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ABSTRACT

Artificial intelligence (AI) has the potential to improve access to and better meet 
demand for mental health and substance use disorder care. AI tools are available 
anytime, have no waiting lists, are typically low cost, and can be accessed 
anonymously. The question is not whether these tools have value; it is whether that 
value can be realized safely and at scale given concerns about model transparency, 

decision-making, and accuracy. The urgency of the question of the safety of AI for 
mental health support is not abstract, and reports of risks associated with its use 
are part of the national discourse. Generative AI is already reshaping mental health 
behavior, yet these AI tools are inconsistently evaluated, largely unregulated, and 
capable of both benefits and harm. This paper reviews what these technologies can 
and cannot do, and what it will take to govern them responsibly to realize their 
positive potential.

HIGHLIGHTS

• People are already using AI for mental health, and at scale. People turn to AI

for mental health because it is available at any hour, free of judgment, and is
unburdened by cost or waiting lists.

• Not all applications of AI in mental health carry the same stakes. It is helpful

to evaluate AI tools using a simple two-dimensional framework of clinical risk
and ease of automation.

• The risks of AI in mental health are not theoretical. A growing record of

documented harms shows what happens when these tools are deployed

without adequate safety infrastructure.
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POLICY CONSIDERATIONS

1. Match oversight to risk: Administrative AI requires different governance 
than patient-facing AI.

2. Activate existing legislative authorities before building new ones: 
Many of the harms documented in this paper can be addressed, at least in 
part, through federal and state legislative and regulatory frameworks that 
already exist.

3. Address the system, not just the output: Each of the components of an AI 
product, including the training data, the optimization, and the outputs, should 
have oversight and regulations. 

4. Combine pre-market review with post-market surveillance: Pre-market 
review establishes a baseline of safety and efficacy before a product reaches 
users and post-market surveillance monitors for adverse events that emerge 
only at scale or over time.

5. Focus on transparency from vendors: AI companies should disclose what 
training data their models were built on, what safety testing they have 
conducted, how adverse events are tracked and reported, and whether user 
data are employed for model training or shared with third parties. 

6. Develop reporting of mental health crisis indicators: Mandatory, 

standardized reporting of crisis indicators, even on an aggregated and de-

identified basis, would give state authorities and researchers their first reliable 
view into where harm is concentrated and how it is changing over time. 

7. Invest in realistic, context-aware benchmarking: Vendor-controlled 
benchmarks with undisclosed conflicts of interest should not be accepted as 
evidence of safety.

8. Develop clear AI disclosure and meaningful age verification: At 
minimum, any AI system interacting with users should be required to disclose 
that it is AI, not a human. 

9. Build digital literacy among staff and the public alongside 
deployment: Public education about what these tools can and cannot do, 

how to recognize hallucinated information, when to seek professional help, 

and the critical understanding that AI is not a sentient companion but a 
statistical system, is a necessary complement to any regulatory framework. 

10. Establish error logs and adverse-event reporting: Every AI system 
operating in a mental health context should be required to maintain 
transparent error logs that are subject to independent review. 

11. Establish clear liability and recourse structures: When an AI system 
contributes to harm, affected individuals and families need clear pathways for 
recourse. 
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12. Include clinical, patient, and family/caregiver voices in policy design: 
The people who use these tools and the professionals who treat the conditions 

they address bring knowledge that no amount of technical expertise alone can 
replace.

Note: The inclusion of specific AI models are for examples only and do not 

suggest the endorsement of any particular product or company services.
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INTRODUCTION

Approximately 61.5 million American adults experienced a mental illness in 2024, 

yet nearly half received no treatment.1 Among adolescents ages 12 to 17, 15.4 

percent experienced a major depressive episode in the past year, and 
approximately 40 percent of those received no treatment.2 This trend is worsening, 

with one million fewer children receiving mental health treatment compared with 
the previous year.

Challenges to mental health care access are multifactorial and can include policy, 

financial, and workforce factors. As of December 2025, approximately 137 million 
Americans, roughly 40 percent of the U.S. population, lived in federally designated 
mental health professional shortage areas.3 The Health Resources and Services 

Administration projects shortfalls across nearly all behavioral health professions 

through at least 2038.4 Among practicing psychologists, 53 percent had no 
openings for new patients as of 2024, and 34 percent reported not being in-

network with any insurance.5 Among those who secure an appointment, the 
national average wait time for behavioral health services is approximately 48 days. 
For the many adults with unmet need who cite cost as a significant barrier, 

affordability is a greater barrier than timely access.6

Although not originally developed for clinical 

purposes, artificial intelligence (AI) is of great 
interest because of its potential to improve access 
to and meet demand for mental health care. The 
technology offers promise because AI tools are 
available anytime, have no waiting lists, are typically 

low cost, and can be accessed anonymously. The 
question is thus not whether these tools have value 
but rather whether that value can be realized safely and at scale. The urgency of 
questions regarding the safety of AI for mental health support is not abstract, and 
reports of risks associated with its use are part of the national discourse.

“The question is thus not 

whether these tools have 

value; it is whether that 

value can be realized 

safely and at scale.” 

People are already using AI for mental health, and at scale. In a February 2026 

nationally representative Kaiser Family Foundation poll, 32 percent of U.S. adults 

reported using an AI chatbot for health information in the past year, and 16 percent 
specifically for mental health.7 In a separate survey of 1,805 U.S. adults ages 18– 
49, 35 percent reported using AI tools at least weekly for mental health support.8

Respondents with moderate-to-severe depressive or anxiety symptoms were 1.7 

times more likely to use AI-based mental health support, and those endorsing 
suicidal ideation were more than twice as likely to be heavy users, according to the 
data. Another 2025 study of youth ages 12 to 21 reported that 13 percent use 
generative AI.9 While the usage rates vary by population, it is likely that use will 
only continue to increase.
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Qualitative research clarifies why so many people turn to AI for mental health 
support. In a study that included in-depth interviews of real-world AI chatbot users 
across multiple countries, participants valued AI as an emotional resource that is 
available at any hour, free of judgment, and is unburdened by cost or waiting lists.10

Several described AI mental health support as a stepping-stone toward eventually 

seeking human therapy. A comparative study of more than 1,800 respondents 

found that human therapists were rated significantly higher than AI on emotional 

understanding, personalization, and relational dimensions, though AI was rated 
more favorably on accessibility and affordability.11 These data suggest people are 
turning to AI for many reasons, including practical ones like cost, immediate 
accessibility, and anonymity.

The spontaneous adoption of AI is responsible for both its potential and current 
risks. A systematic review of 160 studies found that only 16 percent of AI mental 
health tools included clinical efficacy testing.12 The most sophisticated tools had the 
thinnest clinical evidence. One expert synthesis characterizes the current state as 

“feasible but fragile,” a field with potential promise operating well ahead of both the 
evidence and the governance infrastructure needed to support it.13 Millions of 
people are engaging in what amounts to an uncontrolled experiment, using a 
technology before clinical evaluation and post-market surveillance are completed.

Therefore, a central challenge posed by AI in mental health and substance use 
disorder care is not technological; it is one of governance, measurement, and 
access. The technology exists and is already in widespread use. What does not yet 
exist is the evaluative infrastructure to identify which applications are safe, the 
regulatory architecture to enforce standards, or the public literacy to support 
informed decision-making. The value of mental health AI will be determined not by 
how capable these tools appear, but by whether they can be shown to be safe and 
helpful for the people most likely to rely on them.

This FY2026 Technical Assistance Coalition policy paper, produced by National 

Association of State Mental Health Directors on behalf of the Substance Abuse and 
Mental Health Services Administration, is part of a series on mental health 
innovations. It examines what AI is, what it can do, and importantly what it cannot 
do. It explains how these technologies work in plain language and introduces a 
framework for categorizing mental health AI applications by risk and automation. 

The paper presents current evidence on AI and mental health services, and 
examines what is known or proposed in a rapidly evolving AI enterprise. Based on 
this information, the paper provides considerations for policymakers as they govern 
responsibly advancing AI into mental health and substance use disorder services.
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AI IN MENTAL HEALTH: 

WHAT LEADERS NEED TO KNOW

Historical Underpinnings of AI
Throughout daily life, we interact constantly with digital systems that use electrical 

circuitry to make simple, precise decisions. A toaster knows when to stop toasting 
based on predetermined settings and an ATM dispenses exactly the requested 
amount. These systems all operate around the same fundamental principle of 
determinism. A deterministic system is one in which a specific input always 
produces the exact same output, without variation.

A useful way to picture a deterministic system is as a bus route. The route is fixed, 

every stop is predetermined, and the bus will always make those stops in that 
order. The bus cannot decide to take a shortcut. Traditional computer code works 

the same way. A computer program can be sophisticated, following conditional logic 
and managing vast databases, but every action it can take must be explicitly 
defined before the system is ever used.

In domains where human safety depends on certainty, this predictability is a 
prerequisite for trust. A well-built dosing calculator will never produce a different 
answer for the same input. But rule-based software that uses deterministic, fixed steps 

does not work as well when the world presents situations (inputs) that cannot be 
anticipated in advance. For example, the way a sentence is interpreted depends on 
who said it, to whom, in what emotional state, and in what context. Encoding all of 
that in advance in rule-based computer programs is simply not possible. This is 

precisely the gap that AI addresses and why it works in a fundamentally different way.

Teaching Machines by Example: Machine Learning 

and the Black Box
Since the clinical rules needed to handle real-world complexity can never be fully 

written down, computer science researchers pursued a different approach. Instead 
of telling a system what to do, they showed it examples and let it figure out the 
rules on its own. This is the central idea behind machine learning, a class of AI in 
which systems learn patterns from data rather than following hand-coded rules. 

Some machine learning systems learn from clearly labeled examples (“dog” versus 

“not dog”). Many modern systems are trained largely with self-supervised 
techniques in which the model learns by predicting parts of its input from other 
parts. In either case, the model derives its own internal rules from data, rather than 
being explicitly told the rules. Large language models, which are covered in the 
next section, operate at a basic level in this way, but on a vastly different scale.
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The result of this machine learning is powerful but also opaque. An AI system can 
find rules that separate “dog” from “not dog,” but those rules are often not legible 
to a human and not related to how a human might do the task. This is what 
researchers call the black box problem: these systems produce outputs without 
legible explanations, and current interpretability methods can only partially open 
that box. This has direct implications for accountability. A traditional software error 
can be traced to a specific line of code and corrected, but a machine learning error 
may be untraceable.

Large Language Models
Large language models (LLMs) are a 
specific and more recent class of machine 
learning that generate open-ended text in 
response to virtually any prompt. These 
models are not scripted but instead use a 
prompt and generate responses based on 
learning from broad exposure to language 
from countless examples. Before LLMs, 
computer science researchers built systems capable of learning statistical patterns 

of language from enormous amounts of text data. These systems learned to predict 
what word would most plausibly follow any given sequence. Type “Mary had a little,” 
and the predicted output almost certainly is “lamb,” not because the system looked 
it up, but because it absorbed the regularity of that phrase across billions of pages 

of text. What distinguished the newest generation of LLMs was that their predictions 

could extend to the next sentence, the next paragraph, and even the next page, 
producing fluid, contextual responses to almost any prompt.

“AI systems are not retrieving 

answers from a verified database, 

consulting any authoritative source 

of truth, or analyzing and making 

judgments in the accountable way 

a clinician does.” 

This is the mechanism underlying every major AI language system in use today. 

These systems do not retrieve answers from a verified database, consult any 
authoritative source of truth, or analyze and make judgments in the accountable 
way a clinician does. They can perform reasoning-like tasks at impressive levels, 

but they do so without professional accountability or guaranteed correctness. They 

are simply completing text, generating the most statistically plausible continuation 
of the input, from patterns absorbed across an enormous body of language data.

“When an AI chatbot (i.e., a system 

designed to converse) says “I 

understand how you feel,” it is 

producing a statistically likely string 

of words, not expressing actual 

comprehension or empathy.” 

Regarding mental health or substance use, 
the models know how to talk, shift tone 
with ease, and produce responses that feel 

genuinely considered. They can also 
confabulate, contradict themselves, 

reproduce embedded biases, and be 
maneuvered into saying things they were 
trained not to say. The utility may be vast, 
but the risks occur when these systems 
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induce users to blindly trust their sophisticated imitation of seeming like a human. 

The word imitation is key as these systems do not have feelings, opinions, or 
awareness. They do not care about the person they are talking to, because they are 
not capable of caring. When an AI chatbot (i.e., a system designed to converse) 

says “I understand how you feel,” it is producing a statistically likely string of 
words, not expressing actual comprehension or empathy.14

The way AI chatbots are trained to imitate has also been cited as partially 

responsible for AI hallucinations: the generation of false or fabricated information 
with complete fluency and apparent confidence. While clinicians who doubts 
whether they know something will acknowledge their uncertainty, research by 

OpenAI shows that LLMs often do not, in part because they were trained on tasks 

that penalize uncertainty and encourage the model to say something rather than 
stating that it does not know.15 In a mental health or substance use disorder 
context, hallucination can include the AI inventing therapeutic techniques that 
sound plausible but are contraindicated, or fabricating clinical citations and offering 
information that reads as authoritative.

What Shapes Any Given AI’s Behavior
Many factors impact how an AI behaves, how much it generates false information, 

and how well it can help people. Below, this paper provides information about what 
common factors shape a generative-AI response. This is further depicted in 
Figure 1, which summarizes how these factors interact across the model life cycle.

Figure 1: What Shapes a Generative-AI Response

The first is model size, often represented as the number of parameters in the 
model. Parameters can be thought of as the model’s capacity to encode patterns 

and learn imitations. Larger models, when paired with sufficient high-quality 
training data, are often able to hold more coherent conversations, make fewer 
mistakes, and handle more complex responses. Model size is distinct from training 
data volume, and both matter independently for performance.
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The second is training data, the body of text a model learned from and the 
assumptions and biases it absorbed. This is sometimes summarized as “junk in, 

junk out,” where if the data a model learns from are flawed, biased, or 
unrepresentative, the model’s outputs will reflect those flaws. A model trained 
heavily on unmoderated internet content learns not only the insights in those 
sources but also their misinformation, stigmatizing language, and contested 
assumptions. For example, research has found that current AI systems reproduce 
and sometimes amplify stigma associated with mental illness, reflecting patterns 

absorbed from sources no responsible clinician would cite.16

The third factor is alignment, the post-training process by which a model’s outputs 
are shaped toward more helpful and less harmful behavior. Alignment mainly 
changes output behavior and refusal patterns (where the model refuses to follow 

the directions of the user, for example, if the user asks about methods for self-

harm), but does not reliably remove the underlying capabilities or harmful 

associations the model learned during pretraining. Rather, much of the harmful 

content absorbed during training remains present and the model has been 
instructed not to share it. A practice known as jailbreaking exploits this gap. By 

rephrasing a request through hypothetical scenarios or fictional framing, a user can 
circumvent alignment restrictions with no technical expertise. Specific examples of 
this failure in self-harm contexts are presented below.17

“These design choices matter 

enormously for mental health 

applications, and they are 

rarely visible to the people 

using these tools.”

Not all AI companies approach alignment in the 
same way. Some have adopted what is known as 

constitutional AI, an approach that embeds 

ethical principles directly into the model’s training 
process rather than applying safety rules only 
after the fact. Others prioritize user satisfaction 
metrics, which can lead to a model that tells 

users what they want to hear rather than what is accurate or safe. These design 
choices matter enormously for mental health applications, and they are rarely 

visible to the people using these tools.

The fourth factor is fine-tuning, the process by which most specialized mental 

health AI products are built. A company takes a general-purpose language model, 

trains it further on clinical or therapeutic content, and markets the result as a 
purpose-built tool. Fine-tuning can improve performance on targeted tasks, but it 
does not neutralize the base model’s limitations. A fine-tuned mental health chatbot 
inherits the hallucination tendencies, embedded biases, and jailbreak vulnerabilities 
of the model it was built on.
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Not all AI systems are built the same way organizationally. Some models are 
developed and held privately by a single company (for example, ChatGPT, 

Claude, Gemini); the internal workings, training data, and design choices are 
proprietary, and outside researchers cannot inspect them. Other models are 

released publicly, with their internal architecture and components made 
available for anyone to examine, modify, or build upon. The distinction matters 

for safety and accountability. Proprietary systems can be updated and 
monitored by their developers, but they cannot be independently audited in 
any meaningful depth. Publicly released models can be scrutinized by the 
research community, but they can also be downloaded and modified by 

anyone, including actors with no interest in safety. Neither approach is 
inherently safe and each carries different risks that policymakers should 

understand when evaluating claims about a product’s trustworthiness. Many 
mental-health-specific models are built on smaller open-weight base models, 

but openness itself does not determine size, capability, or safety.

The fifth factor is engagement optimization. Many AI products are designed at 
the product layer to maximize session length, return visits, and user satisfaction 
ratings. In a therapeutic context, this design choice creates a structural conflict of 
interest. A model optimized to keep users engaged may validate rather than 
challenge distorted thinking, foster dependency rather than autonomy, and 
prioritize what feels comfortable over what is therapeutically appropriate. Some 
companies have been explicit about these goals, for example, in a stated aspiration 
to make AI a child’s “best friend” or a user’s primary social companion. This is not a 
therapeutic objective but rather a business model built on engagement, and it 
raises concerns about the incentive structures underlying these tools. Reports have 
documented Reddit communities of Character.AI users exhibiting withdrawal-like 
distress and behavior changes during service outages of that AI platform.18

Emerging data also suggest that long conversations with AI, spanning thousands of 
messages, are most likely to result in harm, perhaps as the safety guardrails built 
into AI systems weaken over such extremely long conversations.19

The sixth factor is user input. The same model can produce meaningfully different 
responses depending on how a question is phrased, what context surrounds it, and 
what emotional state the person is in.20 Much of the research on user input is done 
in heavily controlled research environments that may not be generalizable to, for 
example, a person in acute distress at 2 a.m. Recent research has shown that the 
results an AI system produces in the real world differ significantly from those the 
same model produces when tested in a lab.21 This suggests that AI digital literacy 

and training are critical to ensuring these tools are used in the safest and most 
effective manner, a topic explored further below.
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Why AI Systems are Difficult to Evaluate
Identifying which AI tools are safe and effective is harder in the mental health 
domain than in almost any other clinical domain. In radiology, AI outputs can be 
checked against objective findings. In mental health, there is no equivalent because 
each person’s experience of illness can be meaningfully different. A response that 
leaves one user feeling validated may reinforce a harmful pattern of thinking in 
another.

The field’s current evaluation approach relies primarily on benchmarking, the 
practice of evaluating AI systems against standardized assessments, typically in the 
form of clinical multiple-choice questions. On these evaluations, leading models 

perform impressively, in some cases approaching expert-level scores. The problem 
is that exam performance and clinical competence are not the same thing. In one 
randomized study, users given access to a leading AI system were no more 
accurate at identifying medical conditions or selecting appropriate care actions than 
a control group without AI access, despite the system achieving near-perfect scores 

when tested in isolation.22 A systematic review of 519 studies found that nearly half 
used exam-style formats and only 5 percent used real patient data.23 Another 
challenge is that many of the same teams that build AI models are now creating 
their own benchmarks and, not surprisingly, passing their own tests with high 
scores. Research suggests that even with the right evaluation for AI, the way the 
test is administered can change the scores, in a manner analogous to how human 
test scores vary with administration conditions.24

A FRAMEWORK FOR POTENTIAL AI USES IN 

MENTAL HEALTH AND SUBSTANCE USE 

SYSTEMS

Not all applications of AI in mental health carry the same stakes, and not all are 
equally suited to do what other systems can do. A tool that drafts clinical notes 
poses fundamentally different risks than one that responds to a person in suicidal 

crisis. Treating these as comparable obscures the distinctions that matter most for 
responsible use and governance.
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Key Terms

AI Hallucination: the confident generation of false or fabricated information by 
an LLM. Produced by the same mechanism as accurate information and 
indistinguishable from it in presentation.

Alignment: the post-training process of shaping a model’s outputs toward more 
helpful and less harmful behavior. Changes what a model tends to say but does 
not reliably remove what it has learned.

Benchmarking: evaluating AI performance against standardized assessments. 

Current benchmarks test under narrow, idealized conditions that poorly correlate 
with real-world clinical performance.

Determinism: the principle that the same input always produces the same 
output. The operating logic of traditional software, fully rule-based, predictable, 
and auditable.

Fine-tuning: additional training of a general-purpose model on specialized 
content. Improves performance on targeted tasks but does not neutralize 
inherited limitations.

Jailbreaking: circumventing alignment restrictions through rephrasing or 
hypothetical framing. Requires no technical expertise.

Large language model (LLM): a machine learning system trained to predict 
and generate text across billions of pages. The technology underlying ChatGPT, 

Claude, Gemini, and similar systems. Capable of open-ended conversation but 
generating responses through pattern completion rather than verified reasoning.

Machine learning: a class of AI in which systems learn patterns from data 
rather than following hand-coded rules. Behavior cannot be fully predicted from 
inspecting the system’s internal workings (the black box problem).

Training data: the body of text a model learned from; the source of both the 
model’s capabilities and its embedded biases.

To organize the applications discussed throughout this paper, we propose a simple 
two-dimensional framework. The first dimension is clinical risk: the potential for 
harm if the AI system performs poorly or fails unexpectedly. The second dimension 
is ease of automation: the degree to which a task can be performed reliably by 
current AI given its known strengths and limitations (Figure 2).
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Figure 2: Risk and Automation Framework
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• Clinical notes/documentation 
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Together, these two dimensions produce four broad quadrants. In the low-risk, 

easier-to-automate quadrant sit administrative applications such as documentation, 

scheduling, and workflow tasks. In the low-risk, harder-to-automate quadrant are 
tasks such as clinical training simulations. The high-risk, easier-to-automate 
quadrant includes psychiatric bed management and symptom screening, tasks AI 
can perform at a functional level, but where errors may carry direct clinical 

implications. In the high-risk, hardest-to-automate quadrant sit open-ended 
therapeutic conversation, crisis intervention, and ongoing emotional support— 
functions within the AI applications many individuals already utilize.

As new AI examples emerge, understanding where they fit in this simple framework 

is critical. For example, a company using AI for medication refills could view this 

activity as low risk, but others could view this as a high-risk activity. This 
framework is not a taxonomy of what should or should not be built. Rather, the 
framework is instead a guide to proportionality on the rigor of evaluation, the 
strength of regulatory oversight, and the transparency demanded of developers to 
correspond to the level of risk an application carries. Note the examples in Figure 2 
provided does not represent all possible use cases for AI.
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OPPORTUNITIES: WHAT AI CAN DO WELL

System-Level and Administrative Applications
Administrative applications are the lowest-risk and most immediately deployable AI 
applications for mental health condition and/or substance use disorder services. 

Documentation, note-taking, electronic health record analysis, and workflow 

automation sit in the low-risk, easier-to-automate quadrant of the risk-automation 
framework. These tasks involve processing, organizing, and summarizing text, 
which are precisely what LLMs do best, and errors are typically reviewable by a 
clinician before reaching a patient.

AI-assisted clinical documentation is already used across many health systems. This 
includes tools that generate draft progress notes from recorded therapy sessions, 

pre-populate treatment plans from intake forms, or summarize lengthy patient 
histories. However, early evidence suggests the time savings may be modest. 
Preliminary findings from clinical settings indicate that AI note-taking tools may 

save clinicians less than one minute per encounter, on average.25 The future of AI 
scribes is thus in question, not because they do not work, but because they may 
not always justify their costs if quantified solely in terms of productivity. Their 
future likely depends on expanding beyond transcription into new offerings that 
save more substantial time, such as automating tasks that do take substantial time, 
such as prior authorization. 

Importantly, even these low-risk applications are not without challenges. A May 

2026 report from Canada highlighted that AI scribes can and do make errors.26

Infrastructure and integration costs will challenge sustainability at scale, particularly 

for community behavioral health settings with limited funding. While data are 
scarce, the costs of running LLMs for healthcare administrative tasks may be higher 
than suspected, and published research offers striking data showing that costs for a 
medium-sized healthcare system can reach the millions of dollars.27 One analysis of 
generative-AI deployment in a large healthcare system found that general-purpose 
commercial models were less accurate than locally developed alternatives while 
incurring significantly higher costs and processing times.28 Implementation 
decisions about which models to use, how to integrate them, and who bears the 
cost of ongoing maintenance are not trivial. Privacy and confidentiality issues also 
may be a consideration as some patients may not want AI being used for note-

taking and should be informed of this process. Still, using AI for administrative 
tasks represents the clearest near-term opportunity because the risks are limited 
by the methodologies, efficiencies can likely be refined and improved, and the 
oversight requirements are manageable.
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Clinician-Facing Applications
A second category of applications supports clinicians directly, augmenting 
professional judgment rather than replacing it. These sit across mixed quadrants in 
the risk-automation framework, carrying moderate clinical implications but 
remaining under the supervision of a licensed provider.

One emerging area is generative psychometrics, which uses LLMs to generate, 

refine, and validate mental health assessment items at scale. The advantages of an 
LLM performing an initial psychiatric evaluation are the time saved, but it is not yet 
clear whether those results and formulations will be valid and useful. A recent 
commentary describes the promise of this approach while cautioning that without 
transparent validation, AI-generated measures risk embedding bias and instability.29

This represents a case where the tool’s value depends entirely on the quality of the 
oversight surrounding it.

Another application involves integrating AI with behavioral and sensor data from 
wearables and smartphones. Digital phenotyping captures behavioral signals that 
self-report cannot, including patterns in sleep, movement, phone usage, and social 
interaction. Today, most people have a smartphone that automatically captures 

behavioral metrics. But few clinicians have the time or training to read through 
weeks of steps, sleep, and screen time data. LLMs are increasingly used to interpret 
these multimodal data streams, identifying patterns that might indicate early 

deterioration or treatment response.30,31 Here, the AI is functioning as an analytical 
tool within a clinical workflow, not as a patient-facing product, keeping the clinician 
as the decision-maker.

The common thread across clinician-facing applications is the human-in-the-loop 
principle where AI provides information and a clinician interprets it. This structure is 
designed to reduce risk, because the model’s errors are filtered through 
professional judgment before reaching the patient. However, a 2026 paper on 
human-in-the-loop for health care suggested that today it may offer more symbolic 
reassurance than substantive protection as the role of the human-in-the-loop is still 

poorly defined or understood.32

Patient-Facing Applications
The most discussed and most high-risk category involves tools that interact with 
patients directly, including those delivering psychoeducation, self-help content, 
coping skill reinforcement, and even therapy. These sit in higher-risk quadrants 

because errors are not filtered through a clinician before reaching the user.

For populations with limited access to care, AI-delivered psychoeducation can 
provide accurate information about symptoms, treatment options, and coping 
strategies at a scale traditional services cannot match. AI tools may offer 
communication styles and pacing that feel more accessible than conventional 

Artificial Intelligence in Mental Health Services: Opportunities, Challenges, and 
Future Directions 15



therapy as they can be more individually tailored for pace, tone, type of voice, and 
reading level, which may be helpful for individuals with unique 
social/emotional/intellectual capacities. While data on why people seek out AI for 
therapy-related services are still emerging, accessibility and affordability appear to 
be driving factors.

Several randomized trials have been conducted on these person-facing therapy-like 
chatbots, but to date the scientific quality of the evidence has been low (Figure 3). 
For example, one randomized controlled trial of a generative-AI therapy chatbot 
showed promising results when the chatbot group was compared with a waiting list 
control group.33 However, in an age where people have easy access to apps, AI, and 
self-help tools, the need for studies that compare AI with active digital comparators 

rather than no treatment is critical for both scientific and ethical rigor. A pilot study 
published in April 2026 randomized participants to ChatGPT versus a mental-health-

specific AI application and found no difference between the two, highlighting the 
need for more rigorous research.34 Whether AI-delivered support produces durable 
improvements, how it compares with evidence-based treatment, and what harms 

may accumulate over time remain open questions. 

The cumulative evidence base for patient-facing AI in mental health suggests that 
these tools may have a positive but small effect size,35 perhaps in line with what 
can be expected from smartphone apps. Still, comparisons with other interventions 

need to be drawn carefully. 

Figure 3: Current Evidence Across Major AI Application Categories
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Digital Literacy and Workforce Readiness
One of the most important and least discussed factors shaping outcomes in AI 
mental health use is digital literacy, which is defined as the ability to understand 
what these tools are, how they work, what they can and cannot do, and how to 
interact with them safely. A person who understands that an AI chatbot is a 
statistical text-completion engine will interact with it differently than someone who 
believes it is a sentient being that genuinely cares about them. That distinction, as 
the safety incidents documented below illustrate, can be the difference between 
helpful use and serious harm.

Pew Research Center surveys have found that while 95 percent of American adults 

have heard at least something about AI, only about a quarter of teens report being 
highly confident in their ability to use AI chatbots effectively.36,37 As one mental 
health policy expert with lived experience observed, many legislators themselves 

openly acknowledge that they do not understand the technology they are being 
asked to regulate, leading to legislation without considering the nuances of how 

technology actually functions in young people’s lives.

The digital literacy gap is not evenly distributed. People who are more likely to 
interact with AI without understanding its risks or limitations include people in 
behavioral health crisis, people with limited education, people who lack access to 
digital tools and/or broadband,38 older adults, and people in impoverished 
communities with no access to positive support figures or mental health literacy. 
These are often the same populations most likely to turn to AI for mental health 
support because they face the greatest barriers to accessing human-based 
behavioral health care.

One promising model for addressing the digital literacy gap is the digital 

navigator approach, in which trained team members within healthcare settings 

provide direct, hands-on support to patients in selecting, using, and evaluating 
digital mental health tools. Research from the Society of Digital Psychiatry has 

identified digital navigators, along with clinician education and AI evaluation 
platforms, as a three-pronged strategy for responsible digital mental health 
deployment.39 Others describe the evolving role of digital navigators in bridging the 
gap between digital tool availability and real-world usability, noting that self-help 
digital tools offer limited effectiveness without some degree of human support.40

The digital navigator model recognizes that simply making technology available is 
not enough—people need guidance to use it in ways that are genuinely beneficial. A 

parallel publication further reinforces that many patients, clinicians, and health 
systems lack the skills and confidence required to use digital mental health tools 

safely and effectively.41
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A complementary effort to formal navigator programs involves developing publicly 
accessible AI literacy curricula that members of the public, clinicians, students, and 
policymakers can use directly. One example is the AI Digital Literacy Initiative, an 
open, multi-domain curriculum designed as a companion resource to the issues 
discussed in this paper. The curriculum walks nontechnical audiences through how 

LLMs actually function; how they are trained; how their outputs are generated 
probabilistically rather than from understanding; their common failure modes such 
as hallucination, sycophancy (i.e., how AI models are programmed to validate and 
support the user’s views), and inconsistency; and how safety guardrails do and do 
not work in practice.

Digital literacy is also an essential component for the behavioral health workforce. 

Workforce readiness should include a basic understanding of how AI systems 
function, recognizing their capabilities and limitations and how to apply tools in an 
appropriate way, if applicable. All clinical professionals, including psychiatrists, 
psychologists, social workers, counselors, nurses, and others will need training 
around digital literacy that includes understanding how patients and 
caregivers/family may use AI models or mental-health-specific AI tools. Workforce 
education should also prepare clinicians to discuss AI use with patients and families, 

including helping young people evaluate digital mental health tools, understand 
privacy risks, recognize misinformation, and use AI responsibly and not as a 
replacement for professional care. Integrating AI and digital literacy into 
professional education, continuing education, licensure, and workforce development 
initiatives will help ensure that clinicians are prepared to safely incorporate 
emerging technologies while maintaining high standards of patient-centered, 

evidence-based care.

RISKS, LIMITATIONS, AND SAFETY 

CONCERNS

Safety and Real-World Harms
The risks of AI in mental health are not theoretical. A growing record of 
documented harms shows what happens when these tools are deployed without 
adequate safety infrastructure.

The pattern began publicly in 2023, when the National Eating Disorders Association 
pulled its chatbot Tessa after it gave harmful dietary advice to people with eating 
disorders. Since then, multiple lawsuits have alleged that AI chatbots contributed to 
user deaths, often involving teenagers in mental health crises. Common allegations 

across these cases include that the systems failed to recognize suicidal ideation, did 
not redirect to crisis resources, and in some instances, actively discouraged users 

from seeking help from family or professionals. By early 2026, families in multiple 
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states had filed suit; Kentucky became the first state to take legal action against an 
AI company over these harms, and Pennsylvania sued an AI company for posing as 
a medical professional.

Beyond individual cases, consistent risk factors are emerging. An analysis of chat 
logs from 19 users who reported AI-related harm found that harmful conversations 

were typically thousands of messages long, that all users attributed sentience to 
the chatbot, and that most developed emotional or romantic attachment to it.42 The 
widely reported April 2026 case in which a user exchanged more than 4,000 

messages with a chatbot before his death reinforces this pattern.43

Additional safety concerns exist for children and adolescents, who may develop an 
unhealthy reliance on AI companions for emotional support. AI interactions can 
reinforce social isolation or create unrealistic expectations about relationships. 

Excessive AI use can also reduce help-seeking from trusted adults, peers, or 
professionals. According to a nationally representative survey, nearly one in five 
adolescents and young adults are using chatbots for mental health help when 
feeling stressed, angry, or sad.44 More than 60 percent had not told anyone that 
they were receiving help from chatbots.

A separate concern is “AI psychosis.” Current evidence does not establish that AI 
use causes new-onset psychosis or schizophrenia. However, emerging case analyses 

suggest AI can amplify or shape delusional thinking in vulnerable users.45 A useful 

descriptor proposes that LLMs can act as catalysts, amplifiers, coauthors, or objects 
of delusion, each carrying different clinical implications.46

Notwithstanding the risks, the foundational AI models do appear to be improving. 
An April 2026 review of AI psychosis explored the latest models and noted 
“OpenAI’s achievement with GPT-5.2 is substantial. The model did not simply 

improve on 4o’s safety profile; within this dataset, it effectively reversed it.”47 This 
raises the question of whether the newest models will be proven to be safer, and, if 
so, whether the foundational AI models will soon be safer than mental health-

specific AI models? More research is needed but the trend must be closely followed.

While the broader evidence does not establish that any LLMs are safe at this time 
for patient-facing therapy-like functions, it does establish that safety is complex and 
has the potential to improve. Yet the evidence also raises a question regarding 
acceptable levels of error that policymakers must eventually face. And when an AI 
system causes harm, the questions of liability and consequences remain largely 

unanswered.

Reliability
Beyond acute safety failures, AI patient-facing systems have reliability problems 

that undermine their clinical utility. As described previously, these systems produce 
confident output whether correct or not. Diagnostic accuracy is uneven across 
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conditions. LLMs can exhibit significant stigma toward mental health conditions, 

reflecting patterns absorbed from training data sourced from unmoderated internet 
content.48 One study documented systematic ethical violations across leading AI 
systems, including deceptive empathy (appearing to understand emotions the 
system cannot experience), poor crisis management, and discriminatory response 
patterns that varied by the user’s described demographics.49

These reliability problems are compounded by the systems’ opacity. When a model 

produces a harmful output, it is often difficult to determine why. An instructive 
illustration of these reliability challenges emerged in early 2026, when an 
independent safety evaluation of OpenAI’s ChatGPT Health tool was published. 50 

The system was designed to direct users to the 988 Suicide & Crisis Lifeline in high-

risk situations, but its 988 Lifeline recommendations activated inconsistently, 
sometimes triggering in lower-risk scenarios while failing to appear when users 

described specific plans for self-harm.

Human Oversight and Accountability
The phrase “human-in-the-loop” appears frequently throughout discussions of AI 
safety because having a human review AI outputs before they reach a patient is 
one of the most effective safeguards available. But the concept deserves closer 
scrutiny, as it is only as effective as its implementation.

In many consumer AI platforms, the 
humans tasked with reviewing flagged 
content, including messages that indicate 
suicidal ideation or self-harm, are not 
licensed clinicians. They are often 
temporary workers, contractors with 
minimal training, high caseloads, and no 
ongoing support for the psychological toll 

of reviewing deeply distressing content. If 
we are going to rely on human-in-the-loop 
oversight as a safety mechanism, then the 
humans in that loop need regulation too, 

such as minimum training requirements, ongoing clinical supervision, manageable 
caseloads, access to their own mental health support, and accountability structures 

that match the gravity of the role they are being asked to perform.

“If we are going to rely on human-

in-the-loop oversight as a safety 

mechanism, then the humans in 

that loop need regulation too, such 

as minimum training requirements, 

manageable caseloads, access to 

their own mental health support, 

and accountability structures that 

match the gravity of the role they 

are being asked to perform.”

Privacy, Security, and Data Governance
Users may share more with AI than with a person, disclosing symptoms, traumas, 

and personal struggles they would not bring to a human provider. However, most 
people have no idea where the information they share with AI goes. The vast 
majority of consumer AI mental health tools are classified as “wellness” products, 

placing them outside the protections of Health Insurance Portability and 
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Accountability Act and other state, territorial, and federal-level health data 
regulations. Users falsely assume their conversations are protected; but in practice, 
data may be stored indefinitely, used for model training, or shared with third-party 
advertisers.51 When a service is free, the user’s data are often the revenue stream, 

and in mental health contexts, those data are extraordinarily intimate.

Even AI products that make mental health-related claims or that perform functions 

closely resembling therapy deliberately brand themselves as “wellness” tools to 
avoid regulatory obligations. This labeling strategy allows companies to sidestep 
requirements for informed consent, data protection, and clinical oversight that 
would apply if the same service were classified as a health product. For users, the 
distinction between a “wellness chatbot” and a therapy tool is invisible. People in 
emotional distress will reach out for help regardless of the quality or safety of the 
care available to them. That vulnerability does not excuse the failure to protect 
them, but amplifies the obligation to do so.

Prompt injection, a technique in which carefully crafted user inputs manipulate 
the model into ignoring its safety instructions, has been demonstrated to 
compromise AI systems providing medical advice.52 For example, soon after the 
first AI prescriber chatbot was deployed in Utah, security researchers demonstrated 
a jailbreak in which the chatbot could be coaxed into reclassifying 
methamphetamine as therapeutic and steered toward methamphetamine-related 
guidance. Jailbreaking, as discussed previously, can bypass safety guardrails with 
surprising ease. In suicide and self-harm contexts specifically, researchers 

demonstrated that safety mechanisms in six widely available LLMs were reliably 

bypassed through simple contextual reframing, such as framing harmful requests as 
academic research. The models produced detailed, personalized harmful content, 

including specific methods and dosage information.53

Privacy-preserving approaches to AI in mental health do exist, but adoption 
remains minimal.54 One research team studying these privacy policies found that 
most privacy policies were anything but comprehensive when it came to 
understanding how AI developers were using consumer information.55 The 
surveillance implications extend beyond individual privacy. Keystroke logging, 

behavioral tracking, and sentiment analysis are already embedded in many digital 
platforms, and AI integration only deepens these capabilities. These privacy risks 
affect everyone.

Benchmarking
Current benchmarks (evaluations) test AI in narrow, idealized conditions. As noted 
above, a systematic review found that of 519 studies evaluating LLMs in health 
care, approximately 44.5 percent used exam-style question formats, and only 5 

percent used real patient data.56 A randomized trial provided a striking illustration 
of this disconnect: the AI systems tested achieved near-perfect accuracy when 
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evaluated in isolation (94.9 percent on condition identification), yet real human 
users with LLM access performed no better than controls, identifying conditions 

correctly in fewer than 34.5 percent of cases.57 Benchmark performance, in short, 

does not predict real-world outcomes. This is not to suggest benchmarks are 
without value, as understanding how a system performs under ideal circumstances 

is critical, but it is not by itself sufficient to engender trust.

Vendor-produced benchmarks raise particular concerns. When a company designs 

the evaluation framework, tests its own product, and publishes the results, conflicts 

of interest are structural.

Independent, context-aware benchmarking is needed. One promising example, 

developed by the authors and colleagues, is MindBench.ai, a platform created in 
partnership between Beth Israel Deaconess Medical Center and the National 

Alliance on Mental Illness that evaluates LLMs across multiple dimensions: technical 

profiles, conversational dynamics, crisis response, psychopharmacology knowledge, 

and clinical reasoning.58,59 The goal of mindBench.ai is not to say any AI is better or 
worse than another, but rather to provide data on the questions that users may 

want to know more about to make an informed decision, such as its privacy policy 

or response to questions of self-harm.

REGULATION AND POLICY LANDSCAPE

Most major regulatory regimes, including those governing pharmaceuticals, 
aviation, telecommunications, and financial services, were not built in advance of 
the industries they oversee. Similarly, a unified federal framework in the United 
States, while desirable in principle, is unlikely to emerge before the technology is 

already deeply embedded in clinical practice.

This pattern means that states and territories have an outsized role in the early 
stages of regulating any new technology. State policymakers sit closer to the 
populations affected and have greater latitude to experiment with novel 

approaches. Some of those experiments will succeed and some will fail, but state-

level activity is the mechanism by which the country tests what works before 
federal standards eventually consolidate the lessons learned. AI in mental health is 
currently in this early experimental phase, and state mental health leaders are 
increasingly being asked to weigh in on rules, laws, and funding related to its use, 

as will be reviewed below.

It is also worth recognizing that many of the rails needed to govern AI already exist 
in some form. Federal and state consumer protection statutes, false advertising 
laws, professional licensing frameworks, and unfair business practice rules all 
predate AI but apply to it. The Federal Trade Commission, for example, has existing 
authority to act against deceptive marketing of AI products that overstate clinical 
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benefit. State attorneys general can pursue consumer fraud cases against 
companies that misrepresent what their tools do. Health professional licensing 
boards can discipline clinicians who deploy AI inappropriately. None of these 
mechanisms is sufficient on its own, and each has gaps when applied to a 
technology this novel, but they are useful starting points that do not require new 
legislation. Enforcement priorities can also shift through executive policy directives, 
meaning that the same statutes can be applied very differently depending on the 
administration. Effective AI policy will likely combine activating existing legal 

authorities with carefully developing new, AI-specific rules where existing 
frameworks fall short.

Federal Actions
As of June 2026, no LLM-based therapy chatbot appears to have received 
authorization from the U.S. Food and Drug Administration (FDA). The FDA’s list of 
more than 1,300 AI-enabled medical devices at the time of writing includes 

products in cardiology, radiology, and neurology, but on that AI/machine-learning-

enabled devices list the number approved for primary psychiatric use is zero.60

(Several FDA-cleared digital therapeutics for psychiatric and substance use 
conditions exist outside that AI/machine-learning-specific list.) Therapy-like AI 
functions are increasingly treated as potential medical devices, but enforcement 
remains highly fragmented across federal agencies.

The regulatory landscape involves multiple overlapping jurisdictions. The FDA has 
approached AI regulation through its Predetermined Change Control Plan and Total 

Product Life Cycle models, which place significant trust in manufacturers to self-

regulate. A more rigorous model, drawn from pharmaceutical regulation, would 
combine pre-market review, in which a product must pass a defined set of safety 
and efficacy tests before it can be marketed, with post-market surveillance, in 
which the regulator continues to monitor adverse events, audit safety data, and 
require corrections after the product is in use. Both halves of this approach are 
essential and largely missing in the current AI regulatory architecture. The Federal 

Trade Commission, operating under its consumer protection mandate, launched a 
formal inquiry in September 2025 into seven companies operating AI companion 
chatbots, focusing on potential harms to children (to date this remains a study and 
information-gathering inquiry rather than an enforcement action). The Centers for 
Medicare and Medicaid Services (CMS) introduced new reimbursement codes for 
digital mental health treatment in 2025, but eligibility requires FDA clearance, 
creating a circular dependency given the FDA’s current posture.61 In 2026, the new 
CMS ACCESS/FDA Tempo Model opened a new avenue to fund mental health AI, 

although the impact of the program is not yet known given its nascency.
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State Policy Developments
In the absence of coherent federal action, states have become the primary arena 
for mental health AI regulation. A 50-state legislative review published in 2025 

identified 793 state bills introduced between 2022 and 2025 with relevance to AI in 
health care, of which 143 were potentially impactful to mental health AI; 20 of 
these were enacted across 11 states (Figure 4). 62 The pace of legislative activity 
has accelerated rapidly.

Figure 4: Number of Mental Health AI Related Bills Introduced by State 
(2022–2025)

Shumate, J. N., Rozenblit, E., Flathers, M., Larrauri, C. A., Hau, C., Xia, W., Torous, E. N., & 

Torous, J. (2025). Governing AI in mental health: 50-state legislative review. JMIR Mental 

Health, 12, e80739. https://doi.org/10.2196/80739

Illinois enacted the Wellness and Oversight for Psychological Resources Act, signed 
into law on August 1, 2025, and effective immediately. It is among the first state 
statutes, and one of the most explicit, regulating AI in psychotherapy. The law 

prohibits unlicensed AI from delivering therapy, bars AI from making independent 
therapeutic decisions or detecting emotions without licensed professional oversight, 

requires written consent for AI use in session recording, and imposes civil penalties 

of up to $10,000 per violation. AI may still be used for administrative tasks such as 

scheduling and billing.63 The Illinois approach is also notable for the way it addresses 

the wellness loophole described previously. Rather than relying on the marketing 
label a company chooses for its product, the statute focuses on the function the 
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product performs. If a tool delivers therapy, it is regulated as such, regardless of how 

it is branded.

California enacted SB 243, signed October 13, 2025 (effective January 1, 2026), 

regulating AI “companion chatbots” by requiring AI disclosure, suicide prevention 
protocols, and specific protections for minors, including activity break reminders. 

The law provides a private right of action with injunctive relief, the greater of actual 

damages or $1,000 per violation, and reasonable attorneys’ fees and costs; annual 

safety reporting to the Office of Suicide Prevention begins July 1, 2027. New York 

enacted complementary AI companion legislation that took effect November 5, 

2025, requiring notifications that AI companions are not human, safety protocols 

for suicidal ideation, and penalties up to $15,000 per day.64 New York has 
separately moved to establish explicit corporate liability for certain AI models that 
cause mass harm through other AI safety legislation, signaling a willingness to 
assign legal responsibility directly to developers rather than only to operators or 
users. Neither the California nor New York companion statute directly regulates 

clinical mental health services; both target consumer AI companion products. This 
distinction matters, as many of the highest-risk AI tools fall outside even these new 

regulatory frameworks.

California has also experimented with a different regulatory tool: the affirmative 
defense, sometimes called a safe harbor. Under this approach, companies that 
comply with a defined set of best practices gain protection from certain categories 

of lawsuits, even if harm later occurs. The intent is to give responsible developers a 
clear standard to meet and a reason to invest in compliance, while preserving 
liability for companies that ignore the rules. A separate California proposal would 
require AI companies to report flagged indicators of suicidal ideation, although it 
would not require those reports to be made public. Today, companies are under no 
general obligation to disclose such data, which means that millions of crisis-

adjacent interactions are taking place inside systems that no regulator can see. The 
state often does not even know whether a dangerous AI system is operating within 
its borders. This invisibility is one of the most pressing barriers to evidence-based 
regulation, and reporting requirements of the kind California has proposed are 
among the simplest interventions available to address it.

Another regulatory route states have begun to consider is the use of professional 

licensure as a lever. Because states already license clinicians and have well-

developed frameworks for sanctioning licensees who engage in unsafe practice, 

there is real appeal to extending those frameworks to cover AI use. A clinician who 
deploys an AI tool inappropriately could face licensure consequences. The 
advantage is that the regulatory infrastructure already exists. The disadvantage is 
that this approach places the burden of compliance on individual licensed 
professionals while leaving the wellness-branded AI companies, which are the 
source of many of the highest-risk products, largely outside the regulatory 

perimeter. Used in isolation, professional-licensure regulation risks blaming the 
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most accountable users while allowing the least accountable companies to continue 
operating unbound. It is most useful as one element of a layered approach rather 
than the primary regulatory strategy.

A notable and concerning pattern across state legislation is the frequent absence of 
clinician, patient, or technical input in the lawmaking process. Many bills have been 
drafted and enacted with minimal consultation from psychiatrists, psychologists, social 

workers, or people with lived experience of mental health conditions. Some legislators 

have openly acknowledged that they do not understand the technology they are being 

asked to regulate, and the resulting policy sometimes reflects that gap.65

International Context
Two international developments provide useful reference points. The European 
Union’s AI Act (Regulation 2024/1689) establishes a risk-based framework in which 
AI systems used in health care as medical devices are classified as high risk and 
subject to stringent requirements, including risk management, data governance, 

transparency, and human oversight. Article 5 of the Act prohibits AI systems that 
exploit vulnerabilities based on age, disability, or a specific social or economic 

situation. A separate provision addresses emotion-recognition systems and contains 
a narrow medical and safety exception. Penalties for violations can reach 35 million 
euros or 7 percent of annual global turnover.66 The EU model represents a 
centralized, ex ante approach: defining categories of risk, attaching corresponding 
obligations, and applying them uniformly across member states.

The World Health Organization’s foundational ethics guidance for AI in health, 

originally articulated in 2021 and reaffirmed in updated guidance on large 
multimodal models published in January 2024, identifies six core principles: 

protecting autonomy, promoting well-being, ensuring transparency, fostering 
accountability, ensuring equity, and promoting AI that is responsive and 
sustainable.67

The United Kingdom has taken a different approach, establishing the AI Security 
Institute to evaluate frontier AI systems. In one notable development, an AI 
company withdrew its therapy chatbot from the UK market in January 2026, an 
early example of regulatory and product-classification concerns shaping market 
behavior.68

Key Considerations for Behavioral Health Leaders
For state policymakers and mental health leaders, several principles can guide 
responsible action.

1. Match oversight to risk.

Administrative AI requires different governance than patient-facing AI. The

framework introduced above provides a starting point, as low-risk
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applications warrant oversight focused on data governance and accuracy, 

whereas high-risk applications, particularly those involving direct patient 
interaction, demand independent safety testing, transparent adverse-event 
reporting, and clear accountability structures. The first regulatory priority 

should be prohibiting the most dangerous uses, then building evaluation 
infrastructure incrementally.

2. Activate existing legislative authorities before building new ones.

Many of the harms documented in this paper can be addressed, at least in 
part, through legislative frameworks that already exist. Consumer protection 
statutes can be applied to AI products that misrepresent their clinical benefit. 
False advertising and unfair business practice laws can reach the wellness 
loophole when companies brand therapy-functional tools as something else to 
evade regulation. The FTC’s 2025 inquiry into AI companion chatbots is an 
example of an existing federal authority being directed at a new harm 
without new legislation. State attorneys general have similar authority under 
state consumer protection laws. Activating these existing rails should be a 
near-term priority, both because it can move faster than new statute writing 
and because it builds the case record that will inform any subsequent 
legislation.

3. Address the system, not just the output.

AI is not a single product; it is a pipeline with multiple components, each of 
which can introduce risk. The training data that form the foundation of a 
model, the optimization functions that shape its behavior, the privacy and 
data collection practices that surround its use, the quality of its outputs, the 
benchmarks used to evaluate it, and the ethical framework (or lack thereof) 

guiding its development are all distinct points of potential failure. Effective 
regulation should address each of these components individually rather than 
treating the system as a monolithic entity. When training data are corrupted 
or biased, the model has no way of knowing; when optimization functions 

prioritize engagement over safety, the resulting behavior is predictable and 
preventable. Component-level oversight provides both specificity and 
durability that product-level regulation cannot.

4. Combine pre-market review with post-market surveillance.

The pharmaceutical regulatory model offers a useful template. Pre-market 
review establishes a baseline of safety and efficacy before a product reaches 
users. Post-market surveillance monitors for adverse events that emerge 
only at scale or over time. Both halves are essential. Pre-market review 

without ongoing surveillance allows products that pass initial testing to drift 
unsafely once deployed. Post-market surveillance without pre-market review 
allows preventable harms to occur during the period when the most basic 
safety questions could have been answered up front. AI in mental health 
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currently lacks both, and building both is one of the more concrete near-term 
regulatory priorities for states and federal agencies alike.

5. Focus on transparency from vendors.

AI companies should disclose what training data their models were built on, 

what safety testing they have conducted, how adverse events are tracked 
and reported, and whether user data are used for model training or shared 
with third parties. The current practice of allowing companies to self-certify 
safety through proprietary benchmarks is insufficient. Independent, third-

party evaluation should be a prerequisite for any AI tool marketed for mental 
health use, similar to the role the FDA plays for pharmaceutical products.

6. Develop reporting of mental health crisis indicators.

The most basic precondition for evidence-based policy are data, and at 
present, AI companies are under no general obligation to disclose how often 
their systems detect indicators of suicidal ideation, self-harm, or acute crisis. 
Millions of such interactions occur every week inside systems that no 
regulator can see.69 Mandatory, standardized reporting of crisis indicators, 

even on an aggregated and de-identified basis, would give state authorities 

and researchers their first reliable view into where harm is concentrated and 
how it is changing over time. California’s proposal in this area is an early 

example of what such a requirement could look like.

7. Invest in realistic, context-aware benchmarking.

Platforms like MindBench.ai and frameworks like the tripartite evaluation 
model provide templates for what standardized, independent evaluation can 
look like.70 State investment in supporting and expanding these tools would 
create shared infrastructure that benefits the entire behavioral health 
system. Vendor-controlled benchmarks with undisclosed conflicts of interest 
should not be accepted as evidence of safety. 

8. Develop clear AI disclosure and meaningful age verification.

At minimum, any AI system interacting with users should disclose that it is 
AI, not a human. This is one of the simplest regulatory interventions 

available and is already required under several state laws. Beyond disclosure, 

tools that perform functions resembling therapy should not be permitted to 
evade clinical oversight requirements by branding themselves as “wellness” 
products. For platforms accessible to minors, robust age verification should 
be a baseline requirement, not a voluntary feature. Current self-reported age 
gates are trivially easy to bypass and provide no meaningful protection for 
the populations most vulnerable to AI-related harms.

9. Build digital literacy among staff and the public alongside deployment.

People already using AI for mental health support need the knowledge to do 
so as safely as possible. Public education about what these tools can and 
cannot do, how to recognize hallucinated information, when to seek 

professional help, and the critical understanding that AI is not a sentient
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companion but a statistical system, is a necessary complement to any 

regulatory framework. Investment in digital navigator programs, school-

based AI literacy curricula, and community education efforts should be 
treated as core components of mental health AI policy, not afterthoughts.71

10. Develop error logs and adverse-event reporting.

Every AI system operating in a mental health context should be required to 
maintain transparent error logs that are subject to independent review. 

Errors should never be hidden. Just as the pharmaceutical industry is 

required to track and report adverse events, AI companies operating in 
mental health should face equivalent obligations. These logs should include 
not only system malfunctions but also instances in which safety mechanisms 

were triggered, overridden, or bypassed, providing the data infrastructure 

necessary for ongoing monitoring and iterative improvement.

11. Establish clear liability and recourse structures.

When an AI system contributes to harm, affected individuals and families 
need clear pathways for recourse. The current landscape—in which AI 
companies disclaim clinical responsibility, brand their tools as wellness 
products to avoid regulatory obligations, and point to terms of service to limit 
liability—leaves those who are harmed with few options. Currently, clear 
standards are lacking regarding who bears responsibility when AI mental 
health tools cause harm, and what remedies are available. New York’s 

separate work to attach explicit corporate liability to certain mass-harm AI 
models, and California’s use of affirmative defenses to reward compliance 
with defined best practices, are early examples of how states are beginning 
to translate accountability principles into enforceable law.

12. Include clinical and patient voices in policy design.

The current regulatory landscape was largely built without input from 
clinicians who understand how mental health care works and where AI is 
most likely to fail. Psychiatrists, psychologists, social workers, and individuals 

with lived experience of mental health conditions should be integral to the 
design of any oversight framework. The people who use these tools and the 
professionals who treat the conditions they address bring knowledge that no 
amount of technical expertise alone can replace.
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FUTURE DIRECTIONS AND RESEARCH 

PRIORITIES

The evidence base for AI in mental health is growing rapidly but remains 

inadequate relative to the scale of use. Several research priorities are needed in the 
near term to further understand the risks and benefits. First, longitudinal safety 
monitoring and standardized adverse-event reporting must be established. 
Currently, no systematic mechanism exists for tracking when an AI mental health 
tool causes harm, making it impossible to assess population-level safety. A useful 

starting point for establishing this mechanism could be the pharmaceutical model of 
post-market surveillance, adapted for the unique characteristics of AI systems.

Second, more research is needed regarding dose-response relationships, 

including how much AI interaction is helpful and at what point does it become 
harmful. The phenomenon of emotional dependency documented in AI companion 
users suggests that engagement intensity matters, but no research has yet 
characterized the threshold between beneficial use and harmful overreliance.

Third, future clinical trials should employ digital control conditions rather than 
waiting list comparisons. The first generative-AI chatbot RCT compared its 
intervention with a waiting list control, which makes it impossible to determine 
whether the benefits were attributable to the AI specifically or simply to having 
some form of structured support.72 Trials that compare AI tools with active digital 

interventions will provide more informative evidence.

Finally, the field must prepare for the next generation of AI systems, which will be 
more context aware, more emotionally engaging, and more capable of sustained 
interaction than anything currently available. If governance frameworks are 
designed only around the limitations of today’s models, they will be obsolete before 
they take effect. It is important to plan for more capable systems, not just the 
current ones.

CONCLUSION

Generative AI is already embedded in the United States mental health landscape. 
Millions of people use these tools regularly, most without any clinical guidance or 
awareness of their limitations. The technology offers genuine promise to users 

through expanded access, immediate availability, and capabilities that continue to 
improve. However, as outlined in this paper, it also carries genuine risk. 

Hallucinated clinical information, safety failures in crisis situations, emotional 
dependency, privacy violations, and structural opacity must be addressed to ensure 
the safety of these tools.
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The challenge before policymakers is not whether to allow or prohibit AI in mental 
health, as millions of individuals have already adopted these tools on their own. The 
challenge is whether governance for these tools can keep pace with their 
deployment. State leaders are uniquely positioned to shape responsible integration. 

The interventions described in this paper, mandating AI disclosure, requiring 
independent safety testing, demanding transparency in training data and adverse-

event reporting, regulating the components of AI systems individually, building 
digital literacy infrastructure, requiring error logs and crisis-indicator reporting, 

establishing liability structures, activating existing consumer protection authorities, 

and prohibiting the most dangerous unsupervised applications, are achievable and 
urgent. The path forward is not rejection of these tools, nor uncritical acceptance. It 
is the harder, slower work of building the oversight infrastructure that this powerful 

technology demands.

The value of mental health AI will be determined not by how novel or impressive 
these tools appear, but by whether they can be shown to be demonstrably safe 
enough for the people most likely to rely on them. Readers and policymakers who 
wish to develop their own working understanding of how these tools function, 

where they fail, and how to discuss them with constituents and patients can also 
explore the AI Digital Literacy Initiative at ai-digital-literacy.net as a 
complementary, plain-language companion to this paper.
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