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Prevalence of Past Year Mental Illness in U.S. 
Adults

Mental Illness, National Institute of Health; 
https://www.nimh.nih.gov/health/statistics/mental-illness



Lifetime Prevalence of Mental Illness in 
U.S. Adolescents

Mental Illness, National Institute of Health (2022); 
https://www.nimh.nih.gov/health/statistics/mental-illness



Mental Illness Treatment Gap

Kazdin (2017), Behaviour Research and Therapy

● In the U.S., ~70% of those in need of mental health services do not receive 
treatment

○ Those belonging to a racial/ethnic minority group receive care at substantially 
lower rates than White Americans (e.g., 12.5% vs. 25.4% for Black vs. White 
Americans)

○ Looking globally across 14 countries, an even higher majority (84-99%) of those 
with a mental illness receive no treatment

● When people receive treatment treatment, it may be:

○ Not evidence-based (e.g., from non-mental-health professionals), and/or

○ Not sustained (i.e., consisting of only one time of contact)



Barriers to Mental Health Care

Kazdin (2017), Behaviour Research and Therapy
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Not Enough Mental 
Health 
Professionals to 
Meet The Demand

U.S. Government Accountabi lity Office, 2022

Expanding the workforce to deliver treatment using only 
the 1:1 treatment model is likely not enough to have a major 
impact on reaching the vast number of people in need of 

services



Eating Disorders 
Treatment Gap

02



Eating Disorders (EDs) are Common, Serious 
Mental Illnesses

● Up to 10% of the population will suffer from 
ED symptoms at some point in their lives

● EDs are associated with high medical and 
psychiatric comorbidity, poor quality of life, 
and high mortality

○ Mortality from anorexia nervosa is the 
second highest of all mental disorders

○ In women with major depressive 
disorder or an anxiety disorder, 13% had 
a lifetime ED and 39% engaged in 
clinically significant ED behavior

Garcia et al. (2020), International Journal of Eating Disorders
Haynos et al. (2024), The British Journal of Psychiatry
https://hsph.harvard.edu/research/eating-disorders-striped/research-
reports/economic-costs-eating-disorders/

https://hsph.harvard.edu/research/eating-disorders-striped/research-reports/economic-costs-eating-disorders/
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EDs Treatment Gap

● <20% of individuals with EDs ever receive treatment—and when they do, it’s likely 
not evidence-based

○ Care gap is even more pronounced for certain groups: low-income 
populations, those from racial and ethnic minority backgrounds, those from 
rural areas

○ Few individuals with an ED receive treatment specifically for the ED, yet these 
individuals are actually more likely to receive treatment and incur higher 
health services use costs than individuals who do not have an ED

● Delays in treatment result in prolonged illness, poorer prognosis, and greater 
likelihood of relapse

Fitzsimmons-Craft et al. (2019), Curr Psychiatry Rep
Kazdin et al. (2017), Int J Eat Disord
Marquest e t al . (2011), Int J Eat Disord
Weissman & Rossel li (2017), Behav Res Ther



Technology Can Improve/Increase Access To:

Screening and 
Identification Prevention Treatment

Better Linkage 
with Care



NEDA Online Screening

Fitzsimmons-Craft et al. (2019), Int J Eat Disord

Sheet  1

Map based on Longit ude (generat ed) and Lat it ude (generat ed).  Det ails are shown for  Q18. The dat a is fi lt ered on Diagnosis and Q1. The Diagnosis fi l t er  has mult iple members select ed. The Q1 fi l t er  keeps 1.

Up to 200,000+ people take the 
National Eating Disorders 
Association (NEDA) Online 
Screener each year, and 86% 
screen positive for an ED (and 86% 
of those have never received 
treatment for an ED)

People who are currently in 
treatment for an ED: 3.0%vs.



PROBLEM:
Only 16% of 
those screening 
positive for an ED 
and not in 
treatment 
initiated care 
following screen 
completion 
(OVERESTIMATE)

14 Fitzsimmons-Craft et al., (2020), Int J Eat Disord



Chatbots for 
Eating Disorders

03



Novel Solution Needed to Increase Uptake of 
Services

● A chatbot could offer an accessible solution to tackle patient barriers to seeking 
treatment (e.g., stereotypes around who experiences EDs, limited motivation, 
knowledge deficits about treatment resources) and better connect individuals 
with available resources

● Holds promise:

○ Interactive

○ Encourages honest disclosure

○ Can be used anytime, anywhere

○ Infinitely scalable at relatively low cost

○ May be especially useful for those who have never spoken with anyone about 
these concerns before or those who have a high level of embarrassment or 
shame
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GENERAL PURPOSE GENERATIVE ARTIFICIAL 
INTELLIGENCE (AI) WAS NOT READY TO ADDRESS EDS

2023 report findings: Popular general purpose AI tools (ChatGPT, Bard, Dall-E, etc.) generated harmful content 

about EDs 41% of the time



Alex: A Chatbot to Increase Services Use in EDs

K08 MH120341, PI Fitzsimmons-Craft; Shah et al. (2022), Int J Eat Disord

Text-based 
chatbot delivered 
via SMS

Rule-based 
approach

Four theory-
based 
components

• Provides tailored 
help-seeking 
resources based on 
user preferences

• Checks-in with users 
after init ial 
conversation

• Provides reminders of 
treatment resources

• Highlights 
discrepancies 
between current 
behaviors and 
broader goals/values

•Busts common 
myths about EDs  

•Provides tailored 
psychoeducation 
based on what the 
user is struggling 
with

Psychoeducation 
(PE) 

Motivational 
interviewing (MI) 

Personalized 
service 

recommendations 
(PR) 

Repeated 
administration 

(RA)
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Abstract

Objective: A significant gap exists between those who need and those who receive

care for eating disorders (EDs). Novel solutions are needed to encourage service use

and address treatment barriers. This study developed and evaluated the usability of a

chatbot designed for pairing with online ED screening. The tool aimed to promote

mental health service utilization by improving motivation for treatment and self-

efficacy among individuals with EDs.

Methods: A chatbot prototype, Alex, was designed using decision trees and

theoretically-informed components: psychoeducation, motivational interviewing, per-

sonalized recommendations, and repeated administration. Usability testing was con-

ducted over four iterative cycles, with user feedback informing refinements to the

next iteration. Post-testing, participants (N= 21) completed the System Usability

Scale (SUS), the Usefulness, Satisfaction, and Ease of Use Questionnaire (USE), and a

semi-structured interview.

Results: Interview feedback detailed chatbot aspects participants enjoyed and

aspects necessitating improvement. Feedback converged on four themes: user expe-

rience, chatbot qualities, chatbot content, and ease of use. Following refinements,

users described Alex as humanlike, supportive, and encouraging. Content was per-

ceived as novel and personally relevant. USE scores across domains were generally

above average ( 5 out of 7), and SUS scores indicated “good” to “excellent ” usability

across cycles, with the final iteration receiving the highest average score.

Discussion: Overall, participants generally reflected positively on interactions with

Alex, including the initial version. Refinements between cycles further improved user

experiences. This study provides preliminary evidence of the feasibility and accep-

tance of a chatbot designed to promote motivation for and use of services among

individuals with EDs.

Public Significance: Low rates of service utilization and treatment have been

observed among individuals following online eating disorder screening. Tools are

Received: 1 March 2022 Revised: 28 July 2022 Accepted: 28 July 2022

DOI: 10.1002/ eat.23798

Int J Eat Disord. 2022;1–16. wileyonlinelibrary.com/ journal/ eat © 2022 Wiley Periodicals LLC. 1



Next Step: Optimize the Chatbot

● We recruited N=205 individuals screening 
positive for an ED on NEDA’s online screen but 
not in treatment 

● Participants were randomized using a 24 full 
factorial design, in line with the multiphase 
optimization strategy framework (MOST) to 
receive up to 4 chatbot components
○ In contrast to traditional approach of 

testing multicomponent intervention 
packages, in which it is difficult to 
distinguish beneficial vs inert (or even 
harmful) components 

● Assessments at baseline and at 2, 6, and 14 
weeks: mental health services use (primary), 
helpfulness, change attitudes 

K08 MH120341, PI Fitzsimmons-Craft; F itzsimmons-Craft et al. (2024), Int J Eat Disord



Participants (N=205)

● Diagnoses (based on Stanford-Washington University ED Screen [SWED]): 6% 
anorexia nervosa (AN), 17% bulimia nervosa (BN), 15% binge-eating disorder (BED), 
25% sub BN, 6% sub BED, 0.5% purging disorder, 30% unspecified feeding or eating 
disorder (UFED)

● Eating Disorder Examination-Questionnaire (EDE-Q): M=4.00 (SD=1.10)

● Patient Health Questionnaire-9 (PHQ-9): M=13.82 (SD=6.00)

○ 34.1% endorsed suicidal ideation

● Generalized Anxiety Disorder-7 (GAD-7): M=10.61 (SD=5.74)



Baseline Change Attitudes, 1 (Not at all 
important/ready) to 7 (Very important/ready) scale

● How important is it for you to change your 
eating, shape, or weight concerns? M=6.20 
(SD=1.25)

● How ready are you to make changes in 
your eating, shape, or weight concerns? 
M=5.22 (SD=1.72)

● Overall M=11.42 out of 14 (SD=2.66)

● Very motivated sample to begin with



High Engagement

● 92% of participants start the main chatbot 
conversation

● Of those, 81% completed it, which lasted ~5-15 
min depending on the number of components 
the individual was randomly assigned 

Alex
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Services Use (Primary)

• Analysis only provided 
support for RA

• PR trending in the right 
direction but not significant

Helpfulness

• Participants who received 
MI and PR found the 
chatbot more helpful

Change Attitudes

• MI was associated with a 
larger decline over time in 
participants’ change 
attitudes

• RA was associated with a 
weaker decline over time in 
participants’ change 
attitudes

• Delivering PR without MI or 
PE was associated with the 
most favorable time trend 
of change attitudes

• 58% reported services use within 3 months following screening
• Pattern of findings across multiple outcomes

Findings

K08 MH120341, PI Fitzsimmons-Craft; F itzsimmons-Craft et al. (2024), Int J Eat Disord



Chabot for EDs Prevention
● Background

○ StudentBodies, an 8-week web-based self-help program with 
guidance from a human moderator shown to significantly 
reduce weight/shape concerns among women with high risk 
for an ED

○ Desire to create a program that can be widely disseminated
○ Partnered with chatbot company

● Concept
○ Reworked StudentBodies content to be applicable to the 

chatbot format
■ The chatbot contained 8 conversations covering: 

challenging the thin body ideal; media literacy; 4Cs 
(comparisons, conversations, commercials, clothing); 
healthy eating; critical comments; exercise; binge eating; 
maintenance

○ Rule-based approach
○ Guiding principles: short responses, infographics, warm and 

empathetic, emojis
○ Available through SMS text messaging or Facebook messenger

Chan et al. (2022), JMIR Formative Research
Fitzsimmons-Craft et al.. (2022), Int J Eat Disord
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More details on how the 

chatbot was created 

with strict guardrails 

and how problems that 

were identified were 

remedied



The chatbot 
promotes 

reflection and 
helps users 

and 
challenge 

their negative 
body image 

thoughts and 
beliefs.



Results and Implications
● Randomized 700 women with high weight and shape 

concerns into two different conditions:
○ Intervention condition received 6 months of the 

chatbot intervention immediately 
○ Control condition received the chatbot intervention 

after 6 months
● Findings

○ For weight/shape concerns, there was significantly 
greater reduction in intervention vs. control at 3- and 
6-month follow-up

○ Results also suggested that chatbot may reduce ED 
onset

■ There was an ED incidence rate of 19.3% in the 
control and 10.5% in the intervention at 6-month 
follow-up (OR=2.13, 95% CI [1.26, 3.59])

● Implications
○ Findings provide support for the use of a fully 

automated, highly disseminable chatbot-based EDs 
prevention program

○ High potential to disseminate in the “real world” to 
prevent onset of EDs

Fitzsimmons-Craft et al. (2022). Int J Eat Disord



Disseminating Chatbot 
through Koko
● Designed and evaluated a single-session version of the program to uses identified through 

Tumblr

3

1

Users search for ED-

related content (e.g., 
‘proana,’ ‘thinspiration’)

Users receive this PSA 

and a DM from Kokobot:
“Hi! I’m Kokobot . I’m 

working to connect people 
who are interested in 

mental health topics. Type 
“hi” to get started…”

Onboarding

Nemesure et al. (2023), Body Image



Results
● In a feasibility study, 1100 Tumblr users who used ED-related search terms were offered the 

intervention, and 525 users completed the program

● Significant improvement in body image pre- to post-intervention (d=.54, p<.001), and users 
found the program very enjoyable

Nemesure et al. (2023), Body Image



Disseminating Tessa Through NEDA

● In 12 months of this collaboration, 4,200+ 
individuals accessed the chatbot, exchanging 
220,000+ messages, with very high helpfulness 
ratings

● Users were most active between the hours of 7-
10pm, and 28% of messages were exchanged 
over the weekend, dovetailing with previous 
work on when individuals are most likely to use 
digital intervention, and providing support 
during hours when other options are not 
available 



Generative AI in 
Digital Mental 
Health Treatments
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Generative AI: Benefits 
and Risks

● There have been rapid advances in large 
language models (LLMs) and generative AI

○ It is increasingly capable of producing 
high-quality images, text, and 
responsive, personal conversations

● From assisting healthcare providers to 
patient-facing tools, there is high potential 
for advancing ED care

○ However, there are a number of risks 
and challenges to consider

Fitzsimmons-Craft & Jacobson (2024), Missouri Medicine



Generative AI: Benefits

Fitzsimmons-Craft & Jacobson (2024), Missouri Medicine

Aspect Description

Increased Access to Care Chatbots can provide 24/7 access to mental health 
support, helping to bridge the gap in care for 
individuals who may not have access to traditional 
treatment options.

Support for Mental Health 
Providers

Can assist with administrative tasks, reducing clinician 
burnout and potentially improving the quality of care 
for patients.

Enhanced Patient 
Engagement

Chatbots can engage patients through interactive and 
responsive conversations, encouraging consistent use 
and adherence to treatment plans.

Personalized Treatment Can offer tailored interventions based on individual user 
data, making the treatment more relevant and 
effective.

Scalability Tools can be deployed at scale, reaching a large 
number of individuals without significant additional 
costs.



Generative AI: Risks

Fitzsimmons-Craft & Jacobson (2024), Missouri Medicine

Aspect Description

Incorrect or Harmful 
Information

If not properly trained, AI models can provide inaccurate 
or harmful advice as seen in large foundation models.

Dependence on Data Quality The effectiveness of generative AI is heavily dependent on 
the quality and breadth of the data used to train the 
models.

Potential for Misinterpretation Generative AI may misinterpret user inputs, leading to 
responses that are not helpful or potentially harmful.

Ethical and Privacy Concerns There are significant concerns around data privacy, 
consent, and the ethical use of AI in mental health.



Current Practices and Perspectives on AI 
from ED Clinicians and Community

● Design
○ Two cross sectional surveys distributed to clinicians and community 

participants on AI use, attitudes, perceived benefits and risks, and task 
performance compared to humans in ED care and management

■ Clinicians required to be 18+ years old and identified as a mental health 
clinician (e.g., psychologist, psychiatrist, etc.) with ED treatment experience

■ Community participants required to be 18+ years old and reported 
engaging in at least one ED behavior

● Sample
○ 116 clinicians

■ Mean age of 41.61, mostly women (77%) and White (87%)
○ 155 community participants

■ Mean age of 36.82, mostly women (91%) and White (87%)

Linardon et al. (2025), Int J Eat Disord



Results – AI Use and Attitudes

● Prior AI Use

○ 59% of clinicians reported using AI tools in practice (mostly ChatGPT) 

○ 18% of community participants had used AI for help or related purposes 

● Openness to AI: 58% of clinicians, 53% of community participants

● Enthusiasm for AI integration: 40% of clinicians, 27% of community participants
● Belief AI will improve outcomes: 28% of clinicians, 13% of community participants

● Shared concerns:
○ Nine in 10 feared misuse without training

○ Strong concerns about data privacy/security

○ AI useful for admin/support tasks but won’t outperform human clinicians on relational skills

● Takeaway: Moderate openness but low trust and enthusiasm; focus on AI as a supportive—not substitutive—
tool in ED care

Linardon et al. (2025), Int J Eat Disord



Ethical Challenges of Conversational AI (CAI) in 
Mental Health Care

Rahsepar Meadi et al. (2025), JMIR Mental Health

Safety and harm Includes concerns about crisis and suicidality management, constant availability of 
CAI, and harmful or wrong suggestions

Explicability, 
transparency, and trust

Need to ensure transparency on how CAI works and harbors data and align CAI 
recommendations with those of human therapists

Responsibility and 
accountability

Determining who is responsible for the decisions made by CAI and who is held 
accountable when things go wrong

Empathy and 
humaneness

CAI may be insufficient in expressing empathy as a human therapist would, 
compromising engagement or worsening psychotherapy outcomes

Justice Concerns related to bias and discrimination (e.g., preferences for certain racial 
backgrounds) and inequalities in who can benefit from CAI

Anthropomorphization
and deception

Refers to the potential attribution of human agency or characteristics to a nonhuman 
entity (i.e. CAI), causing users to be deceived into thinking CAI is human

Autonomy A need to protect user autonomy, prevent users from becoming overdependent on 
bots, and avoid unaccountable technical experts imposing views on users

Effectiveness Concerns on the lack of strong evidence for the effectiveness or efficacy of CAI in 
mental health diagnosis, treatment, and recommendations

Privacy and 
confidentiality

There is a lack of privacy regulations, patient-physician confidentiality (chatbots are 
not held to this standard), and dangers in how data may be collected and stored

Concerns for health care 
workers’ jobs

CAI may impact health care workers by separating them from their patients, 
undermining their role as experts, and undermining the therapeutic relationship



Responsible Use of AI in Mental Health Care
American Psychological Association (2025)

● Evidence and safety
○ Evaluate effectiveness and potential for harm
○ Monitor for inaccurate or inappropriate outputs

● Human oversight
○ AI should support—not replace—professional judgment
○ Maintain responsibility for clinical decisions

● Transparency and privacy
○ Be clear when and how AI is being used
○ Protect sensitive health information

● For adolescents
○ Account for developmental needs and vulnerabilities
○ Guard against overreliance and displacement of human relationships

Americ an Psychological Association (2025), Ethical guidance for  AI in the professional 
practice  of health servic e psychology

Americ an Psychological Association (2025), Artificial intelligence and adolescent well -
being: An APA health advisory



Most Common Use of AI in 2025: Therapy and 
Companionship

Zao-Sanders (2025).,Harvard Business Review



Increasing Reports Linking Generative AI to 
Suicide and Mental Disturbance

Payne (2025), Associated Press
Hill (2025), The New York Times



Increasing Reports Linking Generative AI to 
Suicide and Mental Disturbance

Hill (2025), The New York Times



Evaluating Therabot: A 
Generative AI Treatment Tool

● Background
○ Until recently, chatbots have been 

structured and rule-based, meaning 
all responses are pre-written by 
humans and delivered using if/then 
statements

○ Rule-based chatbots are limited by 
not being very conversational, 
potentially hindering a therapeutic 
alliance from forming

● Goal: Develop and examine the 
effectiveness of Therabot, a generative AI 
chatbot, in treating major depressive 
disorder, generalized anxiety disorder, and 
high-risk for EDs

Heinz et al . (2025), NEJM AI



Therabot Development

● There were several attempts to train the chatbot effectively with different sources 
of data

○ Attempt #1: Data from a mental health forum (to mimic peer support)
■ Resulted in the chatbot expressing mental health troubles of its own

○ Attempt #2: Data from psychotherapy transcripts
■ Chatbot picked up on habits from therapists (e.g., “…and how did that 

make you feel?”, “mm hmm”)
● Decided to create independent data based on third-wave CBT principles, with 

dialogues developed by clinical experts and the research team
○ Peer-reviewed all content to ensure all data is evidence-based
○ Had a tested crisis management protocol to de-escalate or elevate to 

higher levels of care when appropriate

Heinz et al . (2025), NEJM AI



Therabot App Design

(A) Therabot login screen; (B) main chat interface; (C) emergency module deployed in response to model detection of 
high-risk content (e.g., suicidal ideation); (D) conversation thread interface for users to initiate a thread or return to a 
prior thread.

Heinz et al . (2025), NEJM AI



Therabot RCT Design and Sample

● Randomized 210 adults who screened 
positive for depression, anxiety, or high-
risk for EDs to either be prompted to use 
Therabot for 4 weeks or a waitlist control

○ Measured depression (PHQ), anxiety 
(GAD), and weight and shape 
concerns (SWED) 4- and 8-weeks 
post-randomization

● Sample
○ Mean age: 33.86 years
○ Majority women (59.52%)
○ Majority non-Hispanic White 

(53.33%)

Heinz et al . (2025), NEJM AI



Therabot RCT Results
Compared to the 
waitlist control, 
Therabot users had 
significantly greater 
reductions in 
depression, anxiety, 
and weight and 
shape concerns at 
post-intervention (4 
weeks) and follow-up 
(8 weeks)

Strong alliance 
comparable to norms 
reported in an 
outpatient 
psychotherapy 
sample

Heinz et al . (2025), NEJM AI



Evaluating Therabot: Implications

● When trained on evidence-based data from experts, generative AI LLMs show 
the potential to improve mental health outcomes
○ Once developed, this offers a low-cost, infinitely scalable tool that could 

increase accessibility to mental health care
○ However, creating the data for Therabot and the many phases of testing 

took 100,000 human hours, indicating a high front-loaded burden on 
researchers, clinicians, and developers

● Future research 
○ Extending the range of psychopathologies treated
○ Applicable settings for use and dissemination
○ The role of generative AI chatbot in relation to traditional psychotherapy

Heinz et al . (2025), NEJM AI



Work to Come

05



EMBody Study: Aim 1

● Aim: Collect user feedback to inform adaptation of an ED prevention 
chatbot for diverse adolescents at risk for EDs

● Procedure: Conducted 15 on-hour long semi-structured interviews 
via Zoom where adolescent participants were shown the chatbot 
content and interface, and gave life feedback
○ Interviews were coded for themes using qualitative analysis

● Findings: Adolescent participants (60% sexual minority, 20% gender 
minority, 80% non-White, 53% qualified for free/reduced lunch) 
related to the content and appreciated the empathetic language, 
stepwise structure, and interface

● Participants had suggestions on how to make chatbot 
recommendations easier for adolescents to follow (e.g., more 
flexibility with regular eating guidelines)

Gullo et al., 2026, Int J Eat Disord



EMBody Study: Aim 2 (RCT)

Acceptability findings have translated to what we 
have been observing in our ongoing RCT:

“I feel like I’ve been more aware of what I’m doing 
and I actually think about what we talked about.”

“This experience has been a big help to my overall 
well-being, I’ve been learning new ways to love 
myself in a way I never knew I could.”

“Coming into this program, I knew some strategies 
for improving body image beforehand, but it’s made 
me more self-aware and conscious of my patterns 
and how to improve.”



Optimizing a Chatbot for Treating EDs in Adults

CBT is a first-line treatment for 
EDs, yet we understand relatively 
little about the active 
“ingredients”

Goal: identify the most effective 
elements to build an optimized 
scalable chatbot 

Participants receive different 
combinations of these 
components (full factorial design; 
N=800 adults with binge and 
binge-purge type EDs)

R01 MH138735, PI F itzsimmons-Craft



Optimizing a Chatbot for Treating EDs in Adults

● Study aims:
○ Aim 1: Estimate effects of individual 

and combined components on ED 
psychopathology, ED behaviors, 
anxiety, depression, and clinical 
impairment

○ Aim 2: Examine effects of each 
component individually against its 
target

○ Aim 3: Identify an optimized chatbot 
package that is effective and 
efficient

● High potential to intervene in EDs with a 
chatbot that can be scaled infinitely 

R01 MH138735, PI F itzsimmons-Craft



Takeaways: AI and Mental Health Care
● AI has tremendous potential to increase access to evidence-based mental health care

○ Rule-based chatbots have already demonstrated effectiveness and scalability
○ Generative AI offers new opportunities for personalization and more natural 

interactions

● But greater flexibility comes with greater risk
○ Generative AI can produce inaccurate or harmful responses
○ Safety, privacy, equity, and appropriate human oversight have to be considered from 

the start

● The goal is not to replace clinicians
○ AI can deliver interventions, but also support screening, training, monitoring, and 

clinical care
○ We need rigorous evidence to determine where AI adds value—and where it does not
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