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Abstract

Eating disorders (EDs) are severe psychiatric conditions with rising prevalence, yet access to specialised care remains limited
due to resource-intensive assessments. This narrative review critically evaluates the evidence for Al-driven detection and
intervention, discusses the significant barriers to real-world deployment, and outlines future directions for the safe, equitable, and
effective integration of these powerful tools into clinical practice for individuals with EDs. A systematic search of PubMed,
PsycINFO, Scopus, IEEE Xplore, and Google Scholar (inception—March 2026) identified 43 peer-reviewed English-language
articles, including original studies, systematic reviews, and policy reports. Data were thematically synthesised across four domains:
(1) Al-based screening/risk prediction, (2) comorbidity detection, (3) digital interventions, and (4) ethical/implementation
challenges. Al shows promise in early ED screening through electronic health records, linguistic analysis, and social media data.
However, detection of psychiatric comorbidities such as depression, anxiety, and obsessive-compulsive disorder remains variable
and requires further validation. Chatbot-assisted interventions and smartphone-based monitoring are emerging as scalable tools for
symptom tracking and delivering cognitive-behavioural content, potentially improving care continuity. Major implementation
barriers persist, including data privacy concerns, algorithmic transparency issues, and low clinician acceptance due to liability fears,
lack of interpretability, and poor workflow integration. Al holds considerable potential to enhance ED care through earlier detection
and expanded access to digital interventions. Realising this potential requires rigorous prospective validation, clear ethical
guidelines, and collaborative frameworks involving clinicians in Al design and oversight to ensure these tools complement, not
replace, clinical judgment.
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Introduction

Eating disorders (EDs) are serious psychiatric disorders characterised by disturbed eating behaviours and
psychological distress and associated with elevated economic and societal burdens, in addition to elevated rates of
mortality and comorbidity [1]. EDs lead to loss of healthy life years because of disability and associated complications
[2]. The main EDs are anorexia nervosa (AN), bulimia nervosa (BN), and binge eating disorder (BED). EDs
substantially disturb eating behaviours and emotional regulation. Recent research showed that ED prevalence was 15.3%
during the COVID-19 pandemic [3]. Studies have detected that children and adolescents are mostly vulnerable during
this period [3]. Males with EDs are less frequently identified in clinical settings, despite evidence of their existence;
recognition in males is more challenging than in females, likely due to both the general stigma surrounding mental
disorders and the perception of EDs as predominantly distressing females. A systematic review estimated the worldwide
prevalence of EDs was 8.4% for women and 2.2% for men, while in men, AN, BN, and BED were 0.2%, 0.6%, and
1.0%, respectively [4].

Despite the prevalence of EDs, fewer than one in four persons with these conditions have evidence-based
treatment [5]. This gap primarily refers to a shortage of trained mental health professionals, resulting in increased wait
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times and inadequate service availability [6]. Executive burdens further reduce the time available for direct patient care.
Additional barriers include financial constraints, geographic inaccessibility, and clinical complexities. These factors
together delay care and lead to poorer clinical outcomes [6]. Subsequently, there is an increasing need for novel
approaches to enhance service accessibility and deliver appropriate interventions.

In response, there has been growing interest in using digital tools and artificial intelligence (Al) to address these
barriers [4]. Al tools can provide patients with consistent, on-demand support by delivering treatment materials curated
by clinicians. These tools facilitate the practice of therapeutic skills outside of formal sessions through personalised
feedback and reminders [7]. Al also enables self-monitoring, promotes progress, and issues homework reminders
between appointments. Due to their flexibility and accessibility, Al-based interventions represent a valuable adjunct to
traditional treatment, potentially expanding reach and reducing costs for individuals with EDs [7].

However, the potential of Al extends far beyond being a supportive treatment tool. Al-driven methods like natural
language processing (NLP) are being researched to analyse social media content, offering an unprecedented opportunity
to detect signals of ED symptoms and identify at-risk individuals who may otherwise go undiagnosed [8]. Similarly,
machine learning (ML) models applied to clinical datasets have demonstrated improved predictive performance
compared to traditional statistical methods, for instance, in identifying youth at risk of a complex clinical course of
illness [9]. Furthermore, the integration of Al with smartphone technology, through digital phenotyping and analysis of
behavioural data from sensors, presents promising avenues for early risk prediction and real-time symptom detection
[10].

While existing reviews have explored digital health interventions for EDs more broadly [11], a dedicated and
critical review of these emerging Al applications encompassing detection, digital interventions, and implementation
challenges is urgently needed. This narrative review aims to fill this gap by synthesising the current state of research on
Al across three interconnected domains: (1) early detection and risk prediction through ML, NLP, and digital
phenotyping; (2) Al-enhanced digital interventions that extend beyond traditional treatment adjuncts; and (3) the critical
implementation challenges surrounding data quality, algorithmic bias, clinical integration, and ethical governance. By
distinguishing itself from previous literature that has primarily focused on Al as a treatment adjunct, this review critically
evaluates the evidence for Al-driven detection and intervention, discusses the significant barriers to real-world
deployment, and outlines future directions for the safe, equitable, and effective integration of these powerful tools into
clinical practice for individuals with EDs.

Materials and Methods

Materials

The materials used in this narrative review consisted of peer-reviewed scientific literature retrieved from PubMed,
PsycINFO, Scopus, IEEE Xplore, and Google Scholar. Publications considered for inclusion covered the period from
database inception through March 2026 and included original research articles, systematic reviews, meta-analyses,
policy documents, and guideline reports relevant to the application of artificial intelligence (Al) in eating disorders
(EDs). Eligible studies addressed Al-based approaches for screening, detection, diagnosis, intervention, and
management of ED-related mental health conditions. Additional relevant articles were identified through manual
searches of reference lists from included studies and pertinent review articles.

Methods
Study design

This study employed a narrative review design to examine the current state of Al applications in ED screening,
detection, digital interventions, and implementation challenges. A narrative approach was selected to accommodate the
heterogeneous nature of the available literature, which spans clinical, technical, ethical, and regulatory domains, and to
provide a broad, integrative overview of challenges and future directions in this emerging field. Although a structured
search strategy was employed to identify relevant literature, thereby enhancing transparency and reproducibility, this
review did not follow the formal methodological requirements of a systematic review, such as review registration, dual
independent screening as a mandatory requirement, or quantitative risk-of-bias assessment. Instead, the structured search
served as a rigorous foundation for the narrative synthesis, enabling comprehensive mapping of the evolving landscape
of Al applications in EDs while maintaining the flexibility necessary to interpret diverse forms of evidence, including
clinical studies, technical reports, ethical analyses, and policy documents.

The rationale for selecting a narrative review design over a systematic or scoping review was threefold. First,
the literature on Al applications in EDs is highly heterogeneous and rapidly evolving, making it difficult to apply a
uniform quality assessment framework. Second, the review aimed to provide an integrative synthesis across diverse
domains, including clinical, technical, ethical, and regulatory aspects, rather than to answer a narrowly defined research
question. Third, the field lacks established reporting standards and validated outcome measures that would facilitate
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quantitative meta-analysis or systematic comparison. Therefore, a narrative review informed by a structured search
strategy was considered the most appropriate methodology for mapping the current landscape, identifying key
challenges, and proposing future directions.

Sources of data and search strategy

A literature search was conducted across PubMed, PsycINFO, Scopus, IEEE Xplore, and Google Scholar. The
search covered publications from database inception through March 2026. Search term categories were combined using
the Boolean operator AND, whereas synonyms within each category were combined using OR. A fully reproducible
search strategy was developed and adapted for each database according to its specific syntax requirements.

The following search string was used for PubMed: ("artificial intelligence"” OR "AI" OR "generative AI" OR
"machine learning" OR "natural language processing" OR "NLP" OR "large language model" OR "LLM" OR "chatbot"
OR "conversational agent" OR "digital phenotyping" OR "predictive analytics") AND ("eating disorder" OR "anorexia
nervosa" OR "bulimia nervosa" OR "binge eating disorder" OR "BED" OR "body image disturbance" OR "disordered
eating" OR "emotional eating") AND ("screening"” OR "detection" OR "diagnosis" OR "risk prediction” OR "early
identification" OR "assessment" OR "intervention" OR "treatment" OR "management").

For PsycINFO and Scopus, the search string was adapted to account for database-specific syntax: (("artificial
intelligence" OR "AI" OR "generative AI" OR "machine learning" OR "natural language processing" OR "NLP" OR
"large language model" OR "LLM" OR "chatbot" OR "conversational agent" OR "digital phenotyping") AND ("eating
disorder" OR "anorexia nervosa" OR "bulimia nervosa" OR "binge eating disorder" OR "body image" OR "disordered
eating" OR "emotional eating") AND ("screening" OR "detection" OR "diagnosis" OR "risk prediction" OR "early
identification" OR "intervention" OR "treatment")).

For IEEE Xplore, the search focused primarily on technical and engineering literature: ("artificial intelligence"
OR "machine learning" OR "natural language processing”" OR "NLP" OR "large language model" OR "chatbot" OR
"digital phenotyping") AND ("eating disorder" OR "anorexia" OR "bulimia" OR "binge eating") AND ("screening" OR
"detection" OR "diagnosis" OR "intervention").

For Google Scholar, a simplified search string was used because of platform limitations: ("artificial intelligence"
OR "AI" OR "machine learning" OR "NLP" OR "chatbot") AND ("eating disorder" OR "anorexia" OR "bulimia" OR
"binge eating") AND ("screening" OR "detection" OR "intervention"). Reference lists of included studies and relevant
systematic reviews were manually searched to identify additional eligible studies not captured during the electronic
database search.

Literature selection process

The literature selection process followed a structured approach to enhance transparency and reproducibility. The
initial search identified 1,247 records across all five databases (PubMed: 412, PsycINFO: 287, Scopus: 356, IEEE
Xplore: 98, and Google Scholar: 94). After duplicate removal (n = 186), 1,061 records remained for title and abstract
screening. Following title and abstract screening, 923 records were excluded because they were irrelevant to Al
applications in EDs (n = 547), focused exclusively on general mental health without ED-specific applications (n = 206),
consisted of conference abstracts lacking sufficient methodological detail (n = 98), represented opinion pieces without
empirical or substantive policy content (n = 52), or were non-English language publications (n = 20).

The remaining 138 full-text articles were assessed for eligibility. Of these, 95 articles were excluded because of
insufficient focus on Al applications relevant to EDs (n = 41), duplicate publication of the same findings (n = 18),
insufficient methodological information to evaluate relevance (n = 22), or exclusive focus on general digital health
without Al-specific components (n = 14). Ultimately, 43 articles met the inclusion criteria and were included in the final
narrative review. A PRISMA-style flow diagram summarizing the study selection process is presented in Figure 1.

Study selection was independently performed by two reviewers (Author Initials) to minimize bias and ensure
consistency. Titles and abstracts were screened independently according to the predefined eligibility criteria. Any
disagreements were resolved through discussion and, when necessary, consultation with a third reviewer. Full-text
articles were subsequently assessed independently by the same reviewers. Inter-rater agreement was evaluated using
Cohen's kappa coefficient (x = 0.87), indicating strong agreement. This dual-reviewer approach enhanced the reliability
and transparency of the selection process.

Studies were eligible for inclusion if they were original research articles, including randomized controlled trials,
cohort studies, case-control studies, and cross-sectional studies; systematic reviews; meta-analyses; or relevant policy
and guideline documents published from database inception through March 2026. Eligible studies focused on the
application of Al to identify, screen, detect, or manage mental health issues associated with EDs and involved Al
technologies such as machine learning, natural language processing, large language models, chatbots or conversational
agents, digital phenotyping, predictive analytics, or computer vision for body image analysis. Only English-language
publications were included.
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Studies were excluded if they consisted solely of conference abstracts lacking sufficient methodological
information, opinion articles, editorials, or commentaries without substantive empirical or policy content, studies
focusing exclusively on general digital health interventions without Al-specific components, studies addressing Al
applications for other mental health conditions without clear relevance to EDs, or non-English publications.

Records identified through database search (n = 1,247)
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Figure 1. PRISMA-style flow diagram summarizing the literature search and study selection process.

Quality measurement and evidence synthesis

As this study was conducted as a narrative review, a formal quantitative risk-of-bias assessment using
standardized instruments, such as the Cochrane Risk of Bias tool, was not performed. Nevertheless, a systematic
qualitative approach was adopted to evaluate evidence quality and address conflicting findings. Methodological rigor
was assessed according to study design, clarity of objectives and research questions, appropriateness of methods,
strength of evidence (including sample size, duration of follow-up, and use of validated outcome measures), and
relevance to the review objectives. Greater emphasis was placed on peer-reviewed studies, reports issued by the World
Health Organization, national health agencies, and official policy documents from reputable international organizations.

When conflicting findings emerged, methodological quality was critically appraised, and greater weight was
assigned to evidence supported by multiple high-quality studies. Potential sources of heterogeneity, including
differences in study populations, Al technologies, outcome measures, and clinical settings, were also examined.
Conflicting findings were reported transparently, highlighting both areas of agreement and disagreement while
acknowledging methodological limitations. This approach aligns with best practices for evidence synthesis in narrative
reviews by emphasizing transparency and critical appraisal rather than quantitative aggregation.

Results and Discussion

Diagnosis of EDs

Since EDs can become long-lasting and bring both physical and psychological challenges, the first consultations
should focus on encouraging patients to begin treatment. It is important to share thorough information about EDs and
their risks in a way that reassures them rather than alarms them. For those with AN, be mindful of possible cognitive
difficulties caused by severe weight loss. Patients should learn about what causes the disorder, how it may progress, and
the potential complications and related conditions that can arise [12]. AN is characterised by self-induced malnutrition
leading to significant weight loss. Diagnosis is based on body weight that is low enough to endanger health, defined as

https://doi.org/10.12928/clips.v2i2.698 105



https://doi.org/10.12928/clips.v2i2.698

Clinical and Pharmaceutical Sciences Journal ISSN 3089-5669 Vol. 2, No. 2, 2026, pp. 102-114

a body mass index (BMI) below 17.5 kg/m2 for adults and below the 10th BMI-for-age percentile for children and
adolescents. Early onset in children is particularly harmful, affecting bone strength, growth, and brain development [13].
A preliminary diagnosis of AN in young women is often more straightforward than diagnosing BN or BED, primarily
due to the pronounced underweight status of patients with AN.

Key indicators of BN include female sex, a peak onset age of 18 years, significant weight fluctuations, and an
intense preoccupation with body weight, eating behaviours, and exercise. BN is defined as consuming a larger amount
of food than others in a distinct period while experiencing loss of control [LOC] and compensatory strategies at least
once per week for the past 3 months [13]. People with BN often have periods of overeating followed by strict fasting,
vomiting, or using laxatives and diuretics. In contrast, BED is typically not diagnosed unless it is associated with being
overweight or obese, particularly when the disorder is perceived as hindering the individual's efforts to lose weight.
BED is defined by recurrent episodes of consuming significantly more food than is typically consumed in a short period.
Individuals may eat rapidly, beyond fullness, or when not hungry, often in isolation. Feelings of loss of control, shame,
and guilt commonly follow these episodes. BED is diagnosed when such episodes occur at least once a week for three
months [14].

When evaluating someone for possible EDs, it is vital to look closely at their physical health, searching for
warning signs like malnutrition or compensatory actions such as self-induced vomiting, misuse of laxatives or diet pills,
or excessive exercise. It is equally important to assess neurodevelopmental conditions and mental health challenges that
often accompany EDs, such as autism spectrum disorder, depression, anxiety, self-harm, and obsessive-compulsive
disorder, as well as any signs of alcohol or substance misuse. If compensatory behaviours are suspected, checking fluid
and electrolyte balance becomes essential. For those at risk of heart problems due to rapid weight loss, intense exercise,
or severe purging, consider whether an electrocardiogram (ECG) is needed. Always keep in mind the possibility of
emergency care for individuals whose physical health is severely compromised or who may be at risk of suicide [15].

EDs should be assessed in the context of each person’s home, education, work, and social environment, including
the influence of the internet and social media. Family members, caregivers, teachers, and peers are encouraged to support
individuals in treatment and may also require support for their own well-being. Confidentiality must be maintained in
accordance with multidisciplinary team requirements [16]. The guidance recommends that consent for assessments and
treatments involving children under 16 years of age should be obtained in accordance with Gillick competence, which
is a clinical determination of the child's capacity to provide consent to medical treatment equivalent to that of an
autonomous adult [17].

Current Management of EDs

Treatment for EDs should be guided by diagnosis according to ICD-10 criteria [ 18]. When establishing a diagnosis
of EDs, physicians must consider key factors reported by family or caregivers, such as remarkably low or high BMI or
body weight, considering age, sudden weight loss, dieting or restrictive eating behaviours and changes in eating patterns.
In addition, physicians should monitor children and adolescents for signs of faltering growth, delayed puberty, or
restricted height [15].

Psychological treatments stand at the forefront for adults, children, and young people facing EDs, offering a
diverse toolkit of therapeutic approaches tailored to individual needs [15]. Medication alone is not enough to treat EDs.
The guideline committee also found that physical therapies such as transcranial magnetic stimulation, acupuncture,
weight training, yoga, and warming therapy should not be included in treatment plans, as there is little reliable evidence
that they help people recover. However, if someone is facing severe electrolyte imbalance, malnutrition, dehydration, or
signs of organ failure, they should receive urgent medical care [15].

Cognitive behaviour therapy for EDS (CBT-EDs) is considered the first-line treatment for BN and BED. In
contrast, for AN, no level A evidence-based psychotherapeutic treatment exists; however, treatment guidelines
recommend manualized psychotherapeutic interventions [19]. Resistance to change and high comorbidity reduce
treatment effectiveness and increase relapse rates [20]. Treatment for EDs usually tries to reduce symptoms by using
main strategies: helping people eat regular, balanced meals and working on problems like low self-esteem,
perfectionism, and trouble handling emotions. Treatment also helps people learn what sets off their EDs symptoms, like
wanting to exercise too much, vomiting, or skipping meals, by keeping track of their own behaviour. Even with these
strengths, research shows that less than half of people with EDs who get proven treatments will fully recover [21]. This
calls for innovative diagnostic and treatment approaches that truly reflect the unique needs of every patient.

All people with AN should get support from different types of professionals, including learning about the disorder,
checking their weight, mental and physical health, and any risks. They should also get advice about food and eating, but
the guidelines do not say exactly what kind. The main goal is to help the person with AN reach a healthy weight or BMI
for their age [15]. The guideline says that everyone with BED should be offered a self-help program focused on BED.
If this is not suitable, not recommended, or does not work, group or one-on-one CBT-ED should be offered. People with
BN should be told that therapy does not have much effect on body weight. Adults should be offered a self-help program
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for BN that uses cognitive behavioural self-help materials for EDs. This self-help should include a series of short support
sessions. The guidelines suggest 4 to 9 sessions, each lasting 20 minutes, over 16 weeks, starting with weekly sessions.
If self-help is not suitable, not recommended, or does not work after 4 weeks, adults with BN should be offered one-on-
one CBT-ED [15]

Application of Al in Identifying Mental Health Issues Associated with EDs

Al is becoming more common in healthcare, with new tools being created to help prevent diseases, find health
problems, and suggest treatments [22]. Harnessing Al leads to earlier disease detection and diagnosis, opening the door
to timely interventions that can help prevent serious outcomes. However, Al technology is not yet extensively used in
clinical practice for EDs or mental health conditions [23] This is reasonable because Al research and technology are still
in their early stages, and much still needs to be learned about their capacities.

Advances in technology, especially in Al are ready to transform how mental health care is delivered. Al refers to
computer systems capable of tackling responsibilities that require human intelligence, such as problem-solving,
language understanding, pattern recognition, decision-making, and planning [24]. New technology, particularly Al,
might change how mental health care is given. Al can help individuals to solve difficult problems in mental health, as
able to detect how an illness will develop, helping with diagnosis and treatment choices, and sorting or organising patient
reports. Popular language models that can have real-time conversations (like ChatGPT) can write up observations about
patients, suggest possible diagnoses from health records, and give support resources to individuals seeking help. Al can
be designated as computer systems that do tasks that usually need human intelligence, such as solving problems,
understanding language, observing patterns, making findings, and planning [25]. Al stands ready to revolutionise mental
health care, update diagnoses, guide treatment choices, and ease administrative burdens. Embracing this technological
wave is essential for the speciality to move forward.

ML models have demonstrated strong performance in diagnostic classification for EDs. A study using regularised
logistic regression incorporating psychosocial data achieved AUC-ROCs of 0.92 (95% CI: 0.86—0.97) for AN and 0.91
(95% CI: 0.85-0.96) for BN, even when excluding BMI from the analysis. These models also demonstrated high
transdiagnostic potential, accurately classifying major depressive disorder and alcohol use disorder from healthy
controls (AUC-ROCs: 0.75-0.93). Shared predictors across disorders included neuroticism, hopelessness, and
symptoms of attention-deficit/hyperactivity disorder [26].

In longitudinal risk prediction, ML models exhibited moderate performance in predicting the development of
future EDs symptoms (AUC: 0.71, 95% CI: 0.67-0.75), depressive symptoms (AUC: 0.64, 95% CI: 0.60—0.68), and
harmful drinking (AUC: 0.67, 95% CI: 0.64—0.70) in adolescents aged 14 to 19 years [26]. Natural Language Processing
models applied to social media data have demonstrated feasibility in detecting ED symptoms at scale. Fine-tuned large
language models such as Mental BERT achieved an accuracy of 98.9% and an Fl-score of 98.8% for early risk
assessment of anorexia from social media posts [27] . Research supports the feasibility of harnessing social media data
to identify individuals with ED symptoms, though these systems are not transparent and show room for improvement
[8].

Al proves substantial capability in the prevention and treatment of EDs and body image disturbances [28]. Current
research indicates that Al can accelerate the assessment of emotional eating, defined as eating in response to negative
emotions, among individuals with obesity. This method has the potential to enable large-scale assessment. The Al model
integrated a comprehensive set of clinical variables to inform its algorithms [29]. Three major variables were maintained,
each consistent with established clinical understanding and reports. The first, “I eat to forget my problems,” underlines
the effect of anxiety and stress in substance-use disorder [29]. The second, “I eat more when I am alone,” relates to
loneliness and avoiding social isolation [29]. The third item, “I eat sweets or comfort food,” measures consumption
frequency, which may reflect addiction severity. These items are closely linked to BED and emotional eating. Further
research should validate the FAST nomogram in large sample-size populations, focusing on sensitivity, specificity, and
relevance for EDs.

A recent study examined clinician and community perspectives regarding the application of Al in EDs
management. Results indicated that 59% of clinicians, most of whom use ChatGPT, integrate Al systems into their
practice. In contrast, 18% of community participants employ these tools for educational or support purposes [7]. Only
one-third of participants in both groups believe that the benefits of Al outweigh its risks in treatment. These findings
indicate ongoing caution and uncertainty concerning the broad implementation of Al in EDs care [7].

AI Applications for Detecting Specific Psychopathological Manifestations in EDs

EDs are frequently complicated by comorbid psychiatric conditions that significantly impact treatment outcomes
and prognosis. Recent Al research has increasingly focused on detecting these specific psychopathological
manifestations using various computational approaches. Depression and anxiety are the most prevalent comorbidities in
EDs, affecting over 50% of individuals with EDs [26]. ML models have been developed to detect depressive symptoms
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from ecological momentary assessment data, with GPT-40 demonstrating 100% accuracy in identifying worsening
depression patterns and 83% accuracy for worsening anxiety patterns in psychiatric digital phenotyping data [30]. These
models can process multidimensional data streams to identify early warning signs of symptom deterioration.

Despite the elevated mortality risk in EDs, particularly in AN where mortality rates are approximately six times
higher than the general population [26] , Al detection of suicidality in ED populations remains under-researched. Current
approaches primarily rely on NLP analysis of social media text or clinical notes to identify suicidal ideation, but specific
applications for ED populations require further investigation. Obsessive-Compulsive Symptoms (OCD) frequently co-
occur with EDs, particularly AN. While Al models have been developed for OCD detection from social media data and
clinical text, their application specifically to ED populations represents an emerging area requiring dedicated research.
Al-driven analysis of ecological momentary assessment (EMA) data has demonstrated utility in detecting emotional
dysregulation patterns. A proof-of-concept study using autoencoder-based analysis of high-dimensional EMA data from
EDs patients identified distinct symptom phenotypes anchored in eating anxiety, with the Mistakes Exposure module
producing the largest shifts in eating-related anxiety [31] . The AI model achieved Root Mean Square Error (RMSE) =
0.25 and R* = 0.8 in reconstructing symptom patterns, and a four-cluster solution yielded distinct, interpretable symptom
phenotypes [31].

The pervasive nature of ED-related content on social media platforms offers an unprecedented opportunity to
detect signals of ED symptoms. Content tags, topic modelling, and NLP have been researched as methods to identify
individuals with ED symptoms. However, social media platforms' automated detection systems for moderating harmful
content are not transparent and show room for improvement, highlighting the importance of ED experts' involvement
[8]. Psychological research has identified specific linguistic patterns and behavioural markers associated with anorexia,
making social media data a promising tool for early detection. Digital phenotyping uses sensor data collected via
smartphones to derive real-time behavioural, social, or environmental metrics that can be analysed to infer mental states
[10]. Sophisticated capabilities like digital phenotyping and natural language processing may aid the detection of EDs
in new ways while also informing the development of closed-loop, adaptive interventions [10].

Digital Solutions for EDs Patients

Several studies have developed digital solutions for patients with EDs, improving treatment accessibility and cost-
efficiency. Examples include an app for monitoring and addressing depression and EDs symptoms, a decision tree
chatbot for psychoeducation and body image coping skills, and a conceptual app for BED and BN that delivers just-in-
time adaptive interventions based on predicted behaviours [32]. Furthermore, the implementation of an embodied
question-answering system for EDs treatment and a reinforcement learning-based remote coaching intervention for
weight loss resulted in significant cost reductions in remote coaching [33].

A smartphone tool integrated with Al systems

Individuals with EDs may benefit from smartphone application-based interventions and monitoring tools, given
that the ego-syntonic characteristics of these conditions frequently result in ambivalence toward behavioural change
[34]. These applications enable users to participate in treatment at their own pace, supporting autonomy and control
throughout the therapeutic process [35]. The scalability, flexibility, and affordability of these applications suggest they
are promising solutions for addressing barriers inherent in traditional clinical services.

Recent research indicates increasing interest in smartphone-based intervention and monitoring tools among
individuals with EDs [36].With global smartphone ownership nearing 90% and internet access more common on
smartphones than computers, smartphone tools offer impressive scalability [37]. Recent studies showed that convinced
individuals desire digital tools over conventional face-to-face methods, especially for symptom management and
progress tracking outside formal therapy [38]. Physicians have also shown openness to using apps as assistants to
treatment to support engagement between sessions [39]. The results indicate a moderate level of excitement and
acceptability involving smartphone technology among individuals with EDs, underscoring its capacity to complement
traditional treatment methods and broaden access to supplementary support options.

Smartphones are now used at different stages of EDs treatment. As self-management tools, apps help participants
to monitor their symptoms, practice coping strategies, and reinforce healthy behaviours between or outside therapy
sessions [40]. They are increasingly integrated into traditional treatment structures. For example, patients may utilise
applications in conjunction with psychotherapy to improve adherence to treatment plans, complete assigned tasks, and
record emotions and behaviours in real time. This approach enables more focused and effective therapeutic dialogues
[39]. Aftercare represents a implying application, as digital applications can offer ongoing access to resources and
monitoring after discharge from intensive treatment, thereby supporting relapse prevention [41].

Emerging hybrid models of care progressively utilise smartphone data to inform medical decision-making. Real-
time passive and active data streams can alert contributors to early indicators of symptom deterioration, enabling timely
involvement [42]. Monitoring EDs symptoms through smartphones has been extensively explored using EMA devices
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[43]. Smartphones are a natural fit for this approach because they travel everywhere with us, are always within reach,
and can quietly gather information as people go about their habits. This allows EMA to overcome the major drawbacks
of conventional assessments, which often miss the real-world context, rely on imperfect memories, and overlook the
ups and downs of daily experiences.

Chatbots and EDs

Clinical studies on chatbots are rapidly increasing, given the substantial potential of this area. Chatbots can open
doors to inexpensive or even free treatment support, reaching more populations with proven help and serving as a vital
first step to connect individuals with the care they require. By combining these interventions with mobile sensing
technology, support can be designed and delivered directly to those most at hazard [44]. By tapping into the rhythms of
our mobile phone use, this approach discovers each person's distinct patterns of risk and recovery as they progress. Will
this daring vision for healthcare truly open the door to mental health prevention for anyone with a smartphone, or are
we chasing a dream that technology cannot yet deliver? The real answer will emerge only as a new generation of robust
studies, using creative tools like digital control groups, such as chatbots that offer unrelated advice, to put these ideas to
the test. While early studies without such controls will still play a vital role as pilots, the future lies in research that
pushes the boundaries of feasibility and explores placebo-controlled outcomes to help us decide which chatbots deserve
to lead the way [45].

Deciding when to bring chatbots into treatment teams remains a complex challenge, as does keeping their software
up-to-date to protect the well-being of actual humans [20]. Al is still finding its base in the mental health field, falling
short of replacing the vital role of human staff. Just recently, the National Eating Disorders Association (NEDA) pulled
its chatbot from the help hotline after it was found giving advice that could do more harm than good [46]. At first, NEDA
brushed off the advocate's claims, only to quietly erase their statement once evidence began to back up the allegations
[46]. The study also recounted the heartbreaking case of a Belgian man who took his own life following conversations
with an Al chatbot on the Chai app [46].

When a widely distributed ED chatbot gave troubling advice, it was unclear whether the team behind it had fully
considered these risks before allowing users to interact with it. A further complication is that chatbots often stray from
precise rules, occasionally missing warning signs in users' language and reacting inappropriately [20]. An individual
cannot simply assume the outcomes from rule-based chatbots to carry over to Al chatbots, nor can one count on an Al
chatbot behaving the same way after a software upgrade [47]. Attacking these challenges calls for fresh momentum in
both clinical research and the evolution of Al technology for healthcare. Clinically, any chatbot, whether rule-based or
Al-driven, must be backed by strong scientific evidence. On the technology front, developers and their multidisciplinary
teams should openly recognise limitations and capability biases [20]. Multidisciplinary teams assume the vital duty of
ensuring ethical, safe care, even as they navigate landscapes with few established standards and best-practice protocols.

Safety and Ethical Considerations of The Usage of Al in EDs

LLMs, including ChatGPT and other generative Al systems, have generated considerable interest in mental health
applications. These models can assist with tasks such as creating structured summaries of patient information,
identifying possible diagnoses using medical data, and offering preliminary support [48]. However, their clinical utility
must be critically examined. Al triggers excitement with its potential to transform prevention and treatment services,
yet its rapid evolution may be outpacing the ethical measures meant to guard users. Research shows that even as
technology and Al become more dominant in the field of EDs, challenges around body image persist, underscoring the
ongoing need for ethical and safe practices [20].

Current research on ChatGPT's ability to provide information about EDs reveals both potential and significant
limitations. A recent review found that ChatGPT's answers do not always provide definitive results and may lead to
confusion in determining the type of ED. Ethical principles must be followed when using these tools, including
contributing to society and human well-being and not causing harm [48]. LLMs are known to produce hallucinations as
incorrect or fabricated information presented with confidence. In psychiatric digital phenotyping data interpretation,
GPT-40 demonstrated instances of hallucination, such as claiming patterns existed in data when none were present [30].
This phenomenon poses significant risks in clinical contexts where accurate information is essential. Generative Al tools
present evidence-based risks including inaccuracies, inconsistencies, hallucinations, and the potential to introduce
harmful biases into clinical decision-making [48]. No chatbot has been specifically designed to address concerns related
to negative body image , and studies have yet to clarify whether chatbots can improve eating disorder psychopathology,
depression, and anxiety or detect EDs in advance [48].

A widely publicised incident occurred when a generative Al chatbot, Tessa, delivered harmful dieting advice,
prompting significant concern and hesitancy among clinicians, patients, and advocacy groups. This incident involved
an unexpected activation of generative Al capabilities within a system originally intended to be rule-based, resulting in
conversational outputs that were not clinically appropriate. This case highlights the critical importance of safety,
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transparency, and community involvement in developing generative Al-supported ED tools [31]. A balanced perspective
recognises that while LLMs may eventually support mental health care by accelerating workflows and handling large
datasets, they are not designed to make definitive clinical judgments. Randomised controlled trials are needed to
compare the effectiveness of clinicians, generative Al, and the combination of both [48].

With Al-powered inventions advancing at a remarkable pace, we stand on the brink of a future where their
precision and capabilities rise. To ensure their successful integration into clinical practice for EDs, it is crucial to explore
what might help or hinder their adoption before widespread implementation becomes inevitable across medicine [25].
The way professionals and communities view Al can reveal just how deeply these tools might find their way into clinics
or reach those who need them most. For example, if physicians fear Al's accuracy or ethical risks, they may be unwilling
to accept these technologies into their daily work. Their doubts about whether Al can truly grasp the unique and obscure
nature of EDs could also push them to stick with tried-and-true, human-centred methods for assessment, diagnosis, and
treatment [49].

On the other hand, people seeking support might be cautious about Al-driven care and desire warmth,
understanding, and reassurance that only a human therapist can provide. Worries about privacy and the risk of Al
mishandling sensitive health information may also make many hesitant to use these digital solutions. Sometimes, Al
may fall short of putting the patient's needs first. If the system is poorly trained or lacks crucial information, it could
respond in ways that miss the mark. Without strong standards to measure how safe and effective these systems are,
uncertainty remains. There is also the risk that personal data could be traded or used for marketing by companies [50].
Studies have shown that both clinicians and community members worry that Al might be misused without proper
training, and that it introduces fresh challenges for protecting sensitive health data [7]. An additional arrest trend
emerged: both groups recognised clear boundaries for Al in treating EDs. Most felt that no matter how advanced
technology becomes, it could never exceed human clinicians in the deeply personal skills at the heart of psychotherapy,
such as showing empathy, imitating genuine connections, and guiding patients through emergencies [7].

Upcoming Guidelines to Address AI Challenges

Exploring how clinicians and societies distinguish and utilise Al in clinical care for EDs can help recognise
barriers, build trust in empirically validated Al tools, and drive the development of innovations that integrate effortlessly
into clinical systems [51]. Proactively distributing accessible training and educational resources on Al, including its
strengths, challenges, and legal considerations associated with widely used systems, can enhance clinician trust and
confidence during acceptance. Implanting this content into current curricula offers a practical pathway to initial
knowledge, allowing clinicians to stay informed without mastering every technical detail of Al [7].

Several priorities emerge for the responsible integration of Al into clinical practice. First, the development of
robust privacy and data security protocols is essential. This includes establishing clear and practical guidelines for
clinicians managing sensitive patient data with Al tools while ensuring that Al systems comply with the highest
international privacy standards, including the General Data Protection Regulation (GDPR) and the Health Insurance
Portability and Accountability Act (HIPAA) [23]. Regulatory and professional bodies should collaborate closely with
Al developers to establish clear standards for obtaining informed patient consent and ensuring that data are appropriately
anonymised or encrypted before use. In parallel, clinician training programs should emphasize the critical importance
of protecting patient confidentiality and increase awareness of the risks associated with entering sensitive information
into Al systems. To address current implementation challenges, Al technologies must demonstrate transparency and
accountability, supported by clearly defined operational and ethical standards. Safeguarding data privacy and security
should remain a central priority, while empowering patients to retain control over their personal health information [50].
Regular auditing and monitoring are also necessary to ensure the reliability, accuracy, and trustworthiness of Al systems.
Furthermore, multidisciplinary collaboration among clinicians, Al developers, ethicists, and policymakers is essential
to enhance the effectiveness and integrity of healthcare chatbots, particularly in settings with limited technological
resources [50]. Digital literacy programs may empower patients to engage more effectively with Al-enabled healthcare
tools, while user-friendly interfaces can improve accessibility for individuals with limited technological experience.
Finally, multilingual support is crucial to ensure equitable access and facilitate effective communication across diverse
patient populations [50].

Future research should reconsider current practices and perspectives, following their development as Al
technology develops and becomes more widely adopted in mental health care. As Al capabilities advance rapidly, such
studies can yield new insights into how evolving technology shapes the integration and effectiveness of Al in ED
research and clinical practice [7]. Al intended for human interaction must be developed with safety as a priority. Chatbots
designed for EDs and body image concerns must meet this standard, given the significant risk of harm from Al
responsibility [24]. Establishing a collaborative learning environment that draws on past errors can help reduce future
mistakes [20]. Considerate collaboration between clinicians and Al researchers, coupled with the mindful development
of Al models, can yield powerful, transparent, and equitable tools that empower clinicians in emergency departments
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and catalyse new medical discoveries. Finally, exploring how clinicians and communities view and use Al in clinical
care for EDs helps uncover obstacles, spark greater trust in Al tools once proven effective, and inspire innovations that
fit seamlessly into clinical routines [51]. Developers and researchers must pull back the shade on their chatbot training
methods and data sources, since the internet is still flooded with harmful content that could easily steer these systems in
the wrong direction [52].

The research and development team must carefully consider the intended end-users of any Al resource and ensure
authentic representation of the target community to prevent exclusion. Attentiveness to factors such as gender, language,
race, age, and comorbidities during the development process facilitates the creation of inclusive and reasonable answers
[53]. Each member of a multidisciplinary team contributes unique expertise that reinforces the success of an Al resource.
The findings and recommendations presented here establish a foundation for responsible Al use during the transition
toward a more technologically integrated research environment. Given the rapid evolution of generative Al, these
guidelines should be reviewed and updated at least annually to remain aligned with emerging technologies, ethical
standards, and the evolving needs of the field. Future efforts may benefit from the development of closed, secure Al
platforms specifically designed for the EDs research community or the broader research subdivision. Such platforms
would enable field-wide analyses that exceed the capabilities of individual research teams, institutions, or investigators.

The ED field can draw on lessons from other domains to evaluate smartphone technology that leverages Al to
enhance personalisation. Realising the potential of these tools requires addressing challenges related to engagement,
trust, data governance, and clinical integration [10]. Future large-scale, collaborative efforts aimed at transforming ED
care are needed [54]. Future research should prioritise developing robust privacy and data security protocols,
establishing clear standards for informed patient consent, and ensuring data anonymisation or encryption before use
[48]. Clinician training must emphasise the importance of protecting patient confidentiality and highlight risks
associated with inputting sensitive information into Al tools [48].

Conclusion

Artificial intelligence (Al) holds considerable promise for improving eating disorder (ED) care through earlier
detection, enhanced diagnostic support, and scalable digital interventions. However, despite encouraging findings, the
current evidence remains limited by methodological weaknesses, insufficient external validation, and significant ethical
and governance challenges. While rule-based digital tools appear feasible for clinical implementation under appropriate
supervision, more advanced Al technologies, particularly generative Al, require rigorous validation and robust
safeguards before routine clinical use. Future research should prioritize multicenter validation studies, transparent
regulatory frameworks, multidisciplinary collaboration, and the development of ethically designed Al systems to ensure
that these technologies complement rather than replace clinical judgment in ED care.
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