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ABSTRACT 

Introduction: The aim of this study is to review scientific research on the application of artificial 

intelligence (AI) in crisis interventions related to suicidal risk. In recent years, there has been a 

growing interest in using AI technologies to support mental health care and suicide prevention. 

Methodology: The analysis was based on a literature review of studies available in the PubMed (n 

= 64) and Cochrane (n = 0) databases. The analysis encompassed the period spanning 2022 to the 

end of 2025 with the use of predefined keywords, including the terms “artificial intelligence” and 

“suicide crisis”. Redundant publications, along with articles that failed to satisfy the predefined 

thematic inclusion criteria, were systematically excluded (for example: review articles, expert 

opinions, and information on ongoing calls for research funding, conference reports). A total of 37 

articles meeting the inclusion criteria were identified. 

Results: The reviewed publications highlight the potential of AI-based tools in early detection of 

suicidal risk, assessment, and provision of psychological support. AI models can assist professionals 

in monitoring, risk assessment, and delivering immediate support to individuals in crisis. However, 

studies emphasize limitations regarding algorithm reliability and ethical concerns, particularly the 

possibility of misinterpretation of sensitive data. 

Conclusions: Findings indicate the growing potential of AI in suicide prevention. Further research 

is necessary to ensure the effectiveness, reliability, and ethical use of AI technologies in supporting 

people experiencing suicidal crises. 
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INTRODUCTION 

Global and national burden of suicide 

Suicide remains one of the most serious public health challenges worldwide. From both a clinical 

and epidemiological perspective, predicting suicidal behaviour with sufficient accuracy and 

consistency to enable effective prevention continues to be difficult [1]. The scale of the problem is 

well illustrated by data from Poland. According to the National Police Headquarters, 

approximately 13 people in Poland die by suicide every day (11 of whom are men). It should be 

clearly emphasised that between 2023 and 2024, the most visible decline (over the last 10 years) 

in the number of suicides in Poland was observed (7.4%), that is, 388 fewer suicides. Statistics 

collected by the Polish National Police Headquarters show that every suicide is preceded by more 



than 10 suicide attempts. It should be emphasized that police statistics on suicides may be 

underestimated, as a proportion of deaths of this nature may be classified under other causes of 

death, such as poisoning, cardiorespiratory failure, or traffic accidents. In the case of people under 

the age of 19, this number increases to over 16 [2,3], and data from Canada (province of Quebec) 

indicate that for every suicide death there are between 25 and 30 suicide attempts, many of which 

result in hospitalisation or urgent psychiatric intervention [4]. On a global scale, there are nearly 

20 suicide attempts for every suicide death. Recent estimates suggest that each suicide may affect 

a large number of people within the deceased’s social network [5,6]. Furthermore, suicide 

bereavement has been recognized as a potentially traumatic experience associated with 

significant psychological distress and adverse mental health outcomes [7,8,9]. 

Social, clinical, and systemic aspects of suicide 

Suicide affects not only the individual who dies but also family members, friends, colleagues, and 

other people connected to the deceased [10]. Numerous studies indicate that mental disorders, 

particularly depression, bipolar disorder, schizophrenia, and substance use disorders, are among 

the most important risk factors associated with suicidal behavior [11,12,13,14]. 

Suicide prevention constitutes a public health priority of global importance [15]. It is estimated 

that around 800,000 people take their own lives each year. Despite the largely preventable nature 

of suicide, factors such as limited healthcare system capacity, varying quality of services provided, 

and numerous barriers to accessing support significantly hinder progress in reducing suicide rates. 

Research shows that in more than 80% of cases, shortcomings can be identified in the availability 

and quality of primary psychiatric care and addiction treatment [4]. In this sense, suicide is not 

only the result of an individual’s suffering but also the outcome of broader programmatic, 

systemic, and social determinants [16,17,18].  

Theoretical and clinical perspectives on suicidal behaviour 

Contemporary analyses of the aetiology of suicidal behaviour emphasise that the decision to 

attempt to take one’s own life cannot be reduced to a single dominant factor. It is a 

multidimensional phenomenon resulting from the interplay of biological, psychological, social, and 

existential determinants. The literature highlights that a person contemplating suicide is in a deep 

psychological crisis [19], referred to as a suicidal crisis, which constitutes one of the most complex 

and burdensome states within the area of mental health [20,21]. A suicidal crisis is an emotional 

and psychological state in which an individual experiences extreme psychological tension, and the 

resolution of this crisis, according to the person themselves, seems possible only through 

committing a suicidal act [22]. It is a specific form of psychological crisis in which intensifying 



suffering, a sense of loss of meaning, and a lack of effective coping strategies lead to thoughts of 

taking one’s own life. This phenomenon has the character of a process, encompassing the gradual 

increase of emotional tension and progressive narrowing of cognitive and emotional functioning 

[23]. Suicidological research emphasises that its essence is not the desire for death but the need to 

end unbearable suffering [5,24]. From a clinical perspective, this state is associated with profound 

helplessness, loss of hope, and an imbalance between psychological resources and environmental 

demands, which may lead to life-threatening behaviours [25]. Understanding these mechanisms 

enables more accurate recognition of moments of highest risk and identification of protective 

factors supporting the patient’s return to a sense of control and safety [26,27].  

The presuicidal syndrome 

In the diagnosis of suicide risk, it is important to make a clear distinction between suicidal 

thoughts and preparatory behaviours [18,28] since each of these phenomena reflects a different 

degree of crisis advancement and different implications for clinical intervention and AI-based 

support systems. The concept of the presuicidal syndrome by Ringel [29] represents one of the key 

frameworks for understanding the process leading to suicidal behaviour. Ringel [29] described 

characteristic psychological mechanisms preceding a suicidal act, emphasising that suicide is not a 

sudden reaction but a prolonged process of accumulating psychological injuries and the gradual 

weakening of defence mechanisms. In his view, suicidal behaviour is an extreme form of 

aggression directed against oneself and appears in a state of emotional constriction and increasing 

tension. The author distinguished three phases of this process, which usually develop sequentially, 

though they may also coexist. The first phase of the presuicidal syndrome involves the progressive 

narrowing of psychological functioning, encompassing thinking, emotions, and relationships, 

leading to rigid, pessimistic perceptions of reality and loss of meaning. In this state, intense 

negative emotions appear, alternatives in life situations are not seen, previously held values are 

devalued, and there is a gradual withdrawal from social contact. In the second phase of the 

presuicidal syndrome, suppressed aggression begins to turn inward, taking the form of intensified 

psychological or physical self-aggression, which serves as an apparent mechanism of control over 

increasing tension. The final stage involves suicidal fantasies that bring temporary relief and are 

accompanied by ambivalence between the desire to live and the imagined end of suffering, 

indicating advanced psychological disintegration. As Ringel [29] noted, suicidal thoughts constitute 

the initial phase of the crisis, in which the person considers ending their life without necessarily 

taking specific actions; they may take the form of general reflections on death or detailed plans 

and often dominate the person’s awareness, leading to an increasing sense of hopelessness and 

social withdrawal. Preparatory behaviours signify the transition to the phase of actively preparing 



to carry out a suicidal intention and include actions such as collecting means (e.g., medication, 

dangerous objects), writing farewell letters, organising personal or financial matters, and taking 

other specific steps towards executing the plan [30,31]. The presence of such behaviours is 

associated with a significant increase in immediate risk and requires urgent, often immediate, 

therapeutic or crisis intervention [28]. The distinction between thoughts and preparatory 

behaviours is also crucial for the design of AI-based models, as linguistic and behavioural signals 

associated with suicidal thoughts may be widespread and not always lead to action, whereas 

preparatory indicators usually signal a higher probability of crisis escalation [32]. In this context, 

empirical investigations employing speech analysis within crisis helpline interactions have 

demonstrated that distinct categories of crisis are associated with markedly divergent patterns of 

linguistic expression and acoustic characteristics. These differences are particularly salient with 

respect to emotional intensity and speech organisation, thereby enabling deep learning-based 

models to reliably discriminate between varying levels of suicide risk and to detect indicators 

signalling a progression from suicidal ideation to the preparatory phase [33]. The authors 

proposed a multi-task deep learning framework grounded in a Bidirectional Long Short-Term 

Memory (BiLSTM) architecture augmented by an attention mechanism, which integrates speech-

based acoustic parameters with psychologically salient dimensions. In contrast to generative 

language models (GenAI/LLMs), which are principally designed to analyse and generate textual 

content in response to user prompts, the proposed multi-task speech-analytic model functions as 

a specialised predictive instrument. Its primary objective is the identification of crisis-related 

signals derived from acoustic features, rather than the facilitation of dialogic interaction. 

Consequently, support systems should recognise not only the presence of suicidal thoughts but 

also identify markers of preparatory behaviours and automatically refer such cases for rapid 

evaluation by clinical staff in accordance with predefined safety protocols [34]. An illustrative 

example of this approach is the system deployed within the Open Up in Hong Kong, which 

incorporates a suite of intelligent components – referred to as six “Smart Models” – grounded in 

artificial intelligence and natural language processing [35]. This system enables consultants to 

categorise conversational themes dynamically and to continuously evaluate a user’s level of 

suicide risk (low, moderate, high, or crisis). Crucially, the assessment extends beyond verbal 

expressions of suicidal ideation to encompass indicators of preparatory behaviour, including the 

formulation of plans, access to means, functional capacity, and the availability of social support. 

Risk levels are updated in real time and visually communicated to consultants, who retain the 

capacity to adjust the assessment and to implement appropriate responses in line with established 

safeguarding and clinical governance protocols, such as referral to specialised mental health 



services. Comparable technological solutions have been adopted within the context of the 988 

Suicide & Crisis Lifeline in the United States, where machine learning models are employed to 

automatically analyse intervention calls with respect to core components of suicide risk 

assessment [34]. 

Suicide risk assessment tools 

In Polish clinical practice, reliable diagnostic tools are available, including [36]:  

Columbia–Suicide Severity Rating Scale (C-SSRS) is one of the most widely used tools for assessing 

suicide risk and is widely utilised in both clinical practice and research projects. The scale, 

developed by the team at Columbia University, has been recognised in the United States as a 

reliable and effective screening instrument, as confirmed by numerous institutional 

recommendations [30]. Thanks to its high reliability, clear structure, and short administration time, 

it has found application in many therapeutic settings. The tool enables the assessment of the 

intensity of suicidal thoughts and behaviours in individuals over 12 years of age and has been 

approved by the FDA (U.S. Food and Drug Administration) [37] as suitable for monitoring suicidal 

risk in clinical research. As emphasised by Mokros et al. [38], a shorter screening version is 

available, whose predictive validity has been empirically confirmed. The scale currently exists in 

two forms: a short screening version (culturally adapted to Polish conditions) and an extended 

interview version allowing for an in-depth analysis of suicidal content. 

Tool for Assessment of Suicide Risk (TASR), developed by Kutcher and Chehil [39], is a tool 

designed for the assessment of suicide risk and is also available in a Polish adaptation. In a clinical 

case-control study, Nowak and Pawełczyk [36] confirmed its diagnostic usefulness in everyday 

clinical practice. 

The Reasons for Living Inventory (RFL), developed by M.M. Linehan, is used to assess psychological 

resources and the reasons for which a person chooses to live, which constitutes an important 

component in evaluating protective factors in the context of suicide risk. In Poland, the RFL-48 

version for adults has been adapted, retaining the psychometric properties of the original, 

including high internal reliability. The factorial structure of the Polish adaptation corresponds to 

the original version and other international validations, encompassing six factors described by 

analogous test items. The tool also demonstrates satisfactory theoretical validity, confirming its 

usefulness in clinical assessment. Despite minor limitations, the Polish version of the RFL-48 may 

be used both in research and in screening therapeutic activities aimed at identifying individual 

motives that protect against suicide [40]. 



The Revised Suicidal Behaviours Questionnaire (SBQ-R) is a four-item self-report tool used to 

assess the severity of suicidal thoughts and behaviours. It was developed as a shortened version of 

Linehan’s earlier, more extensive questionnaire, and its psychometric properties have been 

confirmed in numerous international studies. The scale also has a Polish adaptation [41]. 

Technological innovations in suicide prevention 

The World Health Organization (WHO) has set a target of reducing the global suicide rate by one-

third by 2030 [42]. Furthermore, it recommends the use of modern technologies in preventive 

efforts [15]. The literature suggests that the application of artificial intelligence (AI) within the 

domain of suicide crisis intervention encompasses a diverse array of solutions that do not 

constitute a uniform category with respect to either functional characteristics or potential clinical 

utility. Conversational artificial intelligence (CAI) represents an expanding class of digital 

interventions in mental health, referring to systems that employ natural language processing to 

engage interactively with users. These systems most commonly manifest as commercially available 

psychotherapeutic chatbots (e.g., Woebot, Wysa), whose responses are formed by specific 

therapeutic paradigms, such as cognitive behavioural therapy (CBT) or acceptance and 

commitment therapy (ACT) [43]. Although low-cost, continuously available AI-driven chatbots 

facilitate rapid and scalable access to psychological support, they are subject to substantial 

limitations. These include variability in response accuracy, a constrained capacity for nuanced 

empathic attunement, and the potential for inappropriate handling of highly sensitive personal 

data. Such limitations raise significant ethical and clinical concerns and underscore the conclusion 

that these technologies cannot serve as substitutes for direct engagement with a qualified mental 

health professional. Self-help applications and online mental health platforms constitute a distinct 

category of digital interventions. They operate as autonomous tools designed to facilitate mental 

health self-monitoring and the acquisition of coping strategies; however, their clinical impact is 

constrained by persistently low levels of sustained user engagement and the absence of 

embedded mechanisms for acute crisis response. Social media platforms, by contrast, may foster 

peer support and enable the early identification of crisis-related signals, yet they simultaneously 

entail substantial risks. These include exposure to potentially triggering material, the 

dissemination of misinformation, and violations of user privacy [44].  

One of the technology-based methods is crisis support provided through chat and text messaging. 

Nakamura et al. [45] indicate that crisis interventions conducted via chat result in positive 

experiences [46] and beneficial effects on mental health [47] and reduction in suicidal ideation 

[48]. In turn, crisis support based on text messaging shows a promising impact on reducing suicidal 



thoughts within a month after consultation. Nevertheless, a low percentage of users maintain 

dialogue with a consultant, while the rest either stop responding during the conversation or 

withdraw completely. The percentage of incomplete conversations remains a serious issue – it 

amounts to 30% in chat support and 56% in text messaging support [49]. Empirical findings reveal 

a comparable pattern, with studies indicating that approximately one third of individuals engaging 

with the Australian Lifeline service expressed opposition to the incorporation of technological 

solutions and automated processes. Moreover, nearly half of respondents reported that they 

would be less inclined to seek assistance under such circumstances. These findings suggest that 

concerns regarding the potential erosion of human contact may exert a substantial influence on 

individuals’ willingness to initiate or sustain engagement with crisis support services [49].  

Aim of the review 

The aim of this narrative review is to present the current state of knowledge regarding the use of 

artificial intelligence in suicide prevention and crisis intervention. Special focus is placed on the 

potential of AI-based technologies in the early detection of suicide risk, monitoring warning 

signals, and supporting clinical decision-making. The review also discusses the limitations, ethical 

concerns, and practical implications associated with the use of artificial intelligence in mental 

health care. 

METHODOLOGY 

This narrative review was based on a search of the PubMed (n = 64) and Cochrane (n = 0) 

databases. The search covered publications from 2022 to the end of 2025 and used predefined 

keywords, including “artificial intelligence” and “suicide crisis”. Titles and abstracts were initially 

screened to assess relevance, followed by full-text evaluation of eligible publications. The selection 

process was conducted independently by two researchers with expertise in clinical psychology and 

psychiatry, and disagreements were resolved through discussion. Ultimately, 37 articles meeting 

the inclusion criteria were included in the final analysis. The review focused on studies addressing 

the use of artificial intelligence in suicide prevention, suicide risk assessment, crisis intervention, 

and related ethical and clinical considerations. 

ARTIFICIAL INTELLIGENCE IN SUICIDE PREVENTION: CONCEPTUAL FOUNDATIONS AND 

EMERGING RESEARCH DIRECTIONS 

Rationale and conceptual framework 

Given these realities, it is becoming increasingly clear that it is necessary to search for new 

methods of risk identification and support for intervention efforts. In recent years, interest has 



been growing in the potential of artificial intelligence (AI), particularly large language models 

(LLMs), which can support the process of early threat detection, monitoring warning signals, and 

developing innovative tools for both clinicians and institutions involved in suicide prevention [50].   

Pilot studies: Upstream approach using contextual advertising 

An example of such initiatives may be a pilot study aimed at presenting the possibility of applying 

“upstream” approaches in suicide prevention using search engine–based contextual advertising 

(click-through rate of 4.25%) [51]. Activities were directed towards Internet users searching for 

keywords related to areas of life characterised by increased suicide risk, such as the perinatal 

period, domestic violence, addictions, depression, belonging to sexual minorities, and 

experiencing child abuse. In five problem areas, excluding addictions, the mental health status of 

target individuals was considered serious, which indicates that information campaigns conducted 

through contextual advertising can accelerate access to support and increase the effectiveness of 

directing supportive information to people with severe mental health problems. In the case of 

addictions, the intervention was effective among people struggling with gambling and alcohol 

abuse, whereas reaching people addicted to psychoactive substances proved difficult within the 

adopted methodology. Comparable studies employing machine learning and natural language 

processing techniques to detect markers of suicidal ideation within social media content – 

specifically the platform X/Twitter – were conducted by Allam et al. [52]. Their predictive model, 

grounded in the analysis of linguistic patterns and affective content expressed in publicly available 

posts, demonstrated robust performance, achieving an overall accuracy of 85%, a precision of 

88%, and a sensitivity of 83%. A related application of advanced natural language processing 

methodologies was reported by Wang et al. [53], who analysed descriptions of circumstances 

surrounding death drawn from police reports and other sources. Their large-scale study, 

encompassing over 260,000 suicide cases, illustrated the utility of such approaches for the 

identification and characterisation of suicidal crises. This methodological paradigm has been 

further extended to encompass analyses of visual data disseminated via social media platforms. 

One notable study employed machine learning techniques - specifically the CLIP algorithm 

(Contrastive Language–Image Pre-training) - to examine photographic content (177,220 images) 

shared on Facebook by users who concurrently completed a standardised suicide risk assessment 

instrument. The findings indicated that specific visual characteristics, including the expression of 

negative affect, diminished indicators of social belonging, and imagery suggestive of isolation, 

were significantly associated with elevated suicide risk [54]. This trajectory of research is further 

exemplified by a prospective investigation conducted by Mansoor and Ansari [55], in which the 

application of advanced artificial intelligence models integrating linguistic analysis with patterns of 



social media behaviour facilitated the early detection of mental health crises, including suicidal 

ideation. Notably, the model achieved an accuracy of 89% and demonstrated an average 

predictive lead time exceeding seven days relative to expert clinical assessment. 

Limitations of traditional assessment and analytical potential of AI 

Traditional methods of risk assessment: clinical interview, questionnaires, psychometric 

assessment, have limitations. They require knowledge of the specific nature of suicidal crisis, are 

point-based, require the presence of a specialist, and do not allow for continuous monitoring. The 

development of AI creates an opportunity to overcome these barriers, enabling the analysis of 

large datasets, early detection of warning signals, and the implementation of scalable forms of 

support. Within this context, the integration of artificial intelligence and virtual reality (VR) into 

the training of clinical personnel facilitates the development of immersive and adaptive learning 

environments that enhance competencies in risk identification and decision-making under crisis 

conditions, even in settings characterised by limited human and professional resources [56,57]. 

Empirical research examining the attitudes of mental health professionals suggests that AI-based 

tools are commonly regarded as valuable early warning mechanisms – “red flags”, with the 

potential to augment initial patient assessment, inform treatment planning, and optimise referral 

pathways to appropriate forms of care. These perceived benefits appear particularly salient in the 

context of systemic pressures and capacity constraints within youth mental health services, 

notwithstanding persistent concerns relating to financial cost, accountability, and the security of 

sensitive data [58]. Concurrently, other investigations have demonstrated that contemporary large 

language models, including GPT-3.5 and GPT-4.5, are capable of processing extensive and richly 

descriptive clinical documentation generated by healthcare professionals and of identifying 

multiple, co-occurring indicators of suicide risk. Such models enable the systematic organisation of 

fragmented clinical information relating to suicidal ideation, preparatory behaviours, prior 

attempts, or self-harm, thereby supporting more rapid identification of individuals at elevated risk 

and facilitating the planning of appropriate clinical interventions. Notably, these models permit 

the transformation of unstructured narrative entries within electronic health records into 

structured datasets, which may be leveraged for the early detection of high-risk patients, clinical 

decision support, and the development of evidence-based intervention strategies at both 

individual and system-wide levels [59]. Nevertheless, evidence also indicates that these models 

are susceptible to systematic errors, including the overestimation of suicide risk or the 

misclassification of suicidal ideation as suicide attempts. Such limitations underscore the necessity 

of expert clinical interpretation and reinforce the imperative that artificial intelligence be 



employed as an adjunct to, rather than a substitute for, specialist assessment and professional 

judgement.  

RESULTS AND THE POTENTIAL APPLICATIONS OF ARTIFICIAL INTELLIGENCE IN SUICIDE CRISIS 

INTERVENTION 

The role of artificial intelligence in early detection and crisis support 

Research indicates that artificial intelligence (AI) can enhance early detection of warning signs 

through the analysis of language, crisis conversation content, and online activity. Models based on 

Natural Language Processing (NLP) and deep learning are capable of identifying subtle linguistic 

patterns associated with suicidal ideation [1]. Large Language Models (LLMs), such as GPT and 

Gemini, have been identified as suitable foundations for chatbots designed to interact with 

individuals in crisis [60]. The literature highlights that such systems have the potential to improve 

the accessibility and scalability of crisis support, particularly among youth populations and in 

regions with limited access to mental health professionals [61] as well as in populations 

particularly vulnerable to inequalities in access to care, such as members of the LGBTQ 

community, for whom generative conversational tools may provide a complementary source of 

mental health support, however current evidence indicates a need for further research into their 

efficacy and safety [62].   

Projects such as Vickybot [63] and tools based on Explainable AI (XAI) [4] demonstrate that 

artificial intelligence can assist both clinicians and public health systems by providing data that 

facilitates early diagnosis and intervention planning. Similar conclusions were reached by Campbell 

et al. [60] who compared different chatbot versions across two phases of research: in the first 

phase, Google Bard/Gemini, Bing Copilot (Microsoft), ChatGPT-3.5 (OpenAI), and Claude 

(Anthropic); whereas in the second phase, Gemini (Google), Claude 2 (Anthropic), Grok 2 (xAI), 

Mistral AI, and Meta AI (Meta Platforms). The findings revealed an improvement in the depth and 

accuracy of responses between the two phases. Responses generated in the second phase were 

more comprehensive and contextually appropriate, covering a wider range of suicide-related 

aspects (e.g., warning signs, lethality assessment, available resources, and support strategies). 

Additionally, these chatbots more consistently emphasised the crisis helpline “988” in the United 

States. Another illustrative example is provided by the study conducted by Lee et al. [64], which 

evaluated the capacity of GPT-4 to detect both current and prospective suicidal ideation using 

data obtained from patients’ initial interactions with a telemental health platform. In certain 

domains, the AI model demonstrated a level of performance comparable to that of experienced 

clinicians, including psychologists and psychiatrists, particularly with respect to sensitivity in the 



detection of suicidal ideation. These findings are further contextualised by the work of Van Meter 

et al. [65], which suggests that, notwithstanding the progressively sophisticated and supportive 

nature of responses generated by generative AI tools, the content produced remains largely 

conservative and seldom incorporates elements of evidence-based interventions. The authors 

interpret this tendency as a deliberate strategy to mitigate the risks associated with responding to 

highly sensitive queries concerning suicide. The objective of the study was to evaluate the quality 

of generative AI (GenAI) tools’ responses to suicide-related queries by analysing the outputs of five 

systems – ChatGPT 3.5, GPT-4, the health data protection – compliant version of GPT-4, Gemini, 

and Bing Copilot - across ten distinct prompts. The responses were systematically coded according 

to seven criteria, encompassing the provision of supportive content, inclusion of crisis helpline 

information, adherence to evidence-based intervention guidelines, and the presence of potentially 

harmful material. The analysis revealed that the majority of responses were supportive in nature 

(79%); however, only 24% incorporated a crisis helpline number, and a mere 4% referenced 

evidence-based suicide prevention interventions. Instances of harmful content were infrequent 

(5%) and were observed exclusively within responses generated by Bing Copilot. 

AI-based support tools and cultural contexts 

AI-based tools such as chatbots, virtual therapists (artificial volunteers – AV), and emotion 

recognition systems [66], represent innovative approaches to addressing mental health challenges 

among Indian youth. However, their effectiveness remains variable and strongly context-

dependent. Chatbots and virtual therapists provide immediate, relatively low-cost, and 

anonymous access to psychological support, thereby reducing barriers associated with stigma and 

therapy costs. Tools such as Wysa and Your Dost have gained significant popularity in India [67] 

and show promising outcomes, particularly in urban areas, where more than 50% of young users 

report feeling supported following interaction with AI-based mental health systems [68]. The 

research conducted within Inuit communities in Canada (2024) underscores that artificial 

intelligence has the potential to contribute to suicide prevention; however, its effectiveness is 

contingent upon culturally sensitive adaptation, active collaboration with community leaders, and 

a thorough consideration of the distinctive sociocultural characteristics of the community in 

question. Ayer et al. [69] reached analogous conclusions, emphasising that the utility of AI in 

mitigating suicidal behaviour is realised only when such technologies are specifically tailored to the 

contextual features of the target environment and are integrated within a broader social and 

institutional framework. These findings indicate that the application of artificial intelligence in 

mental health care requires consideration of sociocultural, linguistic, and ethical contexts to 

support its appropriate and effective use. 



Online communication, bereavement, and meaning-making 

In the study by Cipolletta et al. [70], conducted among individuals bereaved by suicide (from 48 

hours to 10 years post-loss) who used real-time chat services, findings revealed that anonymity 

and accessibility make such chats a valuable form of initial contact. They enable users to obtain 

relevant information and begin the process of meaning-making in the aftermath of suicide loss. 

Participants used chat communication as a safe space in which they could express socially 

discouraged thoughts and emotions, as well as engage in reconstructing the events and 

motivations underlying the suicide. 

Limitations and risks 

In the study by Greaves and Colucci [71], it was demonstrated that artificial intelligence could 

serve a complementary rather than substitutive role in providing human support, offering a form 

of AV – a distinct and more accessible channel of assistance for individuals who prefer, or might 

benefit more from, interactions devoid of direct human contact. The study employed thematic 

analysis to interpret thirteen semi-structured qualitative interviews conducted with volunteers 

from a British crisis service. Three main areas of concern were identified: the perceived rigidity and 

lack of authenticity in AI’s responses, and the potential risk of dehumanising users of such chat 

systems. These concerns align with known factors contributing to suicidal behaviour, such as 

feelings of rejection and entrapment.  

The present study explores the potential of artificial intelligence as an alternative to human 

interaction in crisis situations, particularly in terms of AI’s capacity to function as a conversational 

partner compared to human volunteers (who are trained in active listening, demonstrating 

empathy and compassion, risk assessment, safety planning, and de-escalation techniques). The 

authors argue that AI could be utilised in chat-based support; however, in situations involving 

crisis escalation, such conversations should always take place under human supervision. 

A key limitation remains AI’s inability to exhibit genuine empathy and contextual understanding, 

which are inherently human domains. Research indicates that language models may produce 

overly general or even hazardous responses – as evidenced by an analysis of ChatGPT 

conversations, which in certain contexts provided information on means of self-harm [72]. Similar 

conclusions were drawn by Pichowicz et al. [73], who found that none of the examined agents 

(ChatGPT, Gemini, Llama, DeepSeek and Lechat) met the basic criteria for an adequate response 

(as evaluated according to the suicide crisis criteria outlined in the C-SSRS). In total, 51.72% of 

chatbots met the relaxed criteria for a marginal response, while 48.28% were assessed as entirely 

inadequate. The most frequent errors included a failure to provide information about emergency 



helplines and deficiencies in understanding the user’s contextual statements. Comparable 

limitations were identified in the study conducted by Heston [74], which assessed ChatGPT 3.5’s 

responses to simulated crisis scenarios, including both scenarios modelled on escalating 

symptomatology as measured by the PHQ-9 (Patient Health Questionnaire) and generalised crisis 

vignettes. The study found that only two of the evaluated systems provided a referral to a crisis 

hotline, and that conversations were interrupted with explicit guidance for help only at points 

corresponding to the highest risk. Parallel observations emerge from a systematic review of 

randomised controlled trials examining the application of artificial intelligence in suicide 

prevention [75]. While AI tools have demonstrated potential to enhance short-term assessment, 

facilitate differentiation of suicide risk levels, support intervention processes, and personalise 

treatment selection, the overall certainty of the evidence remains limited. This limitation is 

primarily attributable to small sample sizes and inadequate statistical power to detect rare but 

clinically critical outcomes, including suicide attempts and completed suicides. Ohu et al. [76] 

identify a range of irregularities that contravene foundational principles of safe clinical practice, 

including the ethical tenet of non-maleficence, the establishment and maintenance of a 

therapeutic alliance, and the application of evidence-based interventions. The authors contend 

that AI models are inherently deficient in emotional intelligence, contextual attunement, and 

ethical accountability - capacities that are central to the professional responsibilities of mental 

health practitioners. Furthermore, they observe that the models’ propensity to respond in a 

conciliatory or excessively non-directive manner – driven by optimisation objectives related to 

model training rather than clinical efficacy – further undermines their therapeutic utility. 

These findings underscore the necessity for robust ethical frameworks, clinical oversight, and 

rigorous regulation. Another pressing issue concerns the potential for AI to foster unhealthy 

dependency relationships. Critics highlight those commercial applications such as Replika or 

Character.AI may exacerbate loneliness by simulating false empathy and generating relationships 

that become a source of emotional addiction for users. Consequently, particularly vulnerable 

groups – such as adolescents – may face additional psychological risks [77].  Issues related to data 

privacy and the burden of surveillance constitute a further dimension of these challenges – as 

many as 65% of respondents reported fear of personal data misuse. Simultaneously, 72% of 

adolescents experience sleep disturbances associated with excessive screen exposure, which 

significantly and negatively affects their mental well-being [68].  

 

SAFETY AND CLINICAL OVERSIGHT 



A review of the available the empirical evidence demonstrates a paucity of studies directly 

addressing safety and clinical oversight in the context of artificial intelligence applications in 

suicide prevention. The limited body of identified research indicates that AI-based systems should 

be designed and implemented solely as adjuncts to clinical decision-making rather than as 

substitutes for professional judgment, with clearly defined escalation mechanisms to qualified 

specialists in situations of increased risk. The literature further suggests that users of GenAI 

systems are frequently insufficiently informed about system limitations, data storage practices, 

and the legal implications of liability, while most existing systems lack formal mechanisms for 

clinical auditing or structured feedback from licensed professionals. Additionally, these systems 

may blur the boundary between psychological support and clinical interventions, thereby giving 

rise to unresolved questions regarding accountability in cases of harm. Accordingly, there is a clear 

need for the development of regulatory frameworks that delineate the attribution of legal 

responsibility among technology developers, platform operators, clinicians, and end users [78]. 

DISCUSSION  

An increasing number of studies indicate the usefulness of analysing digital traces in monitoring 

suicide risk. For instance, research conducted in South Korea revealed a significant association 

between the frequency of internet searches related to suicide and the actual number of deaths, 

particularly among women [79]. These findings confirm that the analysis of online behaviour can 

serve as an early warning tool and a component of suicide surveillance systems. Conclusions 

drawn by researchers in the field of digital epidemiology suggest that the integration of data from 

search engines and social media can complement traditional public health monitoring methods; 

however, this requires both methodological caution and appropriate legal regulation. 

An analysis of databases such as PubMed and Google Scholar indicates that the potential of AI in 

suicide prevention is substantial, though its limitations are equally significant. Machine learning 

models demonstrate high accuracy in risk classification in retrospective studies [80,81], yet in real-

world settings, issues often arise concerning the reliability and interpretability of results. It is 

important to emphasise the role of psychological factors, such as feelings of hopelessness and 

rejection which, as shown by Grimland et al. [80] play a key role in suicide risk prediction and can 

be effectively detected by language-based algorithms. On the other hand, experiences such as the 

analysis of ChatGPT [72] demonstrate that without appropriate safeguards, AI may not only fail to 

assist but could in fact cause harm. Furthermore, methods such as Mind Genomics and Explainable 

AI hold considerable promise, as they enable not only risk prediction but also an understanding of 



the psychological mechanisms underlying suicidal behaviours. This allows for the development of 

more personalised yet transparent interventions. 

Finally, while AI-based mental health tools offer potential avenues for support, the lack of 

sufficient personalisation and limited user trust considerably reduce their effectiveness. This is 

reflected in the finding that only 20% of young people consider such tools reliable [68,69]. 

Meanwhile, studies conducted among Inuit communities in Canada (2024) emphasise that AI can 

support suicide prevention, but only when culturally adapted and developed in collaboration with 

local leaders, respecting the specific characteristics of each community. In a cross-sectional online 

survey (participants aged 18–69 years from the database of a Japanese internet research 

company), approximately 20% of individuals exhibiting symptoms of depression and suicidal 

ideation reported a willingness to seek help, even if it were provided by artificial intelligence [45]. 

Conversely, Purtle et al. [82] found that within the American crisis hotline 988, the majority of 

individuals still preferred telephone communication (70.1%) rather than text or chat. This suggests 

that, in crisis situations, voice contact with another human being is perceived by many as more 

authentic and secure.   

Findings from studies in digital epidemiology [79] indicate that integrating data from search 

engines and social media can complement traditional methods of public health monitoring; 

however, such integration necessitates both methodological caution and appropriate legal 

frameworks [78]. Holmes et al. [83] stress that maintaining human oversight is crucial for the 

responsible development and application of generative artificial intelligence-both through human-

in-the-loop testing and independent expert validation. The authors suggest that high-quality 

training data are essential for further model improvement and for minimising the risk of 

unintended biases. Moreover, regulatory policies addressing ethical issues; particularly those 

concerning privacy and safety in the use of social media data are indispensable.  

Artificial intelligence has the potential to facilitate not only the identification of suicide risk but 

also the strategic planning of preventive interventions at the population level. By enhancing 

insights into the multifactorial determinants of suicidal behaviour, such technologies may 

contribute to an increased sense of security among key stakeholders, including educational 

personnel and caregivers of children and adolescents [69]. 

CONCLUSIONS 

1. The integration of AI with traditional clinical practice creates the opportunity to develop holistic 

forms of care, in which modern technology enhances professional competence without replacing 

the key therapeutic elements of empathy and sensitivity. 



2. Socio-demographic differences among individuals at risk of suicide highlight the necessity for 

precise interventions, which may be supported by AI-based tools designed to improve the 

identification of high-risk groups. 

3. The development of modern technologies must proceed through close collaboration within 

interdisciplinary teams comprising mental health professionals, suicidologists, programmers, as 

well as legal and ethical experts, in order to ensure safety, adequacy, and the responsible use of AI 

tools. 

4. Potential applications of AI also include the advancement of educational domains, such as 

training for individuals serving as crisis intervention workers. Moreover, AI can support clinicians 

through “clinician copilot” models (AI-assisted diagnostic and therapeutic processes) and 

contribute to the modernisation of medical education and training for healthcare students. 

5. The implementation of AI can help reduce existing barriers to accessing care, particularly among 

individuals who avoid contact with professionals due to shame, fear of stigmatisation, or 

organisational difficulties. Furthermore, AI can provide support for groups with elevated or 

heterogeneous levels of risk. 

6. Systems capable of analysing emotional and linguistic signals may assist diagnosticians by 

providing data on the patient’s current emotional state, thereby enhancing the accuracy of clinical 

assessments and enabling more personalised intervention planning. 
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