathy right” requires creating the proper bal-
ance among these three elements such that the other
person experiences being understood, felt, and cared
for. Because the ideal recipe differs across people,
situations, and time, failures of empathy, especially
when they are chronic, are often among the root
causes of relationship dissatisfaction and dissolution.

Early AI “therapists” (e.g., ELIZA) used techniques
such as repeating back (via a teletype device) portions
of what the “client” typed to create a sense of empa-
thy and understanding.®" While initially impressive,
over time this approach became more of a clever par-
lor trick (and a source of cruel humor) than a believ-
able form of empathy. Getting empathy right remains
an elusive “Turing test” for AL Even with the best-
designed “socially sensitive” bots, things can go terri-
bly wrong (especially when interactions go on for long
periods of time). Whether it is a misunderstood senti-
ment, a facial expression held too long (when AI bots
have animated faces), or a technical glitch, the path
to a truly empathic Al is fraught with the potential to
undermine trust and weaken the therapeutic alliance.

A recent experience I had with a promising AI ther-
apy bot, one replete with a facially animated avatar,

might be illustrative. The bot was doing pretty well
in asking questions and tracking my responses.
However, the audio gradually fell out of sync with
the bot’s mouth movements, and this soon became
a major distraction. At one point after I responded
to the bot’s question about what was worrying me, it
gave a single word response, “Gosh,” followed by total
silence. For me, some fifty years after I was originally
exposed to ELIZA, it was once again, “Game over.”

If we assume that empathy is one of the most criti-
cal elements of therapeutic success, then AIMHIs will
need to be able to convey and sustain a sense of empa-
thy across different people, changing situations, and
time. But even if this holy grail is not fully realized,
these bots can still play important roles in improving
mental health in other ways, including psychoedu-
cation, diagnosis, supervision and training of ther-
apists, and serving as adjuncts to human therapists.

ARTHUR KLEINMAN

All effective interventions in medicine have unin-
tended consequences. Al, for all its important uses,
which are myriad and significant, also has been
shown to have unintended consequences. These
include biases, which can contribute to health and
social disparities; negative impacts on interpersonal
relationships and emotional well-being, which can
worsen mental health conditions and even lead to
mortality; and the real possibility that emotional and
moral aspects of care will be weakened, not strength-
ened, by AJ, as has happened with other technological
interventions such as the EMR. The best way of deal-
ing with unintended consequences, as was long ago
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shown by sociologist Robert K. Merton who devel-
oped this idea,%? is for developers, policymakers, and
those who use AI in mental health to be aware of
the possibilities of unintended consequences and to
search for them, since they are almost always present.
That is to say, because Al will produce unintended
consequences, mental health professionals have to be
prepared to recognize and control them.

ALISON DARCY

If we were rigorous in our definitions and operated
within a regulatory system that was both sensible and
accessible, I would anticipate few unintended conse-
quences from purpose-built mental health chatbots
on interpersonal relationships. This is for two reasons.

First, in health care, technology must be evaluated
according to its intended use. A well-functioning
regulatory process demands transparency, a for-
mal risk-benefit analysis, and ongoing surveillance.
These safeguards create space to evaluate safety and
outcomes rigorously, helping to prevent harm.

Second, the role of the interpersonal relationship in
clinical care is already well operationalized. It is not
treated as the sole mechanism of change but as one
among many therapeutic factors. In this context, a
digital agent can form a therapeutic relationship—
measured, for instance, through working alliance—
asameans to an end: fostering psychological change.

However, the real risk lies in conflating mental
health chatbots with companion chatbots—two
fundamentally different classes of technology. The

former is designed with evidence-based frame-
works and outcomes in mind. The latter is often
optimized for retention, engagement, or monetiza-
tion. This conflation could erode public trust in the
entire category, a serious unintended consequence.
We risk nonadoption of technologies with demon-
strable benefits—such as reducing mental health
burden at scale—because the public and the pub-
lic discourse cannot distinguish purpose-built tools
from those that are not fit for purpose.

The nature of relationships formed by mental
health chatbots versus companion apps

Purpose-built mental health chatbots—regardless
of whether they are rules-based or built on gen-
erative Al—are often evaluated by their ability to
establish a working alliance with the user. The most
commonly used measure, the Working Alliance
Inventory, assesses three key elements: task, goal,
and bond. The bond subscale includes items like, “I
feel [chatbot] cares about me even when I do things
they may not approve of”

Here, the relationship is instrumental, a means to
an end. Once a user feels understood and respected,
they are more likely to engage in cognitively
demanding therapeutic tasks—often rooted in evi-
dence-based modalities like CBT. The relationship
serves the process of psychological change.

In contrast, for companion apps, the relationship
is the product. These apps often monetize user
attention and emotional engagement, similar to the
mechanisms of social media. But instead of captur-
ing attention, they may cultivate dependency. The
alliance isn’t a bridge to wellness; it’s the destination.

This creates perverse incentives. What does it mean
to monetize a relationship? To exploit human vul-
nerability in the name of “solving loneliness”? Such
questions point to ethical concerns not unlike those
posed by the attention economy: manipulating
emotional needs in service of growth.
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The importance of role clarity

A common argument is that chatbots cannot be ther-
apeutic, using recent and well-documented tragedies
as evidence of how things can go wrong. However,
thinking of chatbots as homogenous diminishes the
value of emerging science—science that suggests
purpose-built Al tools could offer a meaningtul pub-
lic health contribution. In fact, chatbots for mental
health can be viewed as interfaces that are being built
for varying purposes or roles: information giver,
triage nurse, companion, and so on. The problem
is not chatbots’ limitation in a therapeutic role; it’s
that they must operate with role clarity. Just like in
traditional care, a person may be a romantic part-
ner in your life or they may be your doctor, but they
cannot be both. It is the basis of the ethical principle
of role clarity because a person/patient/client must
at all times understand the premise under which
questions are being asked or advice is being given.
While I do not know enough about how companion
apps may affect interpersonal relationships, I believe
there have already been unanticipated adverse events
in conditions where there was a lack of role clarity.

The regulatory “loophole” here is that loneliness isn't
a diagnosable disorder. Despite its strong association
with adverse health outcomes, it falls outside the
FDA’s jurisdiction. That makes it easier for compan-
ion apps that claim to solve loneliness to avoid scru-
tiny. Meanwhile, the regulatory pathway for clinical
tools remains prohibitively expensive, especially for
innovations that are built upon technologies evolving
as quickly as AL, and reimbursement pathways remain
elusive. This asymmetry is problematic. We risk forc-
ing responsible developers to either exit the regulated
path or be overtaken by less-principled competitors.

A subtle but serious harm

An often-overlooked potential harm is the erosion
of public confidence in whether these tools can be
helpful at all. If all conversational Al is perceived
as emotionally manipulative or addictive, we risk

losing the opportunity to evaluate, and adopt, tech-
nologies that are actually beneficial.

If we want a world where these tools are both safe
and effective, we need to make room for science to
speak. That requires a regulatory framework that
encourages innovation while protecting users. If we
don’t provide such a framework, we funnel even the
most thoughtful developers into unregulated spaces
where market incentives reward emotional manip-
ulation over therapeutic intent.

JARON LANIER

The question before us concerns the role of AI in
mental health, but if the question is stated so sim-
ply it becomes deceptive. AI can be many things
in many ways. It is not a precisely defined term. A
better version of the question might be, “What are
the mental health ramifications of the collection of
designs marketed as Al as they will actually be in the
world, as opposed to in the lab, given the incentives
that exist for commercial, ideological, and/or care-
less provisioners?”

Conversations about the potential benefits and
harms of what came to be known as “social media”
were plentiful a quarter-century ago, and yet they
were usually innocent of the intense distortions that
befall digital designs over a network. We can focus
on two such distortions here, because they are likely
to afflict “AI” just as they did social media.

The first is extreme commodification, to the point
that conventional funding and commerce effectively
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disappear. Search is free, as is social media and
much of video streaming and so much more. One
reason why is that digital hardware continues to
get cheaper, while information workers are more
easily routed around than previous ones, so labor
costs also plummet. But the other reason is that an
alternate business model is more lucrative than the
traditional models based on selling goods and ser-
vices to customers. The new method relies on a two-
sided marketplace in which the users are not the
customers. Instead, the customers pay to influence
the users. Paying to manipulate attention is such a
potent business model that platforms based on the
principle have drowned out all others, whether they
be commercial or nonprofit.

The second distortion concerns network effects.
Digital networks have much less friction than tra-
ditional organizations. This means any given player
has less local advantage. (Locality is only made of
the work required to get between locations, which
broadly amounts to friction.) Instead, an influen-
tial node in a network will tend to snowball into an
even more influential one with astonishing speed,
leading to a small number of near-monopoly plat-
forms. In social media these include TikTok, the
Meta conglomeration, and X/Twitter. The amount
of power and influence that accrues to the operators
is essentially unbounded and leads to political and
societal distortions.

A common perception is that, while good things are
also going on, social media is an overall disaster for
the mental health of young people in particular and
for society as a whole. But the disaster is caused not
by social media per se but by social media as it has
come to be, given the lack of correction to the dis-
tortions digital networks are vulnerable to.

The vital question is whether we have a plausible
story about how AI can turn out better than social
media did. Discussions about how AI could be of
benefit are irresponsible even if they are correct in
isolation. Too many of the “guardrails” or cautions

in discussion do not directly address the core of the
danger. For instance, rules about privacy don't help
all that much on social media because the addicted
person cannot resist yielding privacy rights. AI can't
be of help unless the incentives enjoyed by the oper-
ators of future Al systems are aligned with benefits
to users and to nothing else. Otherwise, all the talk
in the world will be useless.

Many believe—and I have seen some evidence to
support the thesis—that the Chinese version of Tik-
Tok is guided by metrics of betterment for users.
Whether the project is succeeding is unclear; one rea-
son might be that the definition of betterment is itself
distorted in the Chinese case by a political frame-
work. The U.S. version is thought by many observers
to be guided by an inverted feedback loop intended
to further the “disintegration” of our society.

An untested, open question is whether something
like the Chinese experiment could be improved
upon. However, if the idea of a top-down, formal,
precise definition of human betterment baked into
software is absurd and impossible, or at least dys-
topic, then we need to talk about the power and
decision structures that will keep AI algorithms
from becoming awful.

Al is almost by definition the most addictive human
invention of all time. A scholarly body like ours
has a chance to make a difference by making a fuss
early enough in the process of diffusion to moti-
vate a course correction. We could propose a ban
on any company that accepts advertising revenues
from operating conversational AI. This would be to
prevent the AI from stealthily influencing the pol-
itics or commercial decisions of a person in ways
neither the person nor an observer could detect. We
could also propose banning such a company, or any
of its customers, affiliates, investors, and so on, from
selling products or services to users who converse
with their Als. This would be to prevent Als from
stealthily promoting cryptocurrency, drugs, and so
on. If your response is, “Would any of these harms
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happen?” I would ask you to look at the incentives
that will be present. The harms will happen. A lot.

At present, proposals like this might sound radical.
In the future, we will be judged on whether we had
the courage to call for them.

DANIEL BARRON

Thinking about the potential ripple effects of Al
across society means looking at how the sum total
of Al performing specific clinical jobs might subtly
(or not so subtly) reshape the health care landscape
and even how we interact as human beings (see
Table 1 on page 24). Widespread use of AI for
certain jobs—say, churning through administrative
tasks or doing initial screenings—could change how
people first encounter mental health services. If Al
efficiently handles these defined tasks, it might free
human professionals for more complex care. Con-
versely, it could reduce human contact points if not
thoughtfully integrated for each job. One potentially
massive upside: if AI can tackle tasks that are frankly
beyond human cognitive capacity (like keeping a
running tally of an elderly patient’s extensive medi-
cal history, their complex medication list, past side
effects, and the latest research, all to inform a single
decision), such a tool would be a godsend for clini-
cians trying to use every available means to improve
patients’ lives.

Of course, a major meta-risk looms: worsening a
two-tiered system. Imagine a future in which the
well-off get human-led and Al-enhanced care for
a whole range of jobs, while others interact solely

with AT tools for those same jobs. This could eas-
ily widen the accessibility gaps we already strug-
gle with. Naturally, we also need to keep a close
eye on the impact on good, old-fashioned inter-
personal relationships and empathy. If AI tools
doing communication-heavy jobs feel hollow or
lack genuine understanding, as Roshini Salil and
colleagues suggest is an unresolved issue, or if
leaning too heavily on them for such tasks crowds
out chances for human empathic connection, care
could suffer.®3 This outcome, of course, assumes
that AI tools are unable to cultivate an empathetic
connection with patients. The “WALL-E” scenario
illustrates how unnecessary tech reliance might
lead to a kind of collective atrophy, mental and
physical (Disney’s solution: walk, even if you own
a hovercraft).

Patient codependence on Al tools for tasks like
emotional support could hinder long-term recov-
ery, assuming that the AI isn’t designed to build
agency and encourage eventual graduation from
that specific AI job (notice that the problem,
clearly framed, suggests a possible solution).
Shunsen Huang and colleagues found that pre-
existing mental health issues could predict Al
dependence when AI was used as an escape or for
social connection tasks.4 On the flip side, poten-
tial meta-benefits, like boosting mental health lit-
eracy, could emerge if AI makes educational tools
for specific needs far more accessible. But these
upsides depend on fair access to high-quality,
problem-specific Al tools that actually perform a
clearly defined job well. Developers and policy-
makers need to weigh these broader risks and
benefits, promoting research into AI’s role in spe-
cific jobs and ensuring integration is driven by a
holistic view of well-being, not just task efficiency.
Focusing on specific jobs also helps policymakers
(and commentators) dodge the Freudian defense
mechanism of displacement—where anxiety
about something huge, like, say, mortality, gets
unconsciously offloaded onto a stand-in symbol,
like a monolithic fear of “A1.”5
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BACKGROUND

Conversations about ethical LLM use are acceler-
ating across medicine, but mental health presents
distinct challenges, particularly for vulnerable
populations. Individuals with severe mental illness
(SMI), for example, may have impaired judgment
and cognitive distortions that affect how they engage
with LLMs. Risks include inadvertent reinforcement
of harmful thought patterns, increased distress,
and maladaptive dependency.5® There is no current
guidance for clinicians or developers on assessing
or mitigating these risks during deployment.

The integration of LLMs into therapy brings addi-
tional complexity. Mental health assessments rely
heavily on subjective self-report and nuanced rela-
tional cues, with symptoms and treatment needs
varying widely even within the same diagnosis.
Some LLM developers attempt to build trust and
openness through anthropomorphic design. Users
of Therabot, for example, report openness similar
to human therapy.5” However, the key challenge
remains an LLM’s limited ability to interpret patient
input accurately, especially in high-risk or vulner-
able populations. Unlike experienced clinicians,
who can recognize guarded or evasive responses
and adjust treatment accordingly, current LLM
systems struggle to discern inaccuracies or subtle
cues in patient-reported data. While these limita-
tions may not significantly impact individuals with
mild-to-moderate symptoms, for those facing seri-
ous mental health challenges, inaccuracies in LLM-
driven assessments or recommendations can lead to
inadequate or even harmful interventions.58

Youth represent another high-risk group in Al men-
tal health interventions. They frequently face barri-
ers to traditional care that AI-driven tools may help

reduce.%® Two pre-LLM systematic reviews found
that youth generally preferred digital mental health
solutions, but clinical outcomes were mixed and
inconclusive.”® While some findings suggest prom-
ise, including a Replika survey that found that 3 per-
cent of young users credited the tool with helping
prevent suicidal thoughts, significant risks have also
been identified.”* Youth are particularly susceptible
to misinformation and Al-generated hallucinations.
One study found that 41 percent of teens struggled
to distinguish real from fabricated medical con-
tent.”> Other research indicates that younger users
tend to overly trust LLM outputs and have diffi-
culty recognizing inaccuracies or hallucinations.”3
Although peer-reviewed research on LLM-based
mental health tools for youth remains scarce as of
this writing, media reports have already highlighted
cases of serious harm, including a youth suicide and
a violent incident.”4

Evidence gaps are substantial across all populations.
Researchers have yet to determine how anthropo-
morphic design or conversational sophistication
affects judgment in vulnerable users. Longitudinal
studies have not produced data on how LLM use
interacts with preexisting cognitive distortions or
influences relapse, especially in SMIs. The mech-
anisms by which LLMs might amplify, exploit, or
fail to detect mental health vulnerabilities remain
poorly documented. Few studies disaggregate sub-
jects by diagnosis, symptom profile, or duration
of use, complicating efforts to determine who is
helped, who is harmed, and under what conditions.

Unlike most physical health data, mental health
information is deeply sensitive, subjective, and stig-
matized. Many users who share biometric data from
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wearables will not engage with mental health apps
due to privacy concerns.”> Mental health data are
also disproportionately targeted for extortion.”® In
2023, over 133 million health records were breached,
including a major incident involving Cerebral,
where 3.1 million users self-assessments were
improperly shared with advertisers.””

Policy responses are beginning to emerge. In March
2025, the American Psychological Association
warned the U.S. Federal Trade Commission (FTC)
and lawmakers of the harm posed by LLM chatbots
mimicking therapists. They called for clear guard-
rails: public education, in-app safety features, crisis
response protocols, and action against deceptive
practices. Unlike human clinicians, LLM therapists
are not mandated reporters of abuse or neglect. A
Journal of Pediatrics commentary raised similar
concerns about children forming attachments to
LLMs without regard for development or caregiving
context.”® Another commentary outlined the need
for accountability, equity, and transparency before
deploying LLM tools for adolescents.”®

Among the as-yet limited examples of legislation
in this domain is California’s State Bill 243, which
would require AI chatbot platforms to warn users
under the age of eighteen that they are chatting with
an Al agent, restrict addictive features, and report
incidents of youth suicidal ideation.3° At the fed-
eral level, proposals like the Kids Oft Social Media
Act reflect growing pressure to regulate youth-fac-
ing digital tools.®! However, no national restrictions
have yet been placed on LLM mental health tools
for minors or individuals with SMI. Regulatory
oversight remains piecemeal, with no consistent
standards for risk assessment, user protections, or
evidence thresholds.

RESPONSES

HOLLY DUBOIS

While those with a serious mental illness are prone
to periods in which judgment is compromised, to
assume that anyone with a diagnosis of bipolar disor-
der, for example, has persistently reduced decision-
making capabilities is a fallacy. This question is
much more nuanced, and this historically under-
served segment of the population demands broader
access. More than half of the counties in the United
States do not have access to a psychiatrist. Further-
more, outside urban and academic centers in par-
ticular, rigor and systematic vetting of health care
interventions are lacking.

Al therefore represents an opportunity to recognize,
treat, and engage those with a serious mental illness
who may not otherwise receive or want to receive
traditional mental health care. For example, indi-
viduals with severe panic disorder or even depres-
sion with psychotic symptoms may fear leaving
their homes and may engage more effectively with
virtual or generated elements. The concept of plac-
ing a human being, particularly a trained human
being, in the loop for these interactions is indeed
critical, but I'd argue that at intervals less than what
may be perceived generally.

From 2020 to 2023, Mindstrong Health Services
enrolled more than ten thousand patients in its
virtual care delivery platform, embedded with
smartphone sensing algorithms and text, phone,
and video care provision. The qualifications to
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enter the platform included having been diag-
nosed with an SMI or having been treated in an
inpatient setting within the prior twelve months.
Engagement among women and those in rural
communities was particularly strong, along with
those with medical comorbidities and functional
disability.

The literature demonstrates that, among individ-
uals with an SMI, AI tools can function as a feasi-
ble and important element of treatment within the
continuum of care. As Jonathan Knights and col-
leagues demonstrate, rigorously applied AI models
can enable a stepped-care delivery system for indi-
viduals with SMI, particularly severe depression.®?
Given our national scarcity of resources and lim-
ited number of licensed, trained providers, the
model enabled therapists to increase or decrease
the frequency of interactions based on predicted
symptom severity. Incorporating measurement
into care was therefore dependent upon Al, as
traditional health care delivery has long suffered
in this domain.? Given the inherently subjective
nature of the psychiatric interview, combined
with the aforementioned lack of measurement in
mental health care, particularly within “talk ther-
apy” settings, such tools are critical in developing
clinical pathways. When AI tools can identify dis-
ruptions in sleep patterns, for example, providers
and patients can be alerted to potential impacts on
mood. Prolonged periods of disruption may indi-
cate pending crises and facilitate escalation to the
appropriate level of care.

Without the application of these forms of technol-
ogy, treatment of the most serious mental illnesses
may continue to lag in the archives of subjectively
reported symptoms and long delays to care. Safe-
guards to quality and outcome measures, risk
reporting, and continuous improvement are criti-
cal, but limiting access and experimentation in this
domain could throttle desperately needed advance-
ments, particularly in mental health care across the
acuity spectrum.

ARTHUR KLEINMAN

Individuals with mental health problems who
become psychotic are by definition unable to handle
everyday reality; they struggle with hallucinations
and delusions. Great care must be taken so that
Al-driven interventions do not intensify these prob-
lems. In psychotic disorders and major depressive
disorders there is the additional risk of suicide, and
this has already been shown to be a potential conse-
quence of the inappropriate use of a bot. But since
psychosis is also associated with violence toward
others, concern about the therapeutic alliance with
a bot should be even greater. This is a place where
Al must augment—not replace—human clinical
providers.

The use of AI as a mental health tool should be
restricted among individuals with psychotic dis-
orders and among those for whom suicide is a
possible outcome. Given the increase in suicide
among youth and the elderly in our society, both of
these groups should be regarded as vulnerable and
involvement with bots should be either restricted
or carefully controlled. Strategies that can be
used to restrict access include clinical guidelines,
best practices, institutional policies, professional
association standards, and legal and ethical safe-
guards put in place by state advisory and licens-
ing boards, by professional societies, and by health
and mental health care institutions such as clinics,
hospitals, and rehabilitation centers. No evidence
yet suggests that AI can effectively identify crises
affecting human providers or emergency services.
This should be the work always of mental health
professionals.
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deployed or limited in high-risk or vulnerable populations?

DANIEL BARRON

Should we limit access to AI mental health tools for
certain groups, like kids or those with SMI? Again,
it boils down to the specific clinical job the AI per-
forms and the assessed risk of that tool failing at its
job for that specific group (see Table 1 on page 24).
A sweeping ban is clumsier than a task-specific, risk-
based approach. Using Al for scheduling appoint-
ments appears generally low risk for most age groups.

Foryoung people, Linda Alfano and colleagues high-
light the critical importance of privacy, informed
consent/assent, and significant human oversight
when Al performs tasks within psychotherapy,
casting Al as a therapists helper for specific jobs,
not a stand-in.34 Seo Yi Chng and colleagues push
for child-centered AI design, embedding safety-
by-design for any job the AI takes on.85

For individuals with SMIs, whose judgment might
be impaired, an AI tool designed for a high-stakes
job like diagnostic assessment would almost cer-
tainly need heavy human supervision or might be
deemed unsuitable for independent use altogether.
Bo Wang and colleagues found that, while AI can
streamline service delivery tasks for SMI, its inher-
ent inability to offer genuine emotional support (a
different kind of job) could worsen isolation, under-
scoring the need for human oversight for emotion-
ally charged tasks.8¢ On the other hand, an AI tool
doing a low-risk job, like generic psychoeducation
on sleep hygiene (notably available and relevant
after normal business hours), could be an appropri-
ate application of Al, akin to handing someone an
interactive educational pamphlet.

How might restrictions work? Clinical gatekeeping
seems plausible when a professional vets whether an
Al tool is appropriate for a specific task for a given
individual. Legal and ethical safeguards, as dis-
cussed by Mehrdad Rahsepar Meadi and colleagues
regarding conversational AI, must be rooted in a
risk assessment for the AI's defined job, especially
given incidents like the Tessa chatbot providing
harmful advice for its task.87 In high-risk situations,
AT’s job could primarily be to assist human beings,
such as flagging concerning data for clinician
review or facilitating connection to emergency ser-
vices if its task is crisis monitoring. Masab Mansoor
and Kashif Ansari show Al can detect crisis signs (a
specific job) but stress the need for ethical integra-
tion with human-led services.®® This seems practi-
cal given that Al hasn’t yet replicated critical human
interventions such as the house call or safety check.

HANK GREELY

My views on the use of Al tools in high-risk or vul-
nerable populations are similar to my views on
“human beings in the loop”: the answer depends on
what can be shown to be safe and effective in those
populations. Who knows whether it will be good or
bad? At this point we don’'t even know what “it” is.
Careful monitoring will be essential to guiding the
answers to questions about use in vulnerable popu-
lations but also about the roles of health care payers,
the effects of access on disparities, and the economic
and provider impacts of Al in mental health care. At
this stage, we should focus on the hard task of cre-
ating procedures that will allow us to give informed
answers to those questions in the future.
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QUESTION 6: How should Al models be
reimbursed or monetized?

BACKGROUND

Until recently, most Al-driven mental health tools
lacked reimbursement through formal insurance
channels, which significantly limited their adop-
tion. At the center of this story is a regulatory divide
between general wellness apps and therapeutic
digital interventions, a distinction that drives fun-
damentally different monetization and coverage
paths. A 2019 review described coverage as a frag-
mented patchwork, relying primarily on direct-to-
consumer payments, employer wellness programs,
or institutional licenses, with minimal involvement
from insurers.%° Standalone digital therapeutics
had no viable reimbursement pathway under tradi-
tional fee-for-service models. This reimbursement
gap was cited as a key barrier to broader adoption
and likely contributed to the failure of several dig-
ital mental health firms in 2022 and 2023, despite
their FDA-approved status.?°

Over the past three years, however, public pay-
ers have begun to incorporate coverage for some
digital tools. The 2025 Medicare Physician Fee
Schedule introduced new Healthcare Common
Procedure Coding System codes specifically for
FDA-cleared “digital mental health treatment
devices,” allowing reimbursement for the clinician
when tools are used under clinician supervision.*
Medicare, whose codes set important precedents
for private insurers and Medicaid, which typically
follow Medicare’s lead, does not currently cover
the treatment devices themselves.9? As of 2023, two
state Medicaid programs, Massachusetts and Flor-
ida, explicitly covered “reSET,” an FDA-authorized
prescription digital therapeutic for substance-use
disorder, designed to be used as adjunctive to
in-person therapy.?3 A few other states are piloting
coverage through Medicaid waivers or incorporat-
ing digital tools into broader behavioral telehealth
initiatives.94

Private insurers and employer-sponsored health
plans are gradually expanding coverage as well,
typically focusing on regulated, FDA-cleared digi-
tal therapeutics. A 2022 survey found that 14 per-
cent of U.S. health plan decision-makers reported
covering digital therapeutics for behavioral health,
marking the highest adoption area for digital tools
outside diabetes care.9> International models, such
as Germany’s Digital Health Applications system
and the UK’s National Health System (NHS) digital
app assessments, demonstrate how structured reim-
bursement frameworks can significantly enhance
integration of these technologies into health care
systems.9®

Payment strategies for AI mental health tools
vary widely, depending on their intended audi-
ence, function, and regulatory status. Direct-to-
consumer wellness apps primarily employ “free-
mium” or subscription models, while clinician-
oriented tools like AI documentation assistants and
clinical decision-support systems usually use enter-
prise licensing or per-user fees. Value-based con-
tracts, in which payers fund platforms like Quartet
Health and reward providers based on patient out-
comes, represent another emerging model.®” Lastly,
several companies such as Lyra Health tap into the
Employee Assistance Program (EAP).

The regulatory distinction between general wellness
apps and therapeutic digital interventions drives
fundamentally different financing approaches.
Wellness-focused tools typically avoid regulatory
scrutiny, opting instead for scalable revenue sources
like subscriptions, corporate wellness deals, or
direct consumer payments. In contrast, regulated
digital therapeutics hope to position themselves
as prescribable medical devices and pursue for-
mal insurance reimbursement, which would result
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in higher pricing but depends heavily on billing
codes and consistent payer coverage.9® This path is
challenging. Pear Therapeutics, the company that
produced reSET, the online substance use disor-
der digital therapeutic that succeeded in winning
FDA approval and coverage through both Flor-
ida and Massachusetts Medicaid, ultimately went
bankrupt.9®

Several critical uncertainties remain. How swiftly
and widely will providers and insurers adopt Medi-
care’s new codes? Will AMA and Medicare expand
their codes to include unsupervised AI symptom
monitoring and care delivery? Will Medicaid pro-
grams nationwide scale up their digital therapeutic
coverage? The effects of reimbursement structures
on innovation are also uncertain: Parity in payment
with traditional care might accelerate adoption but,
without evidence of performance that is superior
to freemium or subscription models, high cost-
sharing and lack of provider interest might still limit
adoption. Many Al mental health tools still enter the

The critical question is not just whether

an Al tool is effective but whether
it does a clearly defined clinical job

better, safer, or more efficiently than

alternatives, at a justifiable cost.

market without clearly defined pathways for reim-
bursement or integration into health care delivery
systems, and few studies systematically assess how
monetization strategies impact adoption rates,
accessibility, patient outcomes, or the long-term
viability of platforms. Some argue that a sustainable
long-term model may require establishing some-
thing comparable to a formulary for prescription
drugs, in which digital therapeutics are evaluated,
approved, and reimbursed independently from
clinician-provided services.'°°

RESPONSES

DANIEL BARRON

Economic considerations are not peripheral—they
are central to the adoption of AI in mental health
care. As with all clinical innovations, insurers and
reimbursement models will ultimately determine
whether AI tools gain meaningful traction. The crit-
ical question is not just whether an Al tool is effec-
tive but whether it does a clearly defined clinical job
better, safer, or more efficiently than alternatives, at a
justifiable cost (see Table 1 on page 24 for details).

This may sound cold in the context of mental health
care—where discussions of money are sometimes
taboo—but we must reckon with the system we
actually have. In the United States, health care is
structured as a business. Clinicians are paid. Facil-
ities have rent, utilities, and liability exposure.
Medications cost dollars and cents. So do servers,
engineers, APIs, and deployment cycles for Al tools.
Any solution that ignores this economic scaffolding
is unlikely to scale, no matter how well-intentioned.
Furthermore, wishing that the system was “better
reimbursed” or “more fair” is simply a fatal denial of
clinical reality, as evidenced by multiple failed digi-
tal mental health start-ups.

Al tool developers must internalize this reality.
Building a theoretically cool or technically impres-
sive product is not enough. A viable tool must
answer: What job does it do? How does it save
money? And, critically, how does it help someone
get paid? Product-market fit in U.S. health care
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means fitting into workflows and into budgets.
Without a reimbursement strategy, an Al tool is just
a prototype, not a business.

One opportunity for Al tools is to help health care
organizations and payers become more rigorous in
understanding their own costs. While cost account-
ing is foundational to most industries, health care
often functions with opaque, inconsistent pricing
that makes it difficult to assess what anything actually
costs—or what cost savings a technology offers. This
lack of internal visibility stymies rational adoption
decisions and useful business models or projections.

To make progress, we should adopt a job-based reim-
bursement model. Whether the AI supports med-
ication adherence, delivers CBT modules, or flags
suicide risk, payment should depend on evidence
that it performs that specific task better or more effi-
ciently than standard care, with acceptable risks. As
Michael Abramoff and colleagues argue, aligning
financial incentives with ethically responsible AI cre-
ates a system that rewards value, not novelty.**!

Operationally, the sector would benefit from a “dig-
ital formulary”: a structured reference linking reim-
bursable AI tools to validated clinical jobs, akin to
how drug formularies guide pharmaceutical access.
This would enable payers to cover what works, avoid
reimbursing what doesn’t, and help vendors anchor
their pricing to tangible, repeatable value.

Equity must also be intentionally built into these
models. Reimbursement that overlooks digital lit-
eracy, language access, or device availability risks
exacerbating disparities. (Though I do pause to
consider that medications are reimbursed without
consideration for whether a patient will actually
take that medication or whether there are structural
barriers to a medication’s success.) As Masab Man-
soor and Kashif Ansari show, reimbursement pol-
icy itself can be a lever for equity—as evidenced by
improved youth mental health outcomes through
well-designed telehealth funding.'°*

Finally, who pays should depend on the job being
done. An administrative AI might be covered
as operational overhead. A diagnostic AI might
require fee-for-service reimbursement or inclusion
in value-based care contracts. But public-sector
funding—like the National Institutes of Health’s
Bridge2AI—should play a critical role in underwrit-
ing development for tools that address foundational
infrastructure or serve high-need populations.

In sum: health care may be a human right in princi-
ple, but in practice in the United States it is a busi-
ness. Al adoption in health care must therefore be
a business proposition. Tool developers must think
like businesspeople. And reimbursement should
not simply facilitate adoption—it should shape it,
steering AI toward clinically important, economi-
cally rational, and ethically sound use cases.

ARTHUR KLEINMAN

The role of insurers and reimbursement models cre-
ates a set of important questions. Barriers to access
have already been identified as crucial to digital use
during the high point of the COVID pandemic. In
China especially, a large body of evidence demon-
strates that elderly people are unable to effectively
use QR codes and other digital tools.’®3 The same sit-
uation exists in the United States. Coming up with
simplified AI practices that can be easily explained
to and used by older adults will be an important
part of AT’s future development. This is, in general,
what is of real practical significance for the use of
Al by the elderly throughout our society. Profit dis-
torts care. For-profit hospitals perform more poorly
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on clinically important indices than nonprofit hos-
pitals. Insurance company and federal government
attempts to control cost—as the pharmaceutical
domain so sadly shows—have been inadequate to
such a degree that cost is in a state of crisis. Given
the reality of health care generally, controlling the
cost of Al-informed mental health interventions is
likely to become a serious and confusing issue. To
prevent the worst abuses—including a future where
interventions are available only for well-to-do Amer-
icans—organizations with the requisite legal and
bureaucratic standing need to champion and ensure
the performance of systematic, ongoing reviews.

RICHARD FRANK

Al has the potential to make productive contribu-
tions to an array of functions within the mental
health delivery system. These include direct inter-
actions (e.g., via Woebot) with people who have
mental illnesses and emotional needs, expanding/
enhancing the public mental health infrastructure
(e.g., to identify risks to individuals and commu-
nities), improved efficiency in administration (i.e.,
back office), provider extenders, and improved pro-
vider/service quality.

Mental health care delivery poses some special
opportunities and challenges to the application
of Al There are ongoing concerns about access
to treatment (geographically, hours of availabil-
ity, and by payer type), while at the same time a
significant segment of people that use mental
health services do not meet diagnostic criteria
for a mental illness, nor do they report significant

impairments.'°4 Mental health care delivery is
characterized by weak accountability processes.’®>
The regulation and financing of AI applications in
mental health care are inseparable. That is, issues
of safety and effectiveness, along with data privacy,
are essential for the establishment of reimbursable
services. The literature to date suggests that the
development of chatbots and other online direct
treatments is running well ahead of policies and
procedures that ensure safety and effectiveness.
Thus, the discussion of pricing largely assumes
integration with regulation of safety, effectiveness,
and data privacy.

Al functions, mental health, and
payment policy

Some simple economics. The market for AI services
related to mental health care can be seen as hav-
ing several distinct segments where the economic
dynamics will differ. In one segment, the AI vendor
will submit bills directly to an insurer, in which case
the payer will negotiate a price with AI vendors.
This might be coupled with an initial visit with a
human clinician and evidence of safety and efficacy,
such as FDA approval. The price will depend on the
terms of coverage (cost sharing), the intensity of
competition in the market, and the costs of develop-
ing and delivering the application. While thousands
of AI therapeutic applications have already been
created, how many will ultimately pass safety and
efficacy scrutiny and be eligible for reimbursement
by Medicare, Medicaid, and commercial insurers
remains unknown. So, the effective level of compe-
tition is highly uncertain.

A second segment comprises Al applications that
improve the efficiency of practices; for example,
through better back-office functions that increase
revenues, cut costs, and reduce no-shows. In these
cases, Al vendors will likely sell directly to provid-
ers. For these types of functions, depending on the
costs to the provider, the AI service will be included
in the existing price paid to the provider for services
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rendered. The presumption is that the savings to the
practice will justify the AI investment and will be
part of the service bundle.

A third segment involves Al services that do not
result in savings to a practice but instead improve
the quality of care. These might include continuous
patient monitoring systems or diagnostic assistance
applications. Such products could be especially
beneficial in today’s mental health delivery sys-
tem, which is characterized by weak accountability
due to quality-of-care metrics that are often crude,
unevenly applied (if at all), and seldom tied to any
consequences for a practice.

A fourth market segment for AI involves applica-
tions that enhance the public mental health infra-
structure and/or have spillover effects and thus have
a public good character. Examples might include the
application of machine learning to efforts to predict
suicide attempts following emergency department
visits or to predict suicidal or violent behavior
among callers to emergency hotlines (e.g., 988 or
911). Because these are tied to crisis response sys-
tems that at best rely on public financing of recur-
rent costs, they seldom have the technical capacity
to implement such systems.

Payment models will vary by function

For direct-to-consumer therapeutic chatbot appli-
cations, given the uncertainty about safety and effec-
tiveness apart from contact with a human clinician,
a cautious point of departure would be to pay sep-
arately for chatbot sessions, initiated after contact
with a human clinician, that have been approved
as safe and effective.’°® Amid a market with lim-
ited competition, reliance on reference prices (set
at a fraction of human clinician prices) would be
a practical, efficient approach to budgeting. Public
payers such as Medicare should be mindful of the
social benefits of promoting innovation in the AI
and mental health sector.

Services that improve the efficiency of practices
and potentially reduce the costs of providing care
are likely to be adopted out of economic self-
interest. Prices and service arrangements could be
negotiated between AI vendors and the provider
practices without the direct involvement of third-

party payers.

The regulation and financing of
Al applications in mental health
care are inseparable. That is,

issues of safety and effectiveness,

along with data privacy, are
essential for the establishment
of reimbursable services.

For a continuous patient monitoring application
and other services that improve the quality of care
but do not save money (absent a robust quality-
adjusted payment system), an add-on fee could be
charged for using the AI application. For services
that will not enter an existing field of robust com-
petition, pricing will require some cost finding.
Alternatively, reimbursement systems that rely on
quality performance to establish payment might set
payment increments based on quality that in turn
could take account of the costs of the Al technology.

Finally, building AI capacity for services that are
publicly supported, have
effects, and are not tied to uniform, well-defined
services might most effectively be paid for by public
or philanthropic grants. That could be the case in
using machine learning applications that make use
of speech patterns to predict suicide attempts in the
context of 988 calls or machine learning algorithms
in emergency department settings that incorporate
data from electronic health records.**”

significant  spillover
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QUESTION 7: Can Al help address
disparities in access to mental health care and
the shortage of mental health providers?

BACKGROUND

Mental health care systems worldwide face per-
sistent challenges, including severe provider short-
ages and unequal access to care.'°8 Over half of U.S.
counties lack psychiatric services, with wait times
often exceeding a month for high-risk patients.*d In
Alabama, the provider-to-patient ratio is 1 to 1,200.
Only 27.2 percent of estimated mental health needs
are met nationwide.'° These gaps are compounded
by poor Medicaid coverage, a concentration of pro-
viders in urban areas, and the underrepresentation
of clinicians from diverse backgrounds.’! Margin-
alized communities face additional barriers, includ-
ing geographic isolation, cost, stigma, and a lack of
culturally informed care.*?

Policy and technology have begun to shift this
landscape. The 2008 Mental Health Parity and
Addiction Equity Act limited insurer restrictions
on coverage of mental health services, improving
reimbursement options.3 The COVID-19 pandemic
further accelerated change by expanding telehealth
and normalizing digital mental health tools, aided
by the temporary suspension of state licensing
requirements that allowed patients to access pro-
viders across state lines. Many of these flexibilities
have since lapsed, reintroducing regulatory barri-
ers that can limit scalability of telehealth services.
Smartphone ownership in the United States now
exceeds 97 percent, enabling broader access to
remote care.'4 Telehealth has reduced transpor-
tation barriers and improved access to culturally
matched providers, which correlates with higher
engagement and satisfaction.”> More recently, the
growth of digital tools, ranging from mindful-
ness apps to medication reminders, has extended
mental health support beyond traditional settings.
Whether such tools primarily serve as gateways to

human care or function as stand-alone substitutes

remains unclear.1¢

From 2019 to 2021, consumer-facing digital men-
tal health apps grew by over 50 percent, appealing
to patients by lowering costs and increasing care
options.’” Al-powered tools now occupy a growing
share of this space. Purpose-built technologies like
chatbots, digital triage systems, and symptom mon-
itors aim to address provider shortages and improve
access."'8 LLM-based chatbots like Woebot and Wysa
deliver automated interventions that are designed

If one assumes that body language,

pauses in speech, intonation, and
physical appearance account for

more communication than words,

chatbots and even advanced

therapeutic bots still miss valuable

communication.

to reduce mild-to-moderate anxiety and depression
in underserved groups."® Using natural-language
processing, triage systems may be able to priori-
tize high-risk patients, shorten response times, and
optimize clinician focus.?° Algorithms deployed on
social media platforms could detect acute distress,
prompting earlier intervention.’?! Digital phenotyp-
ing tools can passively monitor indicators like mobil-
ity, speech, and sleep through smartphones to predict
relapse and depression risk, supporting proactive
care for patients with limited clinician contact.'**
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However, these benefits come with potential risks.
Models trained on narrow populations can misread
culturally specific expressions of distress, delay-
ing appropriate care.’?3> Historical biases, such as
the overdiagnosis of conduct disorders in youth of
color, can be embedded in training data and per-
petuated by algorithms.’*4 Similar biases have been
found in broader medical Al systems, such as under-
estimating care needs in low-income or nonwhite
patients when using spending as a proxy for health
and underprescribing medication by gender.'*> No
uniform standards govern bias auditing or demo-
graphic reporting in mental health AI tools.

Equity concerns have also emerged. A recent sys-
tematic review highlights the potential risks of
creating a two-tier mental health system in which
disadvantaged groups disproportionately receive
Al-only services, while more privileged groups
maintain access to human care.’$ Al-driven tools
could inadvertently displace in-person services in
rural or low-resource settings, exacerbating exist-
ing inequities.’®” Additionally, older adults, low-
income populations, and ethnic minorities tend to
trust digital tools less and use them at lower rates.
Forcing these populations to substitute digital tools
for human therapy could be particularly harmful.
Currently, no large-scale deployment of Al mental
health tools has undergone systematic evaluation
for equity outcomes, nor have federal or state agen-
cies established frameworks to ensure equity mea-
sures are included in AI implementation.

Digital equity also shapes access. Not all popula-
tions have reliable Internet, up-to-date devices,
or the digital literacy needed to use AI tools effec-
tively. Engagement drops where infrastructure is
lacking.'?® Pilot programs that pair AI systems with
community training and simplified user interfaces
show promise in underserved areas.'** However,
lack of systematic evaluation leaves uncertainty
about which implementation strategies improve
engagement, reduce disparities, or ensure sustained
use across different populations.

RESPONSES

MARIAN CROAK

AT holds significant potential in addressing the per-
sistent disparities in mental health access. Many of
these disparities stem from factors such as endur-
ing cultural taboos, financial barriers, and a critical
shortage of therapists with both timely availabil-
ity and cultural sensitivity toward underserved
communities.

The use of generative AI for direct therapeutic
interventions remains a complex area requiring
more scientific research and regulation.’3° Addi-
tionally, if one assumes that body language, pauses
in speech, intonation, and physical appearance
account for more communication than words,
chatbots and even advanced therapeutic bots still
miss valuable communication.'3* More research is
needed to understand whether these limitations
are surmountable.

In the meantime, lower-risk AI tools should be eval-
uated to see whether they can provide more imme-
diate help to expand the availability of therapists.
Theoretically, these lower-risk tools can alleviate
clinicians’ administrative burdens, enabling them
to see more clients, and can also support the train-
ing of new providers who are equipped to meet the
needs of various communities.

First, to reduce their workloads, therapists are
increasingly employing purpose-built and general
Al tools for several relatively low-risk tasks. These
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include automating scheduling and appoint-
ment communications, transcribing sessions and
assisting with clinical documentation, and sim-
plifying billing through insurance verification
and claims processing. Al also streamlines the
initial patient intake by automatically gathering
necessary demographic and medical information,
as well as the reasons for their visit. Addition-
ally, chatbots are being used to efficiently address
common patient inquiries (FAQs) about mental
health services.

Despite addressing relatively low-risk administra-
tive functions, the deployment of these AI tools
requires a degree of human oversight to ensure
accuracy and mitigate potential privacy and secu-
rity vulnerabilities. As these technologies become
increasingly integrated into the daily practice of
therapists, empirical verification will be essential to
confirm their purported benefit of reducing work-
load and thereby enhancing practitioner capacity to
serve more clients.

Although more rigorous scientific evidence is still
needed, another promising trend that has a high
potential for rapidly scaling the training of new ther-
apists is the use of collaborative AI-human interac-
tion training tools. Examples of these approaches
include:

* Creating learning tools to explain different ther-
apeutic approaches and modalities as well as
potential diagnosis and possible interventions.

* Dynamically adapting learning material to
the personal learning needs and goals of new
therapists.

= Using Al tools to track trainee progress, monitor
improvements, refine supervisor feedback, and
suggest specific areas where additional focus is
needed.

More research is needed to understand the efficacy
of these training practices and how they are used in
practice.

Finally, to truly expand access to AI mental health
services, greater cultural sensitivity and compe-
tency are essential. While clients tend to be more
satisfied and engaged with culturally similar ther-
apists, cultural competence and adaptability also
can enhance the therapeutic relationship.’3> As Al
models advance in cultural awareness and context
sensitivity, they will play an increasingly significant
role in training both new and seasoned therapists
to effectively extend their practices to wide-ranging
communities.

ALISON DARCY

According to the popular view, Al will reinforce
bias and exacerbate existing disparities in access
to quality mental health care. Bias in AI or in any
service is indeed a key consideration, though it is
neither new nor unique to Al All science is sub-
ject to the “garbage in, garbage out” principle;
that is, conclusions are only as good as the data
from which they were derived, and in health care
research, bad data can have real consequences
for patients. In my early research at Stanford we
discovered, for example, that diagnostic instru-
ments used to detect incidents of eating disor-
ders reflected attributes that male patients did not
endorse (e.g., fear of weight gain among boys with
anorexia) because they had been developed with
predominantly female participants.’33 This has
real consequences, leaving people undiagnosed,
untreated, or given the wrong treatment. Thus,
the issue of bias in data is not abstract, and many
researchers and commentators have demonstrated
incidents of real bias in AI today.'34
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However, it is important to note that implicit bias
exists among human health care workers. While the
risk of further embedding bias in AI is indisputable,
such risk needs to be considered in the context of the
institutional biases and significant disparities that are
baked into today’s system. AI could play a crucial role
in addressing and mitigating disparities in mental
health access if developed correctly and intentionally.

For example, throughout our research program,
which, at the time of writing, includes eighteen
randomized trials and twenty-five published, peer-
reviewed studies in the scientific literature, we have
employed recruitment practices to deliberately
oversample for diversity in our participant group.
This enables us to compare findings across demo-
graphic groups to ensure equitable effects—some-
thing that most studies are underpowered to do if
they employ only the minimal acceptable recruit-
ment practice of recruiting a sample that is demo-
graphically representative of the population.

This has resulted in some early findings that sup-
port the potential usefulness of purpose-built chat-
bots for mental health among typically underserved
or underestimated communities. For example, in
a cluster analysis study to examine latent usage
patterns among users of Woebot, we identified a
group of users who appeared to use the app in a
way that gave rise to the steepest symptom reduc-
tions over the shortest period of time, relative to the
other groups.’3> Those “efficient users” were more
likely to be younger (average age=36), uninsured,
non-Hispanic Black males. This group reported
greater affinity to the chatbot (on the Bond sub-
scale of the Working Alliance Inventory) and saw
the largest symptom reductions in depression and
stress despite using the app for shorter periods of
time overall.

As an academic health researcher and clinician,
I worry that we are developing our own biases
and holding AI to different, higher standards than
any other health intervention. Any AI should be

evaluated by the same standards as other DMHIs
(digital mental health interventions), as many of
us argue in this publication. This does not mean we
should not include the special considerations that
Al presents, but rather that they must be grounded
in the ultimate truth of symptom improvement.

While the risk of further embedding
bias in Al is indisputable, such risk

needs to be considered in the

context of the institutional biases
and significant disparities that are

baked into today’s system.

Many scientific and clinical leaders have studied the
issue of embedding diversity, equity, inclusion, and
belonging into the DMHIs that we are creating in
health care settings, including our team. A robust
strategy begins with an organizational commit-
ment to embedding these values into the fabric of
the organization such that it is then imprinted into
the essence of the intervention or product itself. At
Woebot we appointed an individual with a specific
demonstrated skill set at filling recruitment pipe-
lines with diverse candidates to run recruitment
efforts and actively measured and rewarded success
here. We never appointed an individual because
they were a “diverse” candidate; rather, by ensuring
that the pipeline was inclusive, we always hired the
very best person for each role.

A later initiative established a clinical diversity advi-
sory board that met every six weeks, created a full
charter to produce thought leadership, and helped
further the organizational vision to create an inclu-
sive intervention experience that reflects the lived
experience of all individuals who use our products,
as well as the diverse perspectives of clinicians, cor-
porate partners, and policymakers.
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Methodological considerations in
evidence generation

Existing frameworks like PIDAR (Partner, Identify,
Demonstrate, Access, Report) and RE-AIM (Reach,
Effectiveness, Adoption, Implementation, and Main-
tenance) provide guidance, emphasizing diverse
partnerships, technology access, digital literacy, and
data practices. Despite general support for DMHI effi-
cacy, little is known about outcomes across diverse
subgroups, and trials often lack diverse samples
or focus on minority populations. Scholars have
also noted that sociodemographic data are under-
reported in DMHI clinical trials. To genuinely assess
DMHI impact on health equity, evidence-generation
methodologies must be carefully designed, prioritiz-
ing the inclusion of individuals with lived experience
and fostering diverse research teams to broaden the
pool of future researchers.

Commercial deployments are where
the “rubber hits the road” and real-
world effects are observed, whether

effects on individuals, families,
communities, or even the bigger

health care systems. This is where
we see whether these technologies

truly make a difference.

Recruiting diverse samples is crucial for evidence
generation. Tactics include culturally sensitive
materials, community outreach, partnerships with
diverse health care systems, resources for limited
Internet access, and diverse research teams. At Woe-
bot Health we collaborated with the Scripps Trans-
lational Science Institute to successfully recruit a
diverse sample, reaching our target of approximately
50 percent from historically underrepresented

groups, including racial/ethnic minorities and rural
residents. Real-world partnerships like this are vital,
and clinician-referred recruitment should be man-
aged carefully to avoid biases. “Opt-out” methods
for study invitations from health systems or patient
registries could increase diversity. Recruitment
targets should be based on mental health prob-
lem prevalence rates in specific sociodemographic
groups, and oversampling for specific groups may
be necessary to achieve sufficient sample sizes for
examining group differences.

Thoughtfully designed and consistently implemented
sociodemographic surveys are essential. They should
include culturally sensitive and inclusive response
options for race, ethnicity, sexual orientation, gender
identity, and social determinants of health like food
and housing insecurity. Electronic responses and
privacy assurances promote honest disclosure. Chal-
lenges exist in collecting comprehensive data outside
research settings, requiring stakeholder agreement
and user testing to consider assessment burden, pri-
vacy, and cultural appropriateness.

Analyzing and reporting sociodemographic charac-
teristicsand outcomes across subgroupsareintegral to
understanding the impact of DMHIs on health equity.
DMHI research should report sample sociodem-
ographics, and consumer-based data should be pre-
sented with sociodemographic breakdowns. Ideally,
outcomes are reported by sociodemographic groups
or included as covariates. For small subgroups, we
suggest exploratory, descriptive, and hypothesis-
generating approaches (e.g., within-group and
between-group effect sizes). Researchers could also
analyze structural factors that contribute to inequities.

Finally, we advocate for assessing a multitude of
secondary outcomes, aside from efficacy and safety,
that include engagement, satisfaction, and feasi-
bility, reflecting both researcher and participant
priorities. Qualitative data are hugely valuable for
understanding the metrics and can be used to trian-
gulate diverse user experiences.
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As many of us argue in this publication, we should
not hold AI to a different standard than already exists
for the systematic exploration of the usefulness of
any other device or mental health intervention, and
so here we draw from the significant and growing
field of DMHI science to outline best practices. My
team has written extensively on this and is published
in the peer-reviewed literature.3® A robust strategy
for addressing health equity includes the following.

Equity-informed implementation science in
real-world deployments

A vital consideration when evaluating mental
health technology is how it is actually put into use.
Commercial deployments are where the “rubber
hits the road” and real-world effects are observed,
whether effects on individuals, families, commu-
nities, or even the bigger health care systems. This
is where we see whether these technologies truly
make a difference.

Solid implementation science can help guide how
well these mental health technologies are adopted,
how much they cost (health economics and out-
comes research), and what gets in the way of their
adoption. Collecting these real-world data is crucial
for understanding how effective these tools are and
for making sure they’re actually helping to close
health equity gaps rather than making them worse.

Health care organizations that are buying or using
DMHI tools should demand that the manufacturers
show how their products are designed with health
equity and responsible Al principles. They can use
existing frameworks to guide them in asking ques-
tions about who these tools reach, whether they
are specifically designed for vulnerable groups, and
how they’re monitoring outcomes to ensure fair-
ness. Some organizations are even creating their
own frameworks to ensure equity.

Al may be ideally positioned to collect data on social
determinants of health because chatbots are already

conversing with individuals in the naturalistic set-
ting of their home. This information can help health
care systems offer the right support and resources
to those who need them most, potentially leading
to earlier help and better-tailored interventions,
benefiting underserved people, manufacturers, and
health care systems.

Finally, we point to new roles that AI might be
ideally positioned for, like “digital navigation” in
which patients can be guided through their treat-
ment options, improving their decision-making
and potentially matching them with options that fit
their lived experience, which can impact access and
speed of support.

Real-world data from a deployment designed
specifically to address health care disparities

We partnered with Virtua Health, a midsize health
care provider in New Jersey that wanted to explore
whether Woebot could play a role in addressing
health equity in its large and unevenly distributed
provider system. Early data suggested that the follow-
up rate with Woebot was approximately four times
greater than the referral completion rate among tra-
ditional behavioral health sources in the primary
care setting; individuals had on average more than
three times the number of encounters with Woe-
bot than that of traditional referrals, with more
than three-quarters of those encounters being out-
side clinic hours. Participants using Woebot saw a
full category reduction in symptoms of depression
(measured by PHQ-9) and anxiety (GAD-7) in eight
weeks and completed routine patient reported out-
come assessments 85 percent of the time. Anecdot-
ally, physicians reported that social determinants
of health domains emerged far more often in
their conversations with Woebot than they had
anticipated because, they said, they often do not
have time to assess them in the context of a typi-
cal encounter. Our data scientists have shown that
Woebot can identify social determinants of health
domains at approximately a four-times-greater
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frequency than the literature suggests is detected in
health care settings using self-report instruments.
In addition to supporting patients in identifying
social determinants, connecting people to services
is another example of how AI can help a whole-
person approach and leverage data collection and
reimbursement opportunities for the health system.

In conclusion, we should resist the temptation to
think of patient-facing chatbots as replacing the
role of therapists, because to do so misses the point
entirely. We have an opportunity to deploy Al in
ways that fill the many gaps that our fragmented
health care system creates today, supporting better
outcomes for everyone in ways that elevate the role
of the human clinician and offer an invaluable win-
dow into the lived experience of patients. After all,
mental health doesn’t stop once we leave the clinic.

ARTHUR KLEINMAN

This question is potentially the most troubling
regarding the use of Al-driven interventions in the
mental health field. The presence of disparities and
issues of efficiency will drive Al creators to argue for
its adoption and claim that bots can replace human
beings and are cheaper and more efficient. I feel this
logic is basic to the use of AI in business settings
and will be carried over to health care as health care
is further privatized and its business interests pri-
oritized. (Look at what private equity companies
do when they acquire health care assets: strip them
of things that can be monetized and sold oft and
emphasize efficiency to such a degree that quality
care is worsened.) From my perspective, the real

question is how to prevent the use of Al in men-
tal health care from following this logic. If we begin
with the central value of care and list its human
qualities, then we will always conclude that Al inter-
ventions are appropriate when they augment, not
replace, human caregivers. AI can be used today to
contribute to clinical diagnoses, refine history tak-
ing, improve differential diagnosis, and add to the
factors that go into making clinical judgment more
useful, but AI cannot substitute for human clinical
judgment and care.

Today, we can more usefully speak of culturally
informed care than culturally competent care. Al
can contribute significantly to culturally informed
care delivered by mental health professionals. It
can do this by providing information about cross-
cultural differences, differing religious beliefs and
practices, and patterns of behavior that may amplify
or disguise symptoms. In the same way, Al can con-
tribute to the care of underserved populations by
improving understanding of the influence of struc-
tural factors like poverty on the course of disease
and outcome. This is information based in what
LLMs can provide that should identify many cultur-
ally relevant factors that clinicians can consider.

To assume that any policies can prevent Al from
exacerbating existing health care inequalities
would be extraordinarily naive. Health and social
inequality run throughout our health care sys-
tem in the United States and throughout systems
all over the world. These are the same inequali-
ties that policymakers in our country have been
unable to control because their causes are so fun-
damental to the political economy of our society.
The goal should be that AI does not make existing
inequalities worse. That AI in and of itself might
improve health and social inequalities seems
highly unlikely, because it is not going to be cre-
ating
keeping this as a desirable goal for AI would be a
positive step forward if it can be stated in practical
terms with specific guidelines.’”

structural transformation. Nonetheless,
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KACIE KELLY

What are the most promising applications
of purpose-built Al in expanding access to
mental health services?

Severe mental health workforce shortages leave vast
gaps in access to quality mental health services.
Purpose-built Al and digital mental health tools
more broadly, can alleviate this burden by bolstering
the existing mental health workforce and helping
to make it more effective and efficient, expanding
access to mental health services.

Al can optimize the existing workforce by improving
the screening, diagnosing, and matching of patients
to the right provider more quickly. Difficulty find-
ing a mental health provider (e.g., due to insurance,
specialty, geography, cultural fit) is a critical bar-
rier. By connecting customers to the right provider
sooner, Al can help deploy our overstretched mental
health workforce more effectively while alleviating
barriers to care.

Al can help stratify patients by risk, helping cri-
sis response teams, health systems, and provid-
ers to reach more patients in need. By identifying
individuals with lower-acuity needs, AI can also
support stepped care models—where those individ-
uals are directed to less-intensive services, such as
peer support, nonspecialist providers, or even Al-
powered therapeutics—freeing up clinical capacity
for higher-acuity cases. AI can also help with clini-
cal note-taking and electronic health record (EHR)
documentation, which is well-documented to lead
to burnout.!3% Finally, AI can enhance traditional

forms of measurement-informed care with early
risk detection, measurement of outcomes, and qual-
ity monitoring.

How can Al supplement the work of mental
health professionals or substitute for them
when access is unavailable or limited?

Al-enabled digital mental health tools may supple-
ment care provided by mental health professionals.
These tools can serve multiple roles across the care
journey: as an adjunct to care, as a lead-up to care
for someone who is waiting to be seen by a clinician,
or as a follow-up to treatment.’3® This is especially
important given the persistent workforce shortages
and geographical inequities in mental health access.
Many Americans live in areas with no access to
mental health providers. More than 6o percent of
people receiving mental health care do so from their
primary care physician (PCP)."4° While PCPs may
be able to offer screening and medications, patients
who seek care in primary care offices receive little
to no behavioral therapy or education outside inte-
grated behavioral health care models.

Al can help fill this gap. High-quality, evidence-
informed, culturally and linguistically competent
Al-enabled digital therapeutics can expand access
to quality mental health care to those who may
not otherwise receive it. Likewise, Al-enabled dig-
ital therapeutics can optimize the mental health
workforce, particularly primary care providers who
are often providing mental health care. This offers
important opportunities for improving health
equity, potentially enabling more personalized,
culturally relevant, and language-accessible care at
scale for underserved populations.

Al therapy chatbots are still in their nascency but
show potential for increasing access. While prom-
ising, these tools must be deployed with caution to
ensure transparency about when users are inter-
acting with Al, clear guardrails around scope and
safety, and feedback loops that enable clinician
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oversight when appropriate. Human connection
remains essential, and AI should be designed to
complement—not replace—the work of trained
professionals where possible.!4' Al can also play
important roles in risk stratification, measurement,
and monitoring.

How can Al be integrated into existing health
care systems to support, rather than replace,
human providers?

Al is creating new opportunities to expand and
improve traditional forms of measurement in men-
tal health care, including measurement informed
care (MIC), which leverages repeated, systematic
use of validated measures to inform treatment
decisions and monitor progress over time.'4> Tra-
ditional measurement in mental health is based on
the use of self-reported assessment tools, such as the
GAD-7 and PHQ-9. The subjective nature of such
measurement tools may lead to both over- and
underreported symptoms—or may miss impor-
tant aspects of daily functioning that are of primary
importance to patients.'43

Al can enhance traditional MIC in several ways.
Traditional assessments are designed to be brief
to accommodate clinical workflows and represent
snapshots in time.'44 AI enables a more expansive
view that brings in “real-world” data from com-
monly owned digital devices, such as smartphones
and wearables, to provide information about behav-
ior, cognition, and mood. These data can be used
in conjunction with traditional self-report assess-
ments to detect changes in mental health conditions
or predict relapse.4> A recent systematic review
found that physiological and behavioral data col-
lected through digital phenotyping methods (e.g.,
mobility, location, phone use, call log, heart rate)
can be used to detect and predict changes in symp-
toms of patients with mental health conditions,
allowing for intervention even before an adverse
event occurs.'4® Additionally, the increasing use of
telemedicine for mental health visits has produced

new sources of data, including videos from patient
visits, audio recordings, eye movements, and so on.

Natural language processing (NLP) may be used more
widely in the future of clinical mental health.'47 For
instance, NLP technology is being tested to analyze
data in electronic health records (EHRs), including
clinical measures, clinician notes, comorbid con-
ditions, and sociodemographic factors, to predict
symptoms of severe mental illness and suicidal ide-
ation and attempt.!48 For example, the Department
of Veterans Affairs (VA) and scientists from the
National Institute of Mental Health (NIMH) devel-
oped an expansive suicide mortality risk-prediction
algorithm using Veterans Health Administration
(VHA) electronic health records, enabling the VA
to provide a more targeted, enhanced outreach and
care program for veterans identified as being at high
risk of suicide.'4® More recently, the VA added the
use of NLP to tap into unstructured EHR data, such
as clinical notes, to enhance the accuracy of this
risk-prediction algorithm, resulting in an additional
19 percent accuracy. This demonstration showed
that NLP-supplemented predictive models improve
the benefits of the predictive model overall.s°

While promising, more research is needed to bet-
ter understand how digital phenotyping and NLP
incorporated into MIC might affect patient engage-
ment and treatment efficacy.

What challenges arise in ensuring Al tools
provide culturally competent and context-
sensitive care?

Though AI offers the potential to expand mental
health care access and improve care quality, caution
must be applied to ensure it does not exacerbate dis-
parities. Culture, beliefs, identity, and life experiences
all impact how we perceive and experience mental
health conditions, as well as the treatments, coping
mechanisms, and supports that are effective for each
individual.’>* Additionally, these identities medi-
ate how we communicate and express symptoms
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of mental health needs, suggesting implications for
what is considered an appropriate use of Al systems.

Despite the need for culturally relevant tailoring,
research on NLP rarely discusses the role of demo-
graphic differences and language expression.’>>
In one example, researchers found an association
between depression and certain language features,
including “I-usage” A recent study looking at the
performance of language models used to detect
signs of depression on social media posts found
an association between “I-usage” and white indi-
viduals but not Black individuals.’3> Researchers
then tested how race impacted the performance
of language-based depression models. The model
performed poorly with Black people, meaning
Al applications designed to detect mental health
conditions in social media posts, clinical notes, or
other text could miss or misinterpret language pat-
terns from different racial or cultural groups. If we
embrace technologies such as these without ensur-
ing safety and efficacy across populations, we risk
exacerbating existing disparities.

This example is a cautionary tale about the need to
include diverse groups of people when developing
and testing AI applications. Rather than ignoring
differences between different populations, a pro-
active recognition of difference can help overcome
these gaps. This should include training and test-
ing on a representative and diverse population and
incorporate a variety of perspectives in the devel-
opment of Al For instance, researchers at the Uni-
versity of Texas at Austin and Cornell University
are working to develop models that could identify
social risk factors for Black youth with the goal of
more accurately identifying suicide risk in young
Black youth. Moreover, we must understand that the
very statistical underpinnings of Allook for an opti-
mal pattern or norm and thus may inherently create
a bias against difference.’> When not intentionally
designed to include “edge” cases, Al is less effective
for those existing outside the norm (e.g., someone
who is neurodivergent or has a disability).’>>

How can Al tools help bridge the gap
for underserved populations without
exacerbating disparities?

Many of the improvements to mental health care
delivery that AI may bring could also help bridge
gaps for underserved populations; however, the
potential for bias must be addressed to ensure the
technology’s success. We cannot assume Al will
improve measurement, prediction, or care for all.
Instead, we must intentionally design it to do so and
monitor its impact.

The critical importance of training and testing Al
systems on diverse and representative populations
is well-known. The “intelligence” gained from Al
must be understood within the limitations of the
training data used and the potential for bias.

We must also address whether a specific Al applica-
tion is safe and accurate for all people who might use
it. Aggregate outcomes obscure the potential inaccu-
racy for specific groups.’® Thus, outcomes must be
disaggregated, especially for populations that experi-
ence mental health or other health disparities.’” This
is particularly true for health systems using AL

One of the primary ways algorithmic bias is intro-
duced is by mismatching what an algorithm is
intended to predict versus what it is actually pre-
dicting."® For instance, a landmark study found that
by conflating prediction of future health care needs
with prediction of future health care costs, a widely
deployed health care algorithm led to “enormous
racial bias” impacting “important medical decisions
for tens of millions of people every year”’® The bias
was created because using health care costs instead of
needs overlooked barriers to access that cause some
populations to be less likely to get the health care
they need. Mental health applications are particu-
larly vulnerable to using proxy measures because of
the relative subjective nature of many mental health
symptoms and diagnoses; the lack of true biomet-
ric data makes finding precise measures rather than
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proxies particularly challenging in mental health
care. The Algorithmic Bias Playbook offers a process to
identify and mitigate “label” bias in algorithms used
in systems (e.g., health systems, insurance compa-
nies). The process involves identifying all algorithms
used in Al/predictive technologies, articulating their
ideal and actual targets, and evaluating bias risk.!6°

Al should be employed specifically to detect and
redress bias and health disparities. AI could even
be used to reveal phenomena driving health dis-
parities that human beings are unable to detect. For
instance, NLP is an emerging approach to screen
for and identify stigmatizing language in EHRSs,
automatically alerting clinicians and their super-
visors.'®* One promising study showed AI was able
to decipher previously unexplained disparities in
knee pain across patients from underserved pop-
ulations with diseases such as osteoarthritis. With
the increased precision and ability for Al to see what
human beings cannot, AI may “better capture [need
and] potentially redress disparities in access to treat-
ments”*%2 As science on brain function and mental
health continues to advance, AI may facilitate more
precise diagnosis that more accurately screens and
detects mental health issues across populations.

DANIEL BARRON

Al carries the potential to ameliorate mental health
care access disparities and provider shortages, if we
deploy it strategically to perform specific, well-defined
clinical jobs that currently stretch our resources thin.
Elizabeth Yong and colleagues highlight AT’s attrac-
tiveness for enhancing accessibility, particularly

for underserved communities, by taking on certain
tasks.'®3 Promising areas include Al tools automating
administrative jobs (freeing up clinician time for tasks
that they are uniquely qualified to perform), deliver-
ing scalable psychoeducation for defined conditions
(a specific content delivery job), or supplementing
diagnostic capabilities in underserved regions by
assisting local providers with specific analytical tasks
(see Table 1 on page 24 for further discussion).

We must also address whether a
specific Al application is safe and
accurate for all people who might
use it.

Al can act as a supplement to mental health profes-
sionals by handling such defined tasks, or, in limited,
validated cases, substituting for them when access for
a specific job is otherwise nonexistent. Liana Spytska
emphasizes Al as a complement for certain jobs, not
a full substitute for tasks requiring deep human con-
nection.'®* Just like any technology within health
care, integrating Al into existing health care systems
should focus on tools that support human providers
within their current workflows for defined tasks.

Making sure Al tools deliver culturally competent care
when doing their designated tasks demands thought-
ful design and training on diverse datasets relevant
to the job. (The same case is often made for medical
student training.) Rinad Bakhti and colleagues found
culturally relatable and coproduced DMHIs (a specific
type of Al-driven job) showed higher engagement.'¢5
The FAITA-Mental Health framework includes “cul-
tural sensitivity” for evaluating Al tools performing
specific mental health tasks.'®® To genuinely bridge
gaps for underserved populations, we must choose
Al tools for tasks that are most needed and can be
effectively handled by Al in those specific contexts,
without inadvertently creating a “second-class” stan-
dard of care that deepens disparities.
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BACKGROUND

Al is already beginning to alter how mental health
services are delivered, but its long-term effects on
care systems remain unclear. Some predict that Al
will “offer future advantages . . . in terms of acces-
sibility, cost reduction, personalization, and work
efficiency” for mental health care.!” One widely
agreed-upon area where shifting to AI could assist

is in cost reduction.18

A 2022 systematic review of Internet- and mobile-
based interventions (generally not Al-enabled)
found that guided digital therapies are cost-effective
for depression and anxiety treatment, with favor-
able cost per quality-adjusted life year.'%® Similarly,
a randomized trial reported computer-assisted CBT
to be cost-effective for treating depression.'”® These
findings align with analyses from the National
Health Service that project digitally enabled ther-
apies could save thousands of clinician hours per
every one thousand patients treated. Improved
mental health outcomes from earlier or expanded
interventions are also predicted to assist with reduc-
ing the $478 billion cost.””* However, this figure has
not been analyzed at the level of individual or spe-
cific interventions, and no current evidence links AI
tools directly to reductions in productivity loss.

Real-world cost savings remain largely theoretical
at this stage. Few health systems have systemati-
cally tracked whether AI adoption actually reduces
emergency visits, hospitalization rates, or therapy
dropout. Others caution that AI may introduce
new costs in managing false positives or address-
ing ethical and legal issues.'”?> In some cases, inte-
gration costs, including EHR compatibility, staff

training, and data governance, may offset any
short-term efficiency gains.

Al tools are also beginning to transform the work-
load of mental health professionals by automating
routine and administrative tasks. A recent survey
of psychiatrists identified “documenting/updating
medical records and synthesizing information” as
two tasks with potential for AI automation. Some
experts argue that LLM chatbots and decision-
support systems may be an “underappreciated solu-
tion to the shortage of therapists,” able to deliver
scalable support and improve work efficiency for
existing staff.’”3 Early reports in general mental
health care settings indicate that digital scribes
and automated scheduling systems have improved
clinicians’ sense of efficiency and reduced exhaus-
tion from menial tasks.'74

Surveys of mental health professionals reveal that
many see the potential for AI to enhance care and
improve efficiency but also harbor concerns about
deskilling and the erosion of the therapeutic rela-
tionship.’”> These concerns include diminished
empathic connection, reduced narrative exchange,
and loss of clinical judgment in favor of algorith-
mic guidance, despite early studies showing that
LLMs are comparable to therapists in clinical out-
comes.'7® While the evidence to date shows that AT
has caused few direct job losses in mental health
care, the potential for AI to supplement the work-
force, at a minimum, and raise the bar or disrupt
the entrenched system of providers in the future
seems inevitable for mental health care given its
current trajectory.
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RESPONSES

KACIE KELLY

How will Al adoption affect the cost and
sustainability of mental health services?

Many AI applications could help optimize the lim-
ited mental health workforce and help them per-
form at the top of their license. For example, clinical
note-taking is well-documented as contributing to
provider burnout, and precious clinician time is
often spent on administrative tasks rather than clin-
ical care, reducing clinical productivity. As such,
many health systems have embraced AI “scribes”
to address these pervasive challenges. Doctors and
mental health providers report Al tools enabling
them to focus more on patients than on note-taking
and data entry while cutting down on administra-
tive burdens.'”7 A recent taskforce led by the Peter-
son Health Technology Institute found that initial
adoption of Al scribes has led to a reduction in cog-
nitive load and burnout, though whether AI scribes
actually increase provider capacity is still unclear.'7

Other workforce efficiencies will come from more
effectively getting people to the right care sooner.
When thoughtfully designed for diverse popula-
tions, AI data analytics can help more effectively
identify patient needs and match those needs to
providers’ expertise. Interventions work best when
administered early in symptom onset and before
symptoms reach a crisis point, ideally before the
patient even knows they are ill.'7® As such, early
identification and treatment are key for expanding

access to care and treating conditions when they
are more manageable and require less credentialed
clinical intervention.

What potential disruptions to the mental
health workforce could arise from Al
integration?

The introduction of AI into mental health provider
practice will inevitably disrupt, and cause fric-
tion within, the mental health workforce, even as
it leads to efficiencies in many areas. At the most
basic level, some providers—particularly those
who have been practicing for many years—may
be resistant to adopting new technologies, par-
ticularly AI. Nonetheless, all providers must be
prepared to encounter patients who are using Al
to support their mental health and well-being.'3°
Practices that are more willing to embrace AI may
have to make changes to workflows and necessary
investments in Al infrastructure. Providers and
practices will have to become more knowledgeable
about data and cybersecurity, areas that may pre-
sent significant learning curves.

The continual and rapid pace of Al advancement
may present challenges to providers and health care
systems, necessitating a rethink of what skills and
training are needed in the workforce; many pro-
viders may need to be “upskilled”*®' The AI liter-
acy gap will also likely change how mental health
workforce training and education occur. The men-
tal health workforce training and education process
may need to focus more on computational skills,
understanding of how AI works, knowledge around
Al bias relevant to mental health, and more. Entirely
new roles within the mental health workforce may
also be needed. As measurement-informed mental
health care becomes more commonplace due to
advancements in Al, these new algorithms, data-
driven approaches, and potential biomarkers may
raise new questions. Just as genetic counseling was
established as a new field in 1969, a new field may
be needed to help patients and providers navigate
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the increase in data and algorithms shaping mental
health care.'8?

Likewise, significant remain about
accountability if an AI system does not properly tri-
age or handle signs of distress (e.g., suicidality). These
questions will reshape the practice of mental health
care, including ethics, liability, and accountability.

questions

The continual and rapid pace of
Al advancement may present

challenges to providers and health

care systems, necessitating a
rethink of what skills and training
are needed in the workforce.

Finally, given that the AI policy landscape is uncer-
tain and constantly evolving, changes to Al regula-
tion could affect the way AI integrations are rolled
out in the mental health space, causing additional
uncertainty.'®3 The rapid advancement of AI itself
may also cause disruptions to the mental health
workforce. Updates to models and AI advance-
ments are occurring rapidly, and many key techni-
cal experts argue that artificial general intelligence
(AGI) is on track to occur in the next one to five
years.’®4 The mental health space may struggle to
keep up with the latest models in AI and risk tech-
nology becoming outdated very quickly. The mental
health workforce could be severely disrupted by not
having an AGI strategy.

What measures can ensure equitable access
to Al-based mental health care across
socioeconomic groups?

Ensuring Al-mental health applications are deployed
equitably requires both attention to equal access and
protection against bias. A multitude of measures will

be needed to ensure access to Al-enabled mental
health care. For example:

* Many mental health applications are available
only through private payment (“direct to con-
sumer”).’85 For Al-enabled applications to ben-
efit all socioeconomic groups, both private and
public insurance reimbursement are essential.
Medicaid coverage is necessary for Al digital
mental health technologies to support the nearly
40 percent of children and youth who are Medi-
caid beneficiaries.!®¢ At the same time, we must
ensure that AI mental health interventions com-
plement but do not replace human care; access
to Al-enabled digital mental health interventions
should not replace other efforts to improve access
to mental health care.

= The use of Al-enabled care—ranging from clin-
ical notetaking assistance to treatment—will
require health system and provider investment
in new technologies, data security, adjustments
to workflow, and training of personnel.'®” Safety
net systems such as local health authorities, com-
munity health centers, and rural health providers
are at a disadvantage because they often lack the
data and technological infrastructure to support
many Al technologies. Significant public invest-
ment will be needed to ensure safety net systems

are not left out of technological advances.'83

= Digital literacy, the “varying ability of both chil-
dren and adults to use technologies and under-
stand their risks,” is an important consideration
when ensuring equitable access to and use of
Al-enabled tools.’® Uncertainty about how Al
technologies work can lead to a lack of moti-
vation or even resistance to using Al-enabled
digital mental health tools.’° Employing dig-
ital navigators and other nonlicensed roles to
support patients’ use of tech applications will
be critical to facilitate their use in some popula-
tions, such as older adults or people with severe
mental illness.
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ARTHUR KLEINMAN

If we look at the impact of telepsychiatry and tele-
phone- and video-based psychotherapy, I do not
believe we yet have convincing evidence that these
approaches to care reduce the cost of providing care,
although there is evidence that they can provide care
of equal quality to that given by human beings in
mental health care.’! The evidence-based argument
for AI's adoption should be carefully assembled and
thought through so that it avoids immodest claims of
causality. We require economic analyses of augment-
ing practices to make the case for AI's adoption; not
practices that substitute bots for people. If Al sub-
stitutes bots for people, we will be well on our way

The evidence-based argument
for Al's adoption should be
carefully assembled and thought

through so that it avoids immodest

claims of causality.

to undermining the sovereignty of human beings
in health care and replacing it with the sovereignty
of AL But we have no evidence that doing so would
improve care and there are multiple arguments for
why it would create havoc in our health care system,
which is already chaotic, disorganized, and broken.
No measures can ensure equitable access to Al-based
mental health care for different socioeconomic
groups, because such inequality is a fundamental
reality of our health care system.

DANIEL BARRON

The economic and workforce impacts of Al in men-
tal health care will hinge less on Al as a general
concept and more on which specific clinical and
administrative jobs Al tools perform—and how well
they do them (see Table 1 on page 24). Automat-
ing narrow, clearly defined tasks (e.g., billing, doc-
umentation, and symptom tracking) may reduce

costs and increase throughput. But developing and
deploying AI for complex, high-touch clinical jobs
demands hefty investments. Justus Wolff and col-
leagues remind us that many economic analyses of
Al overlook its full costs—development, implemen-
tation, integration, and maintenance—thus obscur-
ing the true value proposition.'9>

Potential disruptions to the mental health work-
force are more likely to look like a reshuffling of
roles based on the tasks AI absorbs, rather than
outright replacement. If AI takes over routine
data-gathering or -summarization tasks, clinicians
might find themselves focusing more on complex
decision-making and the uniquely human, inter-
personal aspects of care—jobs that seem less suit-
able for today’s AL Jo-An Occhipinti and colleagues
suggest that AI can augment the workforce by
helping with diagnostic and administrative tasks,
thereby freeing up health workers for direct patient
care jobs.'93

Al could reshape health care policies by paving the
way for new care delivery models centered on spe-
cific tasks, which in turn would necessitate policies
to ensure these Al-driven jobs are done safely and
equitably. The division of labor could blend digital
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and human workflows in ways current reimburse-
ment and licensure policies are not yet structured
to support. Policymakers will need to define the
boundaries and standards of these Al-executed jobs:
What gets reimbursed? Who holds medicolegal lia-
bility? What constitutes “standard of care” when
care is shared with a machine?

Equity must be deliberately engineered into this
future—not to support any specific ideology or
theory, but for the simple fact that supporting the
health of the entire population is cheaper and more
cost effective for the health system as a whole.
Widespread AI adoption risks entrenching dispar-
ities unless systems invest in access and usability.
Without the early investment in reaching all people
in our society, the short-term gains of any Al-based
tool/system risk being buried in the long-term

accumulation of (ultimately costly) chronic diseases
and comorbidities that might have been avoided
with proper planning. That includes subsidizing
Al tools that perform high-value tasks in under-
resourced settings, funding digital literacy pro-
grams (many patients still struggle with basic por-
tals), and co-designing tools around the needs of
marginalized communities. Task performance must
be validated not just in clinical trials, but across
real-world populations representative of all the lives
covered by a payer, including the largest payer in the
United States: the federal government.

Ultimately, AI's impact won’t be defined by the tech-
nology itself but by the labor, payment, and policy
ecosystems it reconfigures. The question is not “Will
Al disrupt?” but rather “Which jobs? For whom? At
what cost? And who will benefit?”

Without the early investment in reaching all people in our society, the
short-term gains of any Al-based tool/system risk being buried in the
long-term accumulation of (ultimately costly) chronic diseases and
comorbidities that might have been avoided with proper planning.
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BACKGROUND

As stated earlier, potential interventions to be used
in biomedical and behavioral care settings are usu-
ally subjected to rigorous research and scholarly
analysis before they are allowed to be deployed.
However, in the case of AI and mental health care,
that has not happened; many AI applications have
been deployed before that kind of rigorous research
has been done. That is unfortunate and may have
led to some significant problems, including inef-
fective and even potentially dangerous applications
being freely available. For those reasons, a full-scale
research program is badly needed, even if to some
it may soon be too late. Some problems will be cor-
rectable. A greater number of randomized clinical
trials can provide the evidence base from which
to build and evolve AI into safe and effective tools.
Population health studies can help ensure appropri-
ate guidelines for AI in mental health care and equi-
table access to these tools. The findings from such
research enable more strategic funding allocation,
helping policymakers and private funders invest
in novel care pathways and tools with the greatest
potential for clinical value and equitable impact.
Evidence standards and benchmark requirements
can create productive pressure among developers,
rewarding systems that demonstrate real-world
utility rather than marketability alone. Without
such feedback loops, hype may outpace perfor-
mance, and useful innovation may be crowded out.

RESPONSES

MARIAN CROAK

Recently, researchers conducted the first clinical
trial of a purpose-built therapy bot.’4 They used
custom-built datasets containing evidence-based
practices with a human in the loop to monitor the
bot’s responses. Although the study was small (210
participants), the therapy bot showed promising
results, especially for alleviating depression. Given
the widespread use of generative Al for therapeu-
tic purposes, the fact that this is the first and only
clinical trial highlights the need for more rigorous
scientific research.

Areas that need deeper exploration include:

= examining both short- and long-term outcomes
for stand-alone therapeutic bots and ones with
a human in the loop compared to one-on-one
human therapy;

= creating best practices for the use of datasets
that mitigate hallucinations and algorithmic bias
and that contain representative data from a wide
range of demographic groups;

= designing large, transparent, and explainable
datasets that capture different modalities and
psychological conditions;
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* investigating the ability of AI systems to learn
emotional intelligence and empathy;

* identifying the risks and benefits of anthropo-
morphic attachment to AI therapeutic bots;

* improving the reliability and accuracy of diag-
nostic determination;

= creating filters and evaluation tools for minimiz-
ing harmful responses/advice;

* measuring the effectiveness of using Al assis-
tants to help reduce the time therapists spend on
administrative tasks; and

* examining workforce disruptions produced by
Al mental health tools.

To truly understand the effectiveness of using Al in
the end-to-end therapeutic process, we must engage
the expertise of social scientists, ethicists, security
and privacy specialists, legal professionals, neuro-
scientists, demographically diverse clients, mental
health professionals (psychologists, psychiatrists,
and social workers), user experience researchers
and designers, computer scientists specializing in
natural language processing, Al, and machine learn-
ing, as well as others. This interdisciplinary collab-
oration will help to ensure that proposed solutions
are technically sound, ethical, safe, easy to use, and
truly beneficial for clients and practitioners.

As these Al tools are deployed, they will need con-
tinuous monitoring and auditing to ensure they are
performing as intended. AI models, especially gener-
ative ones, dynamically change as a result of statisti-
cal factors and their adaptation to real-world input.
Depending on the application of Al, different metrics
will need to be established that target benchmarks set
across different parameters. Subsequently, evaluation
tests or audits need to be periodically or continuously
conducted to ensure the tool is within range of its
target benchmarks. If measurements dip below the
benchmark, either automated or manual adjustments
to the tool are needed. Relevant metrics include reli-
ability, availability, accuracy, appropriateness of the

response, user sentiment and engagement, fairness,
and measures of privacy and security.

As tech companies race to deploy new advances in
Al they are clearly outpacing the slower progress of
governance and policy frameworks created by the
public sector, including international and domestic
government entities. Research suggests that policy-
makers should adopt more-innovative approaches
to creating governance frameworks and regulatory
guidelines.’®> The National Institute of Standards
and Technology’s approach to setting guidelines for
responsible Al governance is an example of an inno-
vative policy due to its extensive reliance on industry
collaboration and use of version controls to enable
fast changes to policies as technology advances.

ALISON DARCY

Over the past few decades, numerous technologies
have generated enthusiasm as potential solutions to
long-standing challenges in mental health care. The
Internet was meant to resolve access; smartphones
promised always-on support and Big Data insights;
gamification aimed to improve adherence. But Al is
arguably the advance that most fully unlocks these
benefits—by offering a human-centered interface:
conversation.

Al doesn't just scale interventions; it could reshape
them. For the first time, we can reach people in
the flow of daily life, through an interface they can
engage with even when motivation and mood are
low. This marks an exciting moment for interven-
tion science but also raises important questions.
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We may be tempted to tightly control or replicate
human-led models. Yet doing so may limit discov-
ery. Rather than copying human beings, we should
ask: What are Als uniquely good at? Human beings
are essential for connection, intuition, and rela-
tional depth. Als excel in consistency, availability,
and data processing. We do not need to force them
into a mold that doesn't suit their strengths.

I believe the question of whether an “AI can make
a good therapist” is unhelpfully blunt and tends to
get bogged down in an impractical narrative of Als
replacing human beings. Early studies challenge
the belief that Als can't be empathic or helpful. For
instance, people often disclose more to Als than to
human beings.’® Some people report feeling more
empathized with by AI than by physicians in online
contexts.’®” And Al (natural language processing)
algorithms may be better suited to prediction and
detection of psychosis than human beings.'93

Going forward, we need to adopt first-principles
thinking to assess what works—not based on fidelity
to human therapy but on what produces benefit. Most
critical, the only human who must remain “in the
loop” is the user themself. Research on Edward Deci
and Richard Ryan’s self-determination theory tells us
that autonomy is a key driver of positive outcomes.'9?

We must, of course, evaluate efficacy and safety rig-
orously—but also stay open to unexpected benefits,
not just unintended harms.

That being said, what are the major areas of schol-
arly focus?

Therapeutic mechanism

All major technology shifts generate new behaviors.
Just as smartphones sparked the cultural norm of
photographing meals, AI may give rise to new forms
of therapeutic engagement; that is, enable the cre-
ation of novel therapeutic mechanisms. It could also
amplify known mechanisms. For example, CBT as a

therapeutic approach invites language to be formally
examined as a proxy for thinking, and thoughts are
systematically gathered and considered as a win-
dow into distorted beliefs. CBT also leans heavily on
data, relying on real-time gathering of symptoms
like moods and the context in which they arise, for
assessment and evaluation. Not surprisingly, all
purpose-built chatbots to date—for example, Woe-
bot, Wysa, and Therabot—have been built upon a
CBT framework wherein the role of the therapist is
characterized by “collaborative empiricism.” How
an Al should show up in a different type of therapy
wherein the role of the therapist is characterized
differently is not yet well understood. For example,
can Al be deployed in a family systems therapeutic
approach? If so, how might that be operationalized?
Research should also explore whether Als can facili-
tate therapeutic methods that are based on creative
self-expression, since this has been identified as an
active ingredient of effective intervention for young
people and appears to be a particular strength of
emerging Al models.>°° Determining this seems
even more relevant given the recent paper in The
Lancet Psychiatry that examined the outcomes from
NHS’s Talking Therapies for anxiety and depression
in over three hundred thousand patients. The results
suggest that young adults’ outcomes were poorer
than those of working adults. Young adults were less
likely to meet measures for reliable improvement and
were more likely to meet criteria for reliable deterio-
ration. These data point to the youth mental health
needs that require adaptations, which Al-supported
mental health care is well-positioned to meet.>!

Efficacy and safety of Al-based interventions

The literature base around DMHIs, particularly
digital CBT, is already mature. Increasingly, RCTs
have tested Al-based chatbots—both traditional
rule-based and GenAl-driven—utilizing a vari-
ety of comparison conditions. Two studies have
compared chatbot-based interventions to more
traditional human-delivered care, with both stud-
ies showing similar findings (noninferiority for
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depression and slightly superior findings in the case
of anxiety).2°? Future research on efficacy and safety
should explore the longer-term effects of chat-
bot-based interventions; for example, whether ther-
apeutic effects diminish over time and what usage
patterns—different as they are structurally from
classic treatment—might be deployed to avoid this.
However, the most urgent question is how to deploy
these interventions within the health care system.

Al-enabled therapeutic systems
and structures

Al has the potential to enable entirely new care
structures—stepped care, precision care, continu-
ous engagement models, and so on. If AI is to have
a specific role in public health, how do we consider
the role of frontier models in supporting positive
mental health and even offering early intervention.
What we don't know about health care models is
how the interplay between data ownership and crisis
intervention would work (or whether it should even
be part of Al-enabled health care).We don't yet fully
understand or have an agreed-upon definition of
the legal and ethical frameworks around data own-
ership, liability, and trust, and how we might avoid
system-level harms like deskilling of clinicians.

Future studies could ask:
* How can AI help us triage more effectively?

= Can Al personalize care pathways based on lived
data?

= How does AI shift the role of the clinician over
time?

This is not a call for unchecked optimism but to
think more creatively and rigorously about how we
evaluate and frame the role of AI in mental health,
including by drawing from the considerable multi-
disciplinary expertise that may contribute to this
endeavor. The opportunity is not to replace human
beings but to better support them and to serve the
many people the system currently leaves out.

ARTHUR KLEINMAN

AI must be assessed in the everyday conversations
between clinicians, patients, and families. This is
where its contribution in improving communica-
tion and relationships needs to be demonstrated.
Interdisciplinary collaboration is essential to this
kind of work. Pairing AI experts with clinicians and
social scientists is the way to organize appropriate
use and evaluation of all technological interven-
tions in health care.2%3

The continuous evaluation and refinement of Al
tools is not only a matter of safeguards but of build-
ing AI systems that iteratively examine the evidence
about interventions in order to constantly provide
feedback for the improvement of practices. Here Al
can build on engineering systems approaches that
utilize these kinds of feedback loops. Input from
software engineers working with clinicians would
be helpful in developing best practices.

The empirical reality is that the United States does
not have a single mental health care system but
rather a chaotic and perhaps ununifiable collection
of private and public systems. For severe chronic
mental illness, principally schizophrenia, the pub-
lic mental health system is so broken that the crim-
inal justice system is now regarded by experts as
the functioning mental health care system for most
of these patients. How AI-driven interventions will
figure here is going to be based on research, and
this is one of the areas in which research that exam-
ines practices that augment professional caregivers
should be very useful. Looking at the history of
mental health practices, the private sector is likely

Al and Mental Health Care: Issues, Challenges, and Opportunities 80



Question 9: What are the most significant scholarly questions
that will need to be answered as Al's role in mental health care evolves?

to produce both useful examples and many exam-
ples of inappropriate use and abuse. Regulations are
where we will have to work out the many questions
about how the public and private sectors will relate
to responsible Al applications. Given the absence
of a unified system of mental health care, private
and public sectors will most likely remain isolated
from each other and fail in effective collaboration.
I seriously doubt the utility of attempting with
Al what has not happened with any other mental
health intervention. Then again, perhaps this is an
area where Al can help, albeit in a different way: by
generating the knowledge to systematize and pos-
sibly even integrate mental health care practices
and practitioners who, for far too long, have failed
to collaborate.>%4

ROBERT LEVENSON

What research priorities should guide the
development of Al mental health tools?

Much as with the development of a new drug, the
holy trinity of research progresses from establishing
safety, to evaluating efficacy and effectiveness, and
finally to understanding mechanisms of action. For-
mal safety trials should be initiated as soon as possi-
ble for some of the more common kinds of AIMHIs,
many of which already exist in the wild, challeng-
ing efforts to obtain more than anecdotal safety
data about them. Such trials should be designed
to generate safety data that can be compared with
more conventional human therapist approaches
(and perhaps combined human-bot approaches
as well) when dealing with similar problems and

populations. Important issues to be tracked in these
trials include clients'/patients’ thoughts and acts
related to harm of self and others as well as measures
of mental health symptoms and well-being. In the
efficacy stage, RCTs that compare AIMHIs with one
another and with more conventional active treat-
ments will be important. Psychotherapy research
has often revealed that everything works better
than nothing and that differences among therapies
are nonexistent or small (the so-called dodo bird
verdict).2°5 But we cannot assume that this will be
the case for AIMHIs without well-designed research.
Finally, existing therapy research has consistently
revealed that the most potent mechanisms of action
for a wide range of psychotherapies are the com-
mon, nonspecific ones (e.g., expectations, attention,
placebo, alliance, time). AIMHIs bring characteris-
tics and abilities to the table that are unique (e.g.,
lack of distraction and fatigue, near instantaneous
access to huge bodies of knowledge, full recall of the
details of past therapy sessions and client histories)
and thus may have different mechanisms of action
than their human counterparts.

DANIEL BARRON

Continuous, interdisciplinary research is essen-
tial to ensure that AI in mental health care evolves
responsibly, effectively, and equitably. The most
pressing scholarly questions must center not on
Al in the abstract but on the specific clinical and
administrative tasks it is meant to perform—and
whether it does those jobs better than existing
methods. (See Table 1 on page 24 for an example
of task breakdown.)
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First, we need rigorous, task-level validation: In
which clinical jobs can AI actually improve accu-
racy, safety, cost, or access? Research should focus
on job-specific performance rather than general-
ized hype. Pablo Cruz-Gonzalez and colleagues
demonstrate AI's promise in certain diagnostic and
intervention tasks but emphasize the need for more
diverse datasets and model transparency, especially
when algorithms are deployed across different
patient populations.2°%

Research and development are

Finally, we must investigate how scholarly insight
can shape standards and funding. Public-private
partnerships could establish evaluation protocols
that tie reimbursement or regulatory approval to
task-level evidence. This would incentivize devel-
opers to prioritize clinically meaningful tools over
flashy demos. It might also—perhaps unintui-
tively—help clinicians better understand the oper-
ational logic of their own systems by forcing a clear
delineation of who does what and why.

In sum, the most urgent scholarly agenda for Al
in mental health is not technological; it is func-
tional. The field must interrogate which jobs are

essential to our understanding not
actually performed today, which jobs an AI should

do, how well it does them, and what it costs when
it fails.

just of the safety and effectiveness
of these methods but even of what
methods are being used and how.

Second, we need more-robust frameworks for real-
world evaluation. Validating AI tools in the lab is
not enough. We must also study how they behave in
complex, variable, and often unpredictable clinical
environments. Hassan Auf and colleagues under-
score the lack of empirical research on human-AI
interaction in real-world settings, particularly when
Al is used for decision support.?®7 Participatory
design—engaging clinicians, patients, ethicists, and
human-computer interaction specialists—is not
optional; it is essential to building trust and ensur-
ing tools are fit for purpose.

Third, we need longitudinal, postdeployment sur-
veillance. Once an Al tool is “in the wild,” continu-
ously assessing its performance, drift, and unintended
consequences is critical. The FAITA-Mental Health
framework offers one approach, linking performance
back to the task-level job the AI is meant to do.2°8
Gauthier Chassang and colleagues call for provider-
led postmarket surveillance models that pair clinical
insight with user experience, a vision that could mir-
ror pharmacovigilance for digital therapeutics.2°9

HANK GREELY

Research and development are essential to our
understanding not just of the safety and effective-
ness of these methods but even of what methods are
being used and how. Some publicly accessible, and
preferably published, peer-reviewed research is nec-
essary before new approaches are tried. However,
given the speed of the introduction and modifica-
tion of these approaches, I fear getting sufficient evi-
dence of safety and efficacy before clinical use will
be impossible. That makes it all the more important
that these methods include rigorous monitoring
and assessment procedures, ideally independent
from corporate sponsors.
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Paul Dagum, Sherry Glied, and Alan Leshner, project cochairs

ver the eighteen months since this project’s inception, the integration of LLM appli-

cations into everyday use has progressed at an astonishing pace, leaving numerous

unresolved societal and ethical questions. What is clear is that artificial intelli-
gence, as it evolves, will alter many dimensions of our individual and social lives—in large
ways and small, for better and worse. Our contributors have laid out a set of considerations
for exploring these effects in the context of mental health treatment. Their responses, and
our engaged discussions throughout the project, lead us to some overarching reflections
about directions forward.

1. The subject of our work, the use of artificial intel- of requirements, including ethical requirements

ligence in mental health treatment, turns out to
comprise a wide range of technologies and situa-
tions. One important step in solidifying research
both on the immediate effects of technologies
on individuals and on their broader effect on
societies and relationships is to develop a set
of definitions and taxonomies. Classification is
often the first step in science and policy, and its
absence makes discussion challenging.

. One broad grouping within the area of artificial
intelligence in mental health treatment consists
of applications explicitly designed to play a role
in the delivery of such treatment (this might
include administrative or monitoring apps, apps
used by or in conjunction with professionals,
and so on). Developers of these applications
will usually conduct some formal assessment
of their effectiveness in the specific context for
which they are intended. Unlike the case for
pharmaceuticals, where a well-established play-
book guides FDA approval, these assessments
use disparate methodologies and comparison
groups (for example, pre-post, waitlist controls;
comparisons to psychiatrists delivering individ-
ualized psychotherapy or counselors delivering
manualized CBT). Developing a minimum set

for the conduct of studies in this context, is an
essential step to moving forward and is partic-
ularly important given the wide variation in the
actual quality (and availability) of mental health
treatment as it is currently delivered in the
United States. It will also require a new approach
to the design of FDA approval, which currently
assumes that each new formulation of a drug or
revision of a device is frozen in design and sub-
jected to new evidence from clinical trials. The
regulation of systems designed to evolve and
improve with every interaction has no estab-
lished precedent.

. The rapid uptake of chatbots and LLMs is hap-

pening without research or regulation. But this
wide and fast diffusion is not inevitable. As the
many recent changes around the use of smart-
phones in schools suggest, public opinion, per-
suasive critiques, and policies can affect the pace
and nature of adoption. Those decisions—indi-
vidual and societal—should be informed by as
much evidence as can be brought to bear. Cur-
rently, that evidence largely takes the form of
anecdotes, which are powerful but can be mis-
leading. Opportunities exist to systematically
collect information on the use of chatbots for
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therapeutic purposes (for example, in existing
national surveys) and to conduct analyses of
these effects (for example, comparing popula-
tions who, for exogenous reasons, have had eas-
ier and more limited access to LLMs, as has been
done for smartphones and television). In doing
so, we will also need to think carefully and com-
prehensively about the nature of the effects we
might see. Experts in philosophy, psychology,
and sociology can trace the pathways through
which negative or positive effects may emerge.
Systematic qualitative research can point to out-
comes that are unexpected, whether promising
or troubling.

. LLMs build on the information they collect. This
feature generates network externalities (where
a service becomes more valuable as more users
adopt it), and network externalities in turn tend

to drive market consolidation. Without up-front
regulation, a dominant mental health care LLM,
on which millions of Americans might rely and
that would have access to deeply personal infor-
mation about them, could emerge (as we have
seen with other Internet technologies), posing
profound economic and ethical implications
beyond those inherent in the technology itself.

. When a wide range of disciplines and perspec-

tives have seats at the table, the outcome can be
tremendously generative and occasionally, and
appropriately, uncomfortable. If only computer
scientists and mental health providers partic-
ipate in future discussions of the effects of Al
on mental health, a great deal of useful insight
will be lost. Such future discussions are essential
as LLMs evolve alongside our understanding of
their implications for individuals and society.
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