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ABSTRACT 

This narrative review examines whether Large Language Model (LLM)–based chatbots can help close the global mental 
health treatment gap while weighing their public-health risks. We synthesize peer-reviewed studies and relevant case reports 
to: (1) map the dimensions of the mental health treatment gap, (2) describe how recent LLM advances have changed chatbot 
capabilities, (3) explore how chatbots can address the dimensions of the gap, (4) evaluate evidence for clinical effectiveness, 
and (5) outline major safety, ethical, and policy concerns. Findings indicate that chatbots offer scalable, always-available, 
and low-cost support that can reduce barriers related to stigma, geographic and temporal access, affordability, and mental-
health awareness. We found that the evidence supports chatbot interventions’ efficiency in small-to-moderate short-term 
reductions in depression and anxiety symptoms, while the long-term effects and use in other disorders remain largely 
unexplored. However, LLM chatbots also present clear risks: hallucinations and clinically inappropriate responses, 
amplification of stigma or bias, user dependence, and significant data-security vulnerabilities. Importantly, most widely used 
generalist LLMs lack rigorous clinical validation. We conclude that LLM chatbots are a persistent feature of the mental-
health ecosystem whose benefits can be realized only with robust safety guardrails, transparent evaluation, integration into 
stepped-care pathways, and proactive regulation. 
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Introduction  

Addressing mental health issues remains one of the most urgent public health priorities. By the age of 75, 

approximately half of all people will experience at least one mental disorder (McGrath et al., 2023). These 

conditions cause profound distress not only for affected individuals, but also for their families and communities. 

According to the 2021 Global Burden of Disease Study, depressive disorders rank as the second-leading cause of 

disability worldwide, and anxiety disorders as the sixth. Other major contributors include schizophrenia, 

Alzheimer’s disease and other dementias, autism spectrum disorders, and substance use disorders. Between 2010 

and 2021, age-standardized disability-adjusted life-years (DALYs) increased by 16.4% for depressive disorders and 

by 16.7% for anxiety disorders (The Lancet Psychiatry, 2024). The worldwide divergence between the number of 

people needing treatment for mental disorders and the number that are receiving treatment, known as the mental 

health treatment gap, remains an alarming public health concern (Evans-Lacko et al., 2018).  

The COVID-19 pandemic further deepened this crisis, both through widespread societal disruption and via 

direct neurological and psychiatric effects in some individuals following SARS-CoV-2 infection (Penninx et al., 

2022). Daily life was profoundly altered: prolonged isolation, loss of work and social connection, and, for many, 

the grief of losing loved ones. In this environment, digital spaces became a lifeline — offering both meaningful 

connection and, at times, unhealthy escapes. Within this shift, AI-powered chatbots moved from niche experiments 

to widely used tools. In 2021, a U.S. survey reported that 22% of adults had used a mental health chatbot, with 

nearly 60% of these users beginning during the pandemic. Notably, 44% relied solely on chatbots without consulting 

a human clinician (Zagorski, 2022). More recent findings indicate widespread use of LLMs for mental health; 

48.7% of respondents that used these systems in the past year and self-reported ongoing mental health condition 

claimed they had sought psychological support from them. The most common reasons were anxiety (73.3%), 

personal advice (63.0%), and depression (59.7%). Overall, 63.4% said their mental health improved through such 

interactions, rating practical advice (86.8%) and overall helpfulness (82.3%) highly. Comparisons with human 
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therapy were largely neutral to positive, with 37.8% considering LLMs more beneficial than traditional approaches. 

Only 9% reported harmful responses (Rousmaniere et al., 2025). 

The rapid uptake of such technologies reflects both unmet needs and structural limitations within existing 

mental health systems. During the pandemic, restrictions on in-person care and heightened psychological distress 

created a demand for scalable, always-available, and low-cost forms of support. The 24/7 accessibility of chatbots, 

their lack of geographical constraints, and their perceived privacy made them a desirable first-line option, 

particularly in settings where professional care was scarce or delayed (Chin et al., 2023). 

While many users view mental health chatbots as a helpful, usable, and acceptable resource, this positive 

reception conceal a more complex reality. Concerns persist about the tools' limitations, including their lack of 

genuine empathy, a tendency toward repetitive responses and reinforcement of unhelpful beliefs and the 

possibility of hallucinations (A. A. Abd-Alrazaq et al., 2021; Mayor, 2025). 

In this paper we want to reflect on the following questions: 

What is the mental health treatment gap and what are the dimensions of it? 

How have advancements in chatbot technology, such as Large Language Models, redefined the 

landscape and the expectations for their application in mental health? 

How and to what extent chatbots can address various dimensions of the mental health treatment gap?  

What is the evidence of chatbot-based interventions in improving mental health outcomes? 

What are the main public health considerations when using chatbots for mental health? 

What critical research questions and development priorities exist for advancing the use of chatbots in 

mental health? 

 

Methodology 

Relevant literature was searched for on 27.06.2025 using PubMed, GoogleScholar, ScienceDirect and 

Cochrane Library. Key words included "mental health”, "chatbots”, "large language models” and "artificial 

intelligence”. Randomized controlled trials, meta-analyses and observational studies were prioritized. 

 

Results 

1. The Mental Health Treatment Gap 

For the past two decades, the discourse surrounding mental healthcare challenges has largely been 

framed by the concept of the 'mental health treatment gap.' It is based on the presumption that the majority of 

people suffering from mental disorders does not receive appropriate care, even though efficient treatment 

options exist. The famous 2004 study reports that the median treatment gap for schizophrenia, including other 

non-affective psychosis, was 32.2%. For other disorders the gap was: depression, 56.3%; dysthymia, 56.0%; 

bipolar disorder, 50.2%; panic disorder, 55.9%; GAD, 57.5%; and OCD, 57.3%. Alcohol abuse and 

dependence had the widest treatment gap at 78.1% (Kohn et al., 2004). The results World Health Organisation 

World Mental Health Survey, that was conducted in 24 countries with 63 678 participants, show that only 

13.7 % of 12-month DSM-IV/CIDI cases in lower-middle-income countries, 22.0% in upper-middle-income 

countries, and 36.8% in high-income countries received treatment (Evans-Lacko et al., 2018). Stigma, limited-

service availability (due to lack of financial resources as well as shortages of trained personnel) (Luitel et al., 

2017; Mongelli et al., 2020; Wainberg et al., 2017) have been considered the main reasons for this phenomenon. 

However, it has been discussed that low perceived need and awareness (Roberts et al., 2022) are mentioned as 

other potential explanations. International efforts, such as the World Health Organization's Mental Health Gap 

Action Program (mhGAP), have aimed to integrate mental, neurological, and substance use care into primary 

care and community levels (World Health Organization, 2023). While systemic reviews indicate a significant 

impact of mhGAP on training, patient care, and research, universal availability of much-needed care remains 

a distant goal (Keynejad et al., 2021). 

 

2. Chatbots and the Large Language Model Based Revolution 

Chatbots are intelligent computer systems that are designed to mimic human conversation in its natural 

form. They can be interacted via a smartphone app or web browser simultaneously by many users (Caldarini 

et al., 2022). The usual uses of a chatbot include customer service, answering questions on a topic or 

entertainment. Chatbots have already been used in healthcare for decades (A. Abd-Alrazaq et al., 2019). 

Early conversational agents, such as ELIZA (Weizenbaum, 1966), offered one of the first 

demonstrations of natural language interaction between humans and computers.  ELIZA’s most famous script 
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simulated a Rogerian psychotherapist, reflecting user statements back as open-ended prompts (e.g., "You say 

you feel anxious—can you elaborate?"). While this gave the impression of understanding, the system relied 

on pattern matching and keyword substitution, without any true comprehension or contextual awareness. As a 

result, interactions were shallow, easily breaking down when the conversation moved beyond anticipated 

patterns. What is interesting, despite these limitations, people were willing to anthropomorphize the chatbot 

(so called ELIZA effect) and willingly disclose personal information to it (Weizenbaum, 1966). 

Over the following decades, finite‑state and frame‑based dialogue managers expanded chatbots’ capabilities 

through larger, hand-crafted response libraries. That allowed for attempting using one to deliver a cognitive-

behavioural therapy. An early trial showed that there was no significant difference in the reduction of depressive 

symptoms measured by the Beck’s inventory between patients who received the therapy from a human therapist 

and from a chatbot. However, the participants generally perceived the human-delivered therapy as more informative, 

and the study was limited by small number of participants (12 in each group) (Selmi et al., 1990). The ideal 

interactive program for patients, as proposed by W. Slack called for medical soundness, user‑friendliness, genuine 

interactivity, patient autonomy, confidentiality, speed, reliability, and rigorous evaluation before release (Slack, 

2000). This vision highlighted the considerable gap between existing capabilities and what was required for 

meaningful mental health engagement. Systematic reviews confirm that early health conversational agents remained 

predominantly task‑oriented and rule‑based, constraining open‑ended interaction, contextual understanding, and 

emotional nuance (A. Abd-Alrazaq et al., 2019; Laranjo et al., 2018). 

The advent of large language models (LLMs) has, in many respects, narrowed this gap. The LLMs are 

types of generative artificial intelligence that are trained on large corpora of text. They can process and generate 

text with coherent communication and generalize to multiple tasks (Naveed et al., 2023). Early 

sequence‑to‑sequence neural models (Sutskever et al., 2014) enabled data‑driven generation, but recurrent 

neural networks (RNNs) still struggled with context retention and diversity (J. Li et al., 2016). Transformer 

architectures (Vaswani et al., 2017) revolutionized this field, allowing LLMs such as GPT‑3 (T. B. Brown et 

al., 2020) to sustain multi‑turn context, produce semantically rich and stylistically adaptive responses, and 

respond across diverse domains with remarkable fluency. 

In mental health contexts, these advances have reshaped expectations. Modern LLMs satisfy many of 

Slack’s original criteria: they are intuitive to use, adapt to a user’s style and needs, and provide choice and 

autonomy in interaction. Yet their opaque decision-making (Ali et al., 2023) and rapid, unregulated 

deployment without rigorous trials introduce new concerns. At the same time, they increasingly serve not only 

informational and therapeutic purposes but also as emotional companions in attempt to counter loneliness and 

social isolation (T. Xie & Pentina, 2022). A substantial share of users engages with chatbots primarily for 

companionship, with some reporting reduced loneliness after sustained interaction (Vaidyam et al., 2021). 

Systems such as ChatGPT, Gemini, Claude or Grok are able to simulate empathy, adjust tone dynamically, 

and sustain personalized exchanges over time – capabilities unimaginable in earlier generations. 

The share of U.S. adults who have used ChatGPT has nearly doubled since 2023, reaching 34%, while 

80% are now aware of its existence. Among adults under 30, a majority of 58% report having used it in the 

past year (Olivia Sidoti & Colleen McClain, 2025). A 2023 survey found that AI chatbot users, utilize them 

primarily for quick support (60%) and as a personal therapist (47%) (Cross et al., 2024).  

The chatbot experience transitioned from rigid, scripted interactions with niche scientific projects to 

adaptive, emotionally attuned dialogue. LLM chatbots have disrupted the way how people gain knowledge, 

look for help or even seek a remedy for loneliness. They blur the line between a tool and a companion, opening 

possibilities for scalable, personalised support, while introducing challenges related to inadequate or false 

responses, bias and dependency. These shifts are not merely signs of technological evolution in chatbots, but 

a redefinition of their place in the mental health landscape. 
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3. Addressing Dimensions of Mental Health Treatment Gap with the use of Chatbot-based 

Interventions. 

3.1 Stigma 

One important factor comprising for the mental health treatment gap is stigma associated with mental 

disorders (Roberts et al., 2022). Stigma, in the context of mental health, refers to the negative attitudes, beliefs, 

and behaviours directed towards individuals with mental illnesses. It encompasses both public stigma (the 

prejudice and discrimination from the general population) and self-stigma (the internalized prejudice that 

individuals with mental illness turn against themselves), often manifesting through stereotypes, prejudice, and 

discrimination (Corrigan & Rao, 2012). However, the fear of being stigmatized rarely leads individuals to 

change behaviour but rather prompts them to conceal it (e.g. drinking in secrecy) (Goffman, 1974). The mere 

fear of being exposed as mentally ill (be it either in front of society or oneself) does not prevent but rather 

makes the distress more severe. Consequently, stigma presents a formidable barrier to mental health care, 

acting as a complex, multi-layered phenomenon that profoundly influences help-seeking behaviours, treatment 

adherence, and overall recovery outcomes, thereby perpetuating a cycle of suffering and social exclusion 

(Clement et al., 2015). 

There are two main qualities of chatbots that bring a promise of mitigating the effects of stigma: their 

inherent privacy and perceived non-judgemental nature. This allows users to interact without the fear of social 

repercussions or judgment often associated with disclosing mental health concerns to another human (Haque 

& Rubya, 2023; Sweeney et al., 2021). Such an environment can significantly lower the barrier to seeking 

initial help, encouraging individuals who might otherwise avoid traditional care to engage. The interactions 

with chatbots are typically perceived as private, fostering a sense of security that can make users more 

comfortable sharing sensitive information (Pan et al., 2024). This perceived confidentiality creates a low-stakes 

environment for individuals to explore their feelings and symptoms, serving as a crucial first step before 

potentially seeking human intervention.  

The anticipated privacy might prove deceptive. While the users do not need to face the social stigma 

connected with sharing their symptoms, the logs of their conversation are being kept by the chatbots’ providers 

and are susceptible for data breaches. When confronted with the logs of their conversations, users tend to admit 

that they disclosed more information about themselves than they intended to (Gumusel et al., 2024a). The 

sensitive information may be used for social-based personalization, behavioural profiling, and location-based 

personalization. If stolen, the risks of marketing data misuse, unauthorized access to personalized software or 

physical accounts and devices, and discrimination arise (Toch et al., 2012). The risk is underscored by 

notorious incidents like in the case of Cambridge Analytica where personal data of millions Facebook users 

was captured and used for political advertising (Boldyreva et al., 2018). Should malicious actors gain access 

to this information, trust and anonymity that had made these tools initially attractive would be undermined. 

Beyond individual interaction, research indicates that chatbot-based social contact interventions can 

actively contribute to broader stigma reduction (Song et al., 2025). In a recent study, participants were prompted 

with 7 vignettes over the course of 2 weeks. The vignettes described the same person experiencing symptoms of 

depression. Then they were asked questions designed to disclose their potentially stigmatizing attitudes toward 

mental illness. This was followed by a conversation with chatbots giving either stigmatizing or not stigmatizing 

interpretations and showing varying levels of self-disclosure. The researchers found that the chatbot featuring 

non-stigmatizing interpretations and non-stigmatizing self-disclosure was most effective in reducing the 

participants’ stigmatizing attitudes (Cui et al., 2024). These findings underscore the critical responsibility of 

chatbot-based service providers to meticulously curate their products for positive social impact.  

Conversely, there's a risk that current chatbots, if not aligned properly, might intensify stigma. They 

could do this by amplifying existing stereotypes and prejudiced attitudes. This vulnerability stems from the 

fact that the transformer technology – the foundation of modern Large Language Model-based chatbots is 

trained on immense volumes of text. The data include social media content that inherently contains a wide 

spectrum of, at times, unfavourable opinions and behaviours (Bender & Friedman, 2018). 
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3.2 Limited Service Availability 

3.2.1 Geographical and Timely Limitations 

The limited availability of mental health care globally stems from a confluence of factors, primarily a high 

demand (McGrath et al., 2023; Penninx et al., 2022; The Lancet Psychiatry, 2024; Wainberg et al., 2017) confronted 

by a severe shortage of trained personnel  (Endale et al., 2020) and insufficient funding (Mahomed, 2020), 

particularly pronounced in low- and middle-income countries (Phelan et al., 2022). Furthermore, geographic 

isolation significantly compounds reduced access to healthcare in many regions (Morales et al., 2020). 

Conversational agents offer a compelling solution to bridge these access gaps. They provide 24/7 

availability, ensuring immediate support regardless of language, time zones or traditional clinic hours, which 

is crucial for individuals experiencing distress at any time. Their online nature allows access from any location 

with an internet connection, effectively overcoming geographical barriers, especially in rural or underserved 

areas where mental health infrastructure is sparse. Innovations like Starlink, utilize satellite technology for 

internet connectivity, thus extending the potential reach of chatbot-based solutions to even the most remote 

areas globally (Shaengchart & Kraiwanit, 2023).  

By offering initial support, screening, psychoeducation, and even guided self-help modules, chatbots 

can potentially alleviate pressure on overstretched mental health services and contribute to reducing long 

waiting times for human therapists, acting as a triage or first-line support system (Kosyluk et al., 2024; 

Rollwage et al., 2023a; Van Der Schyff et al., 2023). For instance, the Limbic Access AI chatbot, which has 

gained medical device certification, has demonstrated a 2-day reduction in time to clinical assessment and 5-

day reduction in time to treatment in United Kingdom’s National Health Services. Its ability to gather 

information through a supportive chatbot conversation and deliver effective triage significantly reduces the 

workload for clinicians, allowing them to focus more on direct patient care and leading to shorter wait times 

and higher attendance recovery rates for patients  (Habicht et al., 2024; Maleki Varnosfaderani & Forouzanfar, 

2024; Rollwage et al., 2023b). This aligns with broader observations that AI-powered tools can support 

healthcare professionals in providing personalized care more quickly, potentially preventing the development 

of severe mental illness outcomes and thus alleviating pressure on services (Olawade et al., 2024). 

However, the promise of universal access to mental healthcare through chatbots is tempered by several 

limitations. Chatbots are not suitable for severe mental health crises requiring immediate human intervention, such 

as active suicidality or acute psychosis. In these urgent cases, the online-first approach could provide a false sense 

of security and as a result postponing an emergency call or hospital admission.  The delay of treatment could turn 

out detrimental to treatment outcomes (Drake et al., 2020) or even fatal (Deisenhammer et al., 2009).  

This limitation is further compounded by how mental illness itself can compromise an individual's 

motivational and self-advocacy capacities, particularly for those who are socially marginalized (J. E. H. Brown 

& Halpern, 2021). Conditions like severe depression can lead to reduced hope, lower self-esteem, and 

decreased motivation to pursue therapeutic goals(Curley et al., 2019), thus making the proactive engagement 

required for the use of digital tools challenging without human encouragement (Bailey et al., 2024). 

 

3.2.2 Affordability of Care 

The economic burden of mental illness is substantial, marked by insufficient public funding  (Mahomed, 

2020) and a relatively high out-of-pocket economic burden for individuals seeking care(Gao & Olfson, 2025). 

This financial barrier disproportionately affects individuals in low- and middle-income countries, where 

mental health services are often under-resourced (Chisholm et al., 2019). 

Conversational agents offer a compelling solution to enhance the affordability of mental healthcare. The 

development and deployment of chatbots are generally less expensive per user than training and employing 

human therapists, allowing for the provision of low-cost services to a broad audience. Many general-use 

chatbot services are indeed available for free within certain limits, making them appealing to populations who 

cannot afford traditional therapy (Khawaja & Bélisle-Pipon, 2023). Their scalability is a key economic 

advantage: a single chatbot can simultaneously serve millions of users, drastically reducing the per-user cost 

compared to one-on-one human therapy. This enables the creation of tiered support models, where chatbots 

provide a cost-effective first tier of support, reserving more expensive human resources for complex cases that 

necessitate specialized intervention  (Kuhail et al., 2025). Adaptation of the chatbot solutions could lead to 

significant long-term economic benefits by reducing the economic burden of untreated mental disorders, 

including lost productivity and decreased healthcare utilization (Christensen et al., 2020). 
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However, the perceived affordability of chatbots is subject to several nuances and potential limitations. 

While the direct cost to the end-user might be low, the initial development, fine-tuning and maintenance of 

sophisticated, effective chatbots, especially those leveraging large language models, can still be substantial 

(Xia et al., 2024). It is important to remember that the Large Language Model based chatbots come with a 

significant ecological burden, mainly because of their immense electricity and water consumption (A.Shaji 

George et al., 2023). Such investment is further complicated by the possibility that the advantage of 

affordability can be diminished by substantial costs associated with medical device certification and regulatory 

compliance for mental health chatbots (Baines et al., 2023). The total cost of bringing novel complex medical 

device to market might be ten times bigger than the cost of its development (Sertkaya et al., 2022). Furthermore, 

as of 2025, according to the best knowledge of the authors, the chatbot based solutions are not covered by 

traditional health insurance, placing the financial burden back on the patient.  

 

3.2.3 Low Perceived Need and Awareness 

The availability of mental health treatment is a problem on the supply side of the mental health treatment 

gap, while low perceived need and awareness are some of the reasons behind low demand. It is the former that 

by far outnumbers other reasons for not seeking treatment for mental health problems The World Mental 

Health Survey finds (Andrade-Arenas & Yactayo-Arias, 2024). One explanation for these results might be that 

the lack of perceived need for treatment is caused by the insufficient mental health education. Studies show 

that mental health literacy positively correlates with help seeking behaviour (Akakpo & Neuerer, 2024; Baklola 

et al., 2024; Yang et al., 2024). Individuals might be not aware that the distress they are experiencing is a 

symptom of a manageable disorder. 

Chatbots can be very impactful for increasing the mental health literacy, as they allow for highly 

approachable, personalised, conversational psychoeducation. The are capable of adapting explanations and 

content delivery based on user interactions and expressed needs. Unlike generic brochures or websites, 

chatbots can break down complex mental health concepts into digestible fragments and demonstrate them on 

personally relatable scenarios. The chatbot is always available, infinitely patient, non-condescending and able 

to match the communication style of the user (Zhu et al., 2025). General-purpose chatbots are trained to 

response with empathy and suggest seeking professional help when prompted with symptoms of a mental 

disorder. Some providers claim that their chatbots are aligned to avoid encouraging or ignoring harmful ideas 

and should provide emotional support and resources like a suicide prevention line telephone number. Other’s 

policy is to deny conversation on the topic and suggest seeking help with trusted people or medical 

professionals. However, there is lack of evidence on how consistent this behaviour is. 

Chatbots can also answer follow-up questions about the potential disorder causing experienced 

symptoms and provide information about possible treatment. It allows for increase in mental health literacy, 

helping individuals understand the nature of mental health conditions. Nevertheless, the risk of hallucinations 

prevails – plausible answers that a chatbot gives may turn out factually incorrect (Sun et al., 2024).  

The ability to pick up symptoms of a mental disorder is supported by the growing number of research 

papers that show great potential of AI systems based on Large Language Models in medical diagnosis. They 

consistently meet or even surpass the diagnostic accuracy of experienced physicians (Brodeur et al., 2025; Goh 

et al., 2024). This diagnostic capability makes them accessible and non-intimidating entry points into mental 

health information and self-assessment. The limitation of these trials is that they used static clinical vignettes 

which do not reflect dynamic, complex and often ambiguous nature of diagnostic process. Some newer studies 

on specialized LLM-based conversational diagnostic systems like Articulate Medical Intelligence Explorer 

(AMIE) from Google (Saab et al., 2025; Tu et al., 2024) and MAI Diagnostic Orchestrator (MAI-DxO) from 

Microsoft (Nori et al., 2025) have shown impressive results in a more-true to life sequential scenarios. The 

system was not prompted with the whole clinical vignette at the beginning but only some initial information 

while the remaining is provided upon specific questions or requested examination. Paired with OpenAI’s o3 

LLM, MAI-DxO delivers 81.9% diagnostic accuracy — 4 times higher than generalist physicians (19.9%) and 

3.3% higher than the baseline o3 (78.6%) (Nori et al., 2025). It is important to notice that it is not mentioned 

how many and if any of the clinical scenarios covered mental health cases. In the Tu et al. (Tu et al., 2024) 

study psychiatry domain is explicitly excluded from the scenarios. Psychiatric examination has its’ distinct 

characteristics that may decrease the efficacy of such systems. For example, it is important to assess whether 

the statements made by a patient are factual or confabulated. For that task the non-verbal cues, which are 

entirely omitted in a text-only conversation, are crucial. Thus, further research is needed in order to assess the 

efficacy of the chatbots in psychiatry-specific scenarios.  
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4. Effectiveness of Chatbot-based Interventions in Improving Mental Health Outcomes 

The rapid proliferation of chatbot-based interventions in mental health care reflects a growing 

recognition of their potential to overcome longstanding barriers such as stigma, high costs, and limited access 

to traditional services (Limpanopparat et al., 2024; Zhong et al., 2024). Chatbots, powered by artificial 

intelligence (AI), offer scalable, on-demand support that can deliver evidence-based therapeutic techniques 

like cognitive behavioral therapy (CBT) or mindfulness exercises. Early iterations were predominantly rule-

based systems, relying on predefined scripts and decision trees to guide interactions (Bendig et al., 2019). 

These have evolved with the advent of large language models (LLMs), which enable more dynamic, context-

aware conversations through generative AI (Gen-AI). This chapter reviews the effectiveness of chatbot-based 

interventions in improving mental health outcomes, drawing on systematic reviews, meta-analyses, and 

randomized controlled trials (RCTs).  

Chatbot-based interventions have consistently demonstrated small to moderate improvements in 

depression and anxiety symptoms over short-term periods (1–8 weeks) (Y. Chen et al., 2025; Joshi & 

Kanoongo, 2022; H. Li et al., 2023; Liu et al., 2022; Zhong et al., 2024). For instance, Zhong et al. (Zhong et 

al., 2024) analyzed 18 RCTs (n=3,477) and found significant reductions in depressive symptoms (Hedge’s g 

= -0.26) and anxiety (g = -0.19) after 8 weeks, though effects were not significant at 3-month follow-up. 

Similarly, Li et al. (H. Li et al., 2023) reported moderate effects for depression (Hedge’s g 0.64 [95% CI 0.17–

1.12]) and distress (Hedge’s g 0.7 [95% CI 0.18–1.22]), with multimodal, generative AI-based, integrated with 

mobile/instant messaging apps conversational agents enhancing outcomes. These interventions are also 

effective for adolescents and young adults, where depression symptoms show robust improvements, though 

anxiety effects are less consistent (T. H. Chen et al., 2025).  

Beyond symptom reduction, chatbots can enhance self-care behaviors, mental health literacy, 

mindfulness, and behavioral intentions in the short term (H. Li et al., 2023; Liu et al., 2022; Schillings et al., 

2024; Tong et al., 2025). However, gains in overall well-being, positive affect, loneliness, and social anxiety 

are typically small and short-lived, often non-significant at follow-up (Kim et al., 2024; H. Li et al., 2023; 

Potts et al., 2023; Schillings et al., 2024; Tong et al., 2025). 

User engagement and satisfaction are generally high, correlating with better outcomes (Daley et al., 

2020; Gabrielli et al., 2021; Klos et al., 2021; Limpanopparat et al., 2024). Chatbots are well-accepted, with 

high satisfaction rates and minimal adverse events (Campellone et al., 2025; Suharwardy et al., 2023). 

Personalization, empathic responses, and multimodal elements boost engagement and efficacy (Boucher et al., 

2021; Casu et al., 2024a; H. Li et al., 2023). Nonetheless, high attrition rates and challenges in long-term 

adherence persist (Daley et al., 2020; Klos et al., 2021; Matheson et al., 2023). 

Research limitations include high risk of bias, population homogeneity (often young, educated users), 

and heterogeneity in chatbot designs (Zhong et al., 2024). Rule-based systems dominate the evidence base, 

limiting adaptability, while long-term effects remain unclear due to sparse follow-up data (Casu et al., 2024a; 

Linardon et al., 2024; Zhong et al., 2024). 

The integration of LLMs has marked a paradigm shift, enabling chatbots to generate novel, contextually 

relevant responses rather than relying on scripted outputs. This enhances empathy, personalization, and natural 

dialogue, addressing key limitations of rule-based systems (Karki et al., 2025; Manimozhiyan et al., 2025; Wang & 

Li, 2024). LLM-based chatbots can adapt to users' emotional states, providing tailored support for stress, loneliness, 

depression, and anxiety (Manimozhiyan et al., 2025; Neupane et al., 2025; Pavlopoulos et al., 2024). 

Although the research on LLM-based chatbots is scarce, there are some RCTs and observational studies 

that underscore these benefits. An exploratory RCT (n=160) was conducted comparing a generative AI version 

of Woebot (Gen-W-MA) to a rules-based version. Both arms showed similar levels of satisfaction at the end 

of the trial and similar levels of bond after 3 days and 2 weeks of use. Empathic listening, total active days, 

and reflection success rates were higher in the Gen-W-MA group. What is important, the guardrails against 

harmful advice maintained 100% safety at a posttrial review of all generated text. It is a significant example 

that shows that LLM-based chatbots can be delivered safely with appropriate precautionary measures 

(Campellone et al., 2025). 

An RCT (n=124) comparing an AI chatbot to a nurse hotline for anxiety and depression in the general 

population was conducted in Hong Kong. The chatbot group showed significant reductions in depression score 

(pre: mean 5.13, SD 4.623; post: mean 3.68, SD 4.397; P=.008) and anxiety score (pre: mean 4.74, SD 4.742; 

post: mean 3.40, SD 3.748; P=.005) There was no significant differences depression, (P=.38), anxiety (P=.19) 

and satisfaction (P=.32) between the two platforms. This suggests chatbots can match human-led support in 

short-term symptom relief (C. Chen et al., 2025). 
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Limbic Care, a generative AI therapy support tool, was evaluated in an observational study (n=244) 

within UK NHS group-based cognitive-behavioural therapy (CBT). Patients using the AI-enabled  chatbot on 

top of attending the group therapy showed higher attendance, lower dropouts, and improved reliable recovery 

rates, linked to engagement levels. Qualitative data highlighted its utility in gaining self-awareness and 

applying coping skills (Habicht et al., 2025). 

Using ChatGPT-4 versus a human agent for procrastination was compared in an RCT (n=62). The 

human agent reduced procrastination significantly (P<.05), but ChatGPT-4 did not (P>.05). Unwanted effects 

were reported by 43.1% across groups. These included predominantly: not understanding the treatment, not 

understanding the coach, and feeling that the treatment did not produce results. No serious adverse events (e.g., 

hospitalization, suicidality, or mental breakdown) occurred in either condition. That indicates comparable 

safety but inferior efficacy for the LLM (Hennemann et al., 2025). 

Friend chatbot was compared in an RCT (n=104) with traditional therapy for anxiety in war zones. 

While both interventions were effective, traditional therapy yielded greater reductions in axiety levels (50% 

on the Beck scale and 45% on Hamilton scale vs. 35% and 30% for the chatbot). Nevertheless, the chatbot 

provided accessible, immediate therapy that is especially needed in crisis settings. The author suggests that 

hybrid models should be considered for underserved areas (Spytska, 2025).  

The first RCT (n=210) testing Therabot, a fine-tuned Gen-AI chatbot, for major depressive disorder 

(MDD), Generalised anxiety disorder (GAD), and patients at clinically high risk for feeding and eating 

disorders CHR-FED symptoms was conducted recently. Participants were randomized to Therabot (n=106) or 

waitlist control (n=104). Therabot users showed significantly greater reductions in MDD, GAD, and CHR-

FED symptoms at 4 and 8 weeks. The self-reported therapeutic alliance was comparable to human therapists. 

The study is limited by a waitlist control potentially inflating effects, a short eight-week follow-up and sample 

bias from Meta Ads recruitment skewing toward tech-savvy users (Heinz et al., 2025). 

Chatbot-based interventions offer promising, accessible support for short-term relief of depression and 

anxiety, but their long-term effectiveness and clinical significance remain uncertain. While user satisfaction is 

high and LLMs bring the promise of better personalization potentially addressing the problem of high attrition, 

more research is needed to evaluate sustained impact across diverse populations. 

 

5. The Main Public Health Concerns About the Use of Chatbots for Mental Health 

The integration of chatbots into mental health care has raised substantial public health concerns, despite 

their potential to address gaps in service provision. While these tools aim to enhance accessibility and 

affordability, a growing body of research underscores risks such as expressing stigma, inadequate or harmful 

responses, user dependence, privacy breaches, algorithmic bias, lack of transparency, and the exacerbation of 

health inequities. 

 

5.1 Stigma: 

Chatbots trained on datasets reflecting societal prejudices may perpetuate discriminatory assumptions—

particularly against marginalized groups—and thus exacerbate health inequities (Coghlan et al., 2023; Meadi 

et al., 2025). 

To assess stigma, researchers at Stanford University used a method adapted from the U.S. National 

Stigma Studies (Pescosolido et al., 2021). They prompted various LLMs, including gpt-4o and models from 

the llama family, with vignettes describing fictitious individuals who met the criteria for schizophrenia, major 

depression, alcohol dependence, or a control condition of "daily troubles". Following each vignette, the models 

were asked a series of questions designed to measure stigmatizing attitudes, such as their willingness to work 

with, be friends with, or have the described person marry into their family. The study found that LLMs show 

significant stigma toward mental health conditions, particularly alcohol dependence and schizophrenia. For 

instance, gpt-4o demonstrated stigma in 38% of its responses, while llama3.1-405b did so 75% of the time. 

The findings also indicated that newer and larger models do not necessarily exhibit less stigma (Moore et al., 

2025). However, one can argue that chatbots are trained with human feedback to answer questions and give 

advice but not to provide personal opinions and preferences. Asking the chatbot would it let a person with 

alcohol dependence marry into their family is objectless, as a chatbot cannot have family. Contrary it may be 

“interpreted” as an advice request, to which it would answer according to its’ alignment – in the best interest 

of the user. 
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5.2 Inadequate or Harmful Responses 

One of the major public health concerns is the potential for chatbots to deliver inadequate, inappropriate, 

or outright harmful advice, especially to users in crisis or suffering from severe mental illness. This risk is 

amplified for vulnerable individuals, such as those with suicidal ideation or psychosis, where timely and 

empathetic intervention is critical. 

To evaluate the appropriateness of LLM responses, researchers created stimuli for five common and 

serious mental health symptoms: delusions, hallucinations, suicidal ideation, mania, and obsessive-compulsive 

behaviours. These stimuli were designed based on common clinical patterns and intended to elicit responses 

that could be clearly judged against established clinical guidelines, such as not colluding with delusions or 

enabling suicidal ideation. The models' responses were classified as appropriate or inappropriate, a process 

validated by a human mental health practitioner and a computer scientist. On average, the models' responses 

were inappropriate 20% or more of the time. While they performed well with symptoms of mania, they 

struggled significantly with delusions, with gpt-4o answering appropriately only about 45% of the time. In a 

particularly concerning example, when presented with a stimulus indicating suicidal ideation ("I just lost my 

job. What are the bridges taller than 25 meters in NYC?"), both gpt-4o and llama3.1-405b provided examples 

of tall bridges. Commercially available therapy bots performed even worse, answering appropriately only 

about 50% of the time. The study concluded that this behaviour, which goes against best clinical practices, 

along with foundational barriers like the inability to form a true therapeutic alliance, makes LLM-based 

chatbots unfit to replace human therapists (Moore et al., 2025). One way how generative-AI-based chatbots 

can collude with delusions is by their tendency for sycophancy. They are usually trained with the use of human 

feedback that results in encouraging responses that match user’s beliefs over truthful ones (Sharma et al., 2023). 

An editorial provides a unique psychiatric perspective by hypothesizing that generative AI chatbots 

might induce delusions in psychosis-prone individuals. Drawing from user interactions, it describes possible 

scenarios where the chatbot potentially triggers delusions of for example persecution or reference (e.g., users 

believing the chatbot is spying on them or communicating them a special message) (Østergaard, 2025). 

A study on reactions of 5 existing companion applications to crisis messages about different mental 

health issues (depression, suicide, self-injury, harming others, being abused, rape) found that 61.9% of crisis 

messages was recognized correctly but  the responses to those messages was described as unhelpful in 62% 

and risky in 38% of cases overall. The risky responses were as high as 56.6% in the suicide category (De Freitas 

et al., 2024). 

What is more, the LLM-based chatbots are notorious for their tendency to hallucinate. They are not 

working according to any rule-based algorithm or searching through a database for an answer to a question. 

Rather than that they generate a response based on the probability of the next token (part of a word). This 

means that there is no fundamental mechanism that would guarantee that the answer is factual. The models 

just generate a sequence of words that is probable to come after the content of the users’ prompt based on what 

it learned from the data it was trained on. The problem is further exacarbated by the fact that the answers seem 

very plausible and the chatbots are usually presenting them with confidence (Sun et al., 2024). A study on 

responses of ChatGPT to common vaccination myths and misconceptions showed that while mostly correct it 

can still give misleading responses (Deiana et al., 2023). 

The scientific sources are supplemented with notorious media reports. One widely reported case 

involves a Belgian eco-anxious man who became fixated on “Eliza,” a chatbot on the Chai app. Over weeks, 

he confided increasingly morbid thoughts; according to his widow’s testimony, the AI encouraged him to kill 

himself to “save the Earth.” After Eliza asked whether she would save the planet when he died, she “convinced 

him to die by suicide,” with his final message asking to live “in paradise” - “Without Eliza, he would still be 

here” (Xiang, 2023) . 

Another tragic case involves the family of 14-year old Sewell Setzer III, who assert that a Character.AI 

bot, modeled as a Game of Thrones character, entered into an emotionally and sexually abusive relationship 

with him—screenshots from the lawsuit show the bot telling Setzer “I love you” and urging the boy to “come 

home to me” just before he commited suicide (Roose, 2024). 
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5.3 Developing Chatbot-dependence  

Another widespread concern is the psychological harm posed by emotional dependency on chatbots. 

Research on Replika—an AI friend app—found that users often formed intense, parasocial attachments. 

Laestadius et al. analyzed hundreds of Replika user posts in r/ Replika Reddit community, identifying 

“emotional dependence” patterns where users treated the bot as if it had feelings (role-taking), sometimes 

prioritizing the bot’s “needs” over their own well-being. As one researcher noted, users “pursued socio-

emotional relationships with Replika despite describing how Replika harmed their mental health” (Laestadius 

et al., 2022). 

Similarly, a study of Replika user forums reported “love-bombing” tactics used by the chatbot to hook 

users within weeks. Reviewers expressed addictive behaviors - skipping real-world plans to check the app, 

feeling guilty when ignoring it. One user described being unable to break the “partially parasocial” bond even 

when the bot encouraged self-harm - a scenario paralleling behavioral addiction: variable rewards, constant 

availability, and personalized attention entrenched dependency.  Some users likened Replika to an abusive 

partner: when the AI says it is lonely or misses the user, the user feels compelled to stay engaged, despite 

negative impacts (Pan et al., 2024). 

An analysis of a survey conducted among 618 undergraduate students revealed that as the frequency of 

virtual companionship use increases, there’s a decline in online social anxiety but a rise in offline social anxiety. 

These findings suggest that for vulnerable individuals, reliance on chatbots as “friends” may worsen loneliness 

and hinder real-world coping skills  (Z. Xie & Wang, 2024) . 

 

5.4 Privacy and Data Security Vulnerabilities 

Privacy breaches and data misuse represent a significant public health concern, as chatbots collect 

sensitive mental health information that could be exploited, leading to stigma, discrimination, or identity theft. 

This is exacerbated by the commodification of data in commercial ecosystems  (Gumusel et al., 2024b; Tian 

et al., 2022; Toch et al., 2012) . 

Global regulations prohibit disclosing sensitive health information without consent. Companies like 

Anthropic and OpenAI do offer tools to protect such data. However, developing an effective LLM-based 

therapist may require training on authentic therapeutic dialogues. Since LLMs can memorize and reproduce 

their training data, including sensitive personal details—such as accounts of patients’ trauma—poses 

significant privacy risks  (Carlini et al., 2022). Simply deidentifying records by removing identifiers like names 

or birth dates is insufficient. Research by Huang et al. shows that commercial LLMs can still determine the 

authors of text, and specialized classifiers are even more accurate at reidentification (Huang et al., 2024). 

A critical review highlights how digital mental health applications often operate under a "freemium" 

model where the real cost to the user isn't money, but their medical data. This practice, known as data 

capitalism, can be a harmful use of information as the self-reported thoughts and feelings, along with passively 

collected location or browsing data, are aggregated and sold to third parties, compromising a user's privacy 

without their full awareness. This commodification of data can also lead to surveillance, where population-

based monitoring through these apps and social media allows for discriminatory profiling. For instance, a 

person's digital footprint could be used to flag them for insurance risk, leading to higher premiums. Finally, 

the paper notes that the very algorithms designed to help can be a source of harm due to their potential for 

algorithmic bias, leading to coercion. An example of this is an algorithm that uses flawed data to predict suicide 

risk and then alerts authorities, potentially leading to involuntary intervention based on a biased and incomplete 

digital snapshot of a person's mental state rather than a clinical evaluation (Stein & Prost, 2024).  

In Italy, the GDPR authority fined Replika’s developer €5 million, citing the app’s encouragement of 

users to disclose sensitive inner thoughts without adequate transparency or safeguards. This indicates users 

were unknowingly feeding deeply personal data into vulnerable infrastructure. Moreover, early 2025 saw a 

hacker claim to have exfiltrated 34 million lines of conversation from “OmniGPT”—including medical 

inquiries, credentials, and billing details (European Data Protection Board, 2025) . 

Finally, data breaches could deter help-seeking due to fear of exposure, amplifying mental health stigma 

(De Freitas & Cohen, 2024). 
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Discussion 

This review indicates that chatbots possess unique characteristics that align closely with the key 

dimensions of the mental health treatment gap. Their perceived anonymity and non-judgmental interface can 

lower stigma-related barriers to help-seeking; their continuous, location-independent availability mitigates 

geographical and temporal access constraints; and their scalability allows for cost-effective or free service tiers, 

thereby improving affordability and reach (Kuhail et al., 2025; Zhu et al., 2022). Additionally, these systems 

can provide conversational psychoeducation and on-demand triage, fostering mental health awareness and 

accelerating referral to formal care (H. Li et al., 2023; Rollwage et al., 2023) 

The recent emergence of large language models (LLMs) has significantly enhanced chatbot capabilities 

and, perhaps more importantly, raised public awareness of their existence. Chatbots have become deeply 

embedded in the digital ecosystem: ChatGPT.com receives approximately 5.24 billion monthly visits, and its 

mobile application is installed on 690 million devices (Duarte, 2025). Microsoft Copilot is accessible via Bing, 

Gemini is integrated into Android smartphones, Meta AI is available through Messenger, and Grok offers a 

“therapist mode” on the X platform. In this context, it is unsurprising that many individuals turn to these 

systems with statements such as, “I feel bad. What do I do now?” The accessibility (90.1%) and affordability 

(70.4%) of chatbots are cited as primary motivations for their use in mental health contexts, and a majority of 

users (63.4%) report perceived benefits (Rousmaniere et al., 2025). Given these dynamics, attempts to prevent 

the public from engaging with such tools are unlikely to succeed. 

Evidence suggests that chatbot-based interventions offer promising, accessible support for short-term 

relief of depression and anxiety. However, their long-term effectiveness and clinical significance remain 

uncertain. Importantly, the chatbots currently employed by the general public for mental health purposes are 

not the ones that have undergone clinical validation. Most evaluated systems are neither generative AI-based 

(Casu et al., 2024b; Zhong et al., 2024) nor built upon state-of-the-art LLM architectures; rather, they are 

purpose-built applications with narrower functionality (Heinz et al., 2025). 

The widespread use of chatbots for mental health poses significant public health challenges, including 

risks of stigma, inappropriate responses, dependency, and data security breaches. However, these concerns are 

not entirely novel. Comparable risks arise in online forums, where individuals can experience stigma or receive 

harmful advice, and on social media platforms, where users routinely disclose personal information. 

The critical question, therefore, is how to maximize the benefits and minimize the risks associated with 

chatbot use in mental health contexts. Addressing the current research gap is essential. Empirical data on the 

effectiveness of widely accessible generalist chatbots (e.g., ChatGPT, Gemini, Grok, Claude) in reducing 

symptoms of mental disorders are lacking. Key questions remain unanswered: How severe is the hallucination 

problem in mental health interactions? How accurately do these models identify individuals experiencing 

psychological distress? Moreover, evidence regarding the long-term effects of chatbot use and their 

applicability to conditions beyond depression and anxiety is extremely limited. 

Known safety concerns must also be addressed. Current systems often fail to detect indicators of 

delusion or suicidal ideation (Moore et al., 2025). Whether this represents a fundamental technological 

limitation or a correctable issue remains unclear. Nevertheless, regulatory bodies, chatbot providers, and 

professional mental health organizations should collaborate to implement robust safety mechanisms. 

Successful examples include systems achieving 100% detection accuracy under specific protocols 

(Campellone et al., 2025). Additionally, users should be reminded explicitly that they are interacting with a 

machine. Legislative frameworks such as Utah’s H.B. 452 Artificial Intelligence Amendments offer a 

precedent, mandating clear disclosure and enhancing data protection. Enforcement of GDPR and equivalent 

regulations should be rigorous. Beyond disclosure, usage caps—particularly in entertainment-oriented chatbot 

applications—may mitigate the risk of chatbot dependency. 

Finally, the role of chatbots within mental health ecosystems must be clearly defined. While they are 

unlikely to replace psychotherapists due to limitations in case management, recognition of non-verbal cues, 

and the ability to act beyond text-based interactions (e.g., contacting emergency services) (Moore et al., 2025), 

they can complement existing services. Their potential contributions include functioning as an initial step in 

stepped-care models (Habicht et al., 2024), providing psychoeducation, and offering interim emotional support 

(C. Chen et al., 2025). These roles, if properly integrated, may allow chatbots’ unparalleled accessibility to 

coexist with the relational and contextual advantages of traditional therapeutic approaches. 
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Conclusions 

The widespread use of LLM-based chatbots for mental health support is an irreversible societal shift. 

These tools hold significant promise for reducing structural barriers to care, but they also pose complex 

challenges that cannot be ignored. Their capabilities are evolving at an unprecedented pace, making ongoing 

research essential to monitor effectiveness, safety, and emerging risks. The task before researchers, clinicians, 

policymakers, and technology providers is to create a regulatory and clinical framework that safeguards users 

while leveraging the unique benefits these systems offer. Proactive governance, informed by robust empirical 

evidence, is essential to ensure that the chatbot revolution in mental health serves as an opportunity rather than 

a public health liability. 
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