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The pervasive impact of mental illnesses extends beyond individual suffering, affecting families, communities, and societies at large. Prevention efforts are imperative to mitigate this burden, promoting well-being and resilience across diverse populations. A particularly vulnerable period is adolescence, which is associated with numerous mental health issues that are exacerbated by declining healthy behaviours as well as socioeconomic inequalities. But adolescence also presents an opportune moment for early intervention. However, recognising warning signs and providing timely support involves considerable hurdles, so innovative prevention measures are needed. Advancements in AI, particularly in emotion recognition, offer promise for early mental health intervention. Yet, current AI achievements fall short in addressing the mental healthcare gap. This vision paper seeks to outline future directions and recommendations for effective preventive approaches by integrating experts of the necessary multidisciplinary field to develop, evaluate and implement novel and promising prevention approaches. Therefore, representatives based in Europe from diverse fields such as clinical psychology, computer science, physical activity, nutrition, economics, entrepreneurship, politics, and digital innovation propose potential avenues to integrate efficient treatment, AI methodology, and comprehensive implementation strategies that align with user needs. Based on a literature review and expert consensus, key ingredients suggested for effective preventive measures for mental health include holistic, individualised, AI-based mHealth interventions, leveraging smart and passive data from digital biomarkers for monitoring and feedback, evaluating cost-effectiveness, conducting participatory research to ensure user acceptance, and identifying barriers and facilitators for integration into regular healthcare systems. By utilising AI-driven interventions for adolescents, we can address the urgent need for preventive mental healthcare, ultimately enhancing the well-being of future generations.


KEYWORDS
prevention, mental health, artificial intelligence, adolescence, implementation





1 Introduction

Growing up comes with several developmental challenges, with adolescence being a particularly vulnerable phase during which the incidence of mental illness peaks at the age of 14.5 years (1) and behaviours involving healthy nutrition and physical activity diminish (2). Particularly, psycho-socially disadvantaged youth with e.g., low financial resources, disruptive families, from rural areas are 3–6 times more likely to develop adverse health outcomes as obesity and mental health conditions, including addictive behaviours (e.g., excessive use of computer games) (3, 4). At the same time, adolescence also represents an excellent opportunity to prevent the onset and the potential chronification of mental and physical illness (5).

However, recognising early warning signs and offering timely support remains a major challenge. Help-seeking is hindered by numerous structural limitations (e.g., limited treatment capacities, long waiting lists) and individual barriers (e.g., stigma) (6). Hence, new measures for the prevention of mental illness are needed (7).

As a reaction, there is a growing body of research, innovation and investment from multiple sectors towards the use of digital technologies to create a physically fitter and healthier society (8). This surge in digital health interventions reflects an unprecedented integration of technology in everyday health management. Examples include the public health initiatives of text messaging campaigns to promote health behaviours (9), the increased use of “app libraries” within healthcare services and steps towards recommending health promotion apps through primary care (10), along with the rapidly-expanding commercial industry of digital health through wearable activity trackers (11). Furthermore, there is a plethora of mHealth interventions focusing on well-being and general health.

The implications of these technologies for public health are substantial. By leveraging the ubiquity of mobile phones and the possibility of granular data collection of wearables, health interventions can be personalised, timely, and contextually relevant. Such an individualised approach would have the potential to significantly improve outcomes. Thereby, the field of Artificial Intelligence (AI)—especially the assessment of individual symptoms based on automatic emotion recognition—has witnessed remarkable advancements in recent years, yet its potential remains largely untapped in the realm of recognition and early intervention for (mental) health and the application into clinical practice (12, 13). Harnessing these cutting-edge technologies presents a unique opportunity to provide individualised support to promote behaviour management and to improve quality of life (14, 15).

Unfortunately, however, it remains insufficiently examined to which degree these digital innovations for behavioural health are accessible and effective for individuals with mental health challenges, particular among youth (16–19). Addressing this gap is crucial, as early intervention can significantly alter the trajectory of young lives affected by mental health issues.

In addition, a significant gap remains between what is technologically possible in research settings and what is implemented in real-world practice—particularly for adolescents. Moreover, much of the existing evidence stems from studies with adult populations. Therefore, it is imperative for researchers, clinicians, and policymakers to direct their efforts towards translating recent advances in digital behavioural health into holistic mental health care. A holistic approach opens new pathways for addressing adverse health behaviours, improving physical health outcomes, and facilitating the prevention and treatment of mental illness, especially in young populations. Furthermore, it is crucial to design evidence-based applications and to develop sustainable implementation strategies for policy and clinical practice recognising the target group’s needs.

In this manuscript, we will make a case for holistic, personalised, AI-based preventive mHealth interventions including ongoing monitoring and feedback tools. This way, interventions allow an ever-earlier precise mental health status assessment and prevention of mental health conditions, shifting from treatment-focused to person-centred care enhancing individual growth. We target the 15–25 years age group because it represents a critical period when most mental health issues first emerge, digital engagement is high, and early intervention can have the greatest long-term impact (1). In addition, individuals from low socio-economic backgrounds and rural areas, given its strong potential to improve access to healthcare for these underserved populations. In addition, the integration of AI in health care needs to be critically evaluated and its benefits assessed for effectiveness, scalability, and cost-effectiveness. This way, we aim to highlight concrete avenues for bridging this gap by synthesising the current state of the art and outlining key steps needed to translate these advancements into effective, scalable interventions for youth mental health. Experts from diverse disciplines across Europe—ranging from fields such as clinical psychology, computer science, physical activity, representatives of lived experience experts, nutrition, economics, entrepreneurship, politics, and digital innovation joined forces through a coordinated effort to address the urgent need for AI-based prevention in mental health. This collaborative initiative was intentionally designed to integrate scientific, clinical, and technological perspectives into a unified vision for future prevention strategies. Such experts were chosen and invited to this article due to their track record in the respective field. Following a series of structured meetings, collaborative writing sessions in sub-groups of authors, and iterative feedback rounds, the group developed this paper to aggregate insights and propose a shared vision for future prevention strategies. MT, as major expert in the field of youth prevention, reviewed the final article. This paper focuses on Europe as a representative region to explore the practical implementation of AI-based mental health prevention. Europe offers a diverse yet integrated landscape of healthcare systems, legal frameworks, and cross-country collaborations, making it a valuable context for examining region-specific opportunities and challenges. While our analysis is rooted in the European setting, the underlying principles, challenges, and proposed strategies are broadly applicable and can serve as a basis for adaptation in other regions worldwide. This visionary article further aims to raise attention for research supporting young people to adopt and maintain a healthy lifestyle and improve physical and mental well-being for personal growth following a multidisciplinary approach.

Building on our group discussions, we define the following objectives to outline promising AI-based preventive approaches for youth and to highlight key considerations for their effective implementation:


	I.Development of a holistic, individualised, AI-based mHealth preventive intervention for mental disorders and health behaviour featuring early and precise mental health status assessment for adolescents with psycho-social disparities; authors: LSa, CS, JF, JW, LV, JL

	II.Integration of smart active and passive assessment of digital biomarkers (including physical as well as psychological parameters), ensuring continuous monitoring and personalised content covering general and mental health aspects, including a critical assessment of AI integration; authors: BS, LSe

	III.Evaluation of the (cost-)effectiveness of AI-based mHealth preventive interventions through multi-site, prospective randomised controlled trials across multiple countries; authors: JT, JL

	IV.Inclusion of the perspective of the users by user-needs assessments and participatory approaches for co-creation of digital interventions; authors: MB, LB, EW

	V.Identification of barriers and facilitators for implementation, and devise strategies for dissemination, exploitation, and sustainable health support across Europe. authors: SC, MC, AK



Each paragraph follows a structure that includes an overview of the current state of the art, identification of research and application gaps, corresponding recommendations, and concluding remarks. However, given the interdisciplinary nature of the field and the diversity of expert perspectives, certain areas may receive greater emphasis than others.



2 Toward transformative prevention: a roadmap for next-generation AI in youth mental healthcare

In the following, considering the state-of-the-art in research, approaches for the development, evaluation and implementation of a successful holistic and AI-based preventive intervention are outlined.


2.1 A holistic, individualised, mHealth preventive intervention for mental disorders

To date, the emphasis of e-mental health has predominantly been on managing or monitoring just the psychiatric symptoms that define these conditions. However, it is important to remember that people with severe mental illness die approximately 15 years younger than the general population, mainly due to their increased risk of developing cardiovascular and metabolic diseases (20). Therefore, further research and investment should be directed towards establishing how people with mental health problems can equally benefit from digital innovations for physical health. Failing this, people with mental illness may be “left behind” from the increased use of digital technologies in physical health contexts, which then would serve to actually increase the extent of the disparities already observed.

Preliminary evidence indicates that digital health approaches can be effective in supporting holistic and behavioural health among people with severe mental health problems (21). As physical health and behaviour risk factors typically begins to deteriorate during the early stages of mental illness (22, 23), mHealth could ideally be utilised to support timely preventative health interventions in young people at risk of mental illness (22), to reduce or delay the onset or exacerbation of comorbid physical health conditions (24, 25). Beyond physical benefits, digital interventions targeting holistic factors such as exercise (26) and sleep (27) have also been shown to effectively reduce depression. Furthermore, proactive engagement with individuals experiencing chronic physical conditions has also shown to be a valuable approach in the prevention of depression (28, 29). Applying such approaches in younger populations may confer even greater benefits, given the higher levels of adoption and usage of smartphone technologies in these groups (30, 31).

Scaling up the research here warrants attention in two areas. First, discovering how physical health behaviour (such as physical activity, healthy eating, smoking cessation and better sleep) can be effectively promoted via digital technologies for people living with, or at risk of, mental illness may lead to novel interventions for improving both physical and mental health outcomes (20, 21).

Second, establishing whether and how these interventions can be implemented in ways that meet the unique needs of youth with mental illness is essential to ensure real-world adherence and effectiveness in youth mental healthcare, beyond trial conditions (30, 32). Meeting the needs of underserved populations can include adapting existing technologies, providing additional in-person support, and/or developing bespoke solutions for specific patient groups (31).

Recommendations: A holistic approach in healthcare underscores the promotion of general health and well-being, instead of focusing exclusively on preventing specific diseases or conditions. This comprehensive strategy encompasses lifestyle, stress management, nutrition, physical activity, and other elements contributing to general well-being (33). Emphasising the psychological perspective, it is essential to consider the underlying mechanisms of change involved in the development of mental illness. Conditions such as maladaptive cognitive style, emotion dysregulation, and dysfunctional interpersonal behaviour represent promising intervention targets for digital health interventions in youth (34–38). Targeting these mechanisms offers a potential avenue for more effective and efficient preventive strategies. In this context, behavior change techniques (BCTs) are active components of interventions that target underlying mechanisms and promote favourable health behaviour change (39, 40). Hence, mHealth interventions aiming to improve participant health outcomes (i.e., weight, mental well-being, nutrition behaviours, physical activity) across the lifespan increasingly incorporate BCTs such as self-monitoring, goal setting, social support and feedback on behaviour and performance (41), and seem to be promising in preventive digital interventions in children and adolescents (42). However, it is noteworthy that a large body of studies evaluating the efficacy of behavioural interventions and using BCTs has focused primarily on adolescents with a high socioeconomic status (SES), and a high level of education (42). Future research should explore the effectiveness of BCTs among adolescents with ethnic minority backgrounds and low SES to ensure effectiveness in diverse populations. Here, evaluating usability, usefulness, and usage together with people with lived experience can inform the creation of more effective, high-quality, and user-friendly digital health approaches (43).

To overcome such health inequalities, the application of less intrusive methods that are attractive for youth, such as smart active and passive data collection with individual feedback, may support the integration of young people from less advantage backgrounds.



2.2 Smart active and passive assessment of digital biomarkers for mental health

To offer personalised preventive interventions, it is crucial to capture the psychological state of an individual. Hence, as a foundation, it is necessary to collect reliable data. In case such data is inaccurate or misleading, personalised interventions risk being ineffective or even counterproductive. Most phenomena that are of interest in mental health are, for once, heterogeneous across individuals, and secondly not static but rather highly dynamic (44). Still, medical research and clinical decision-making mostly rely on nomothetic (cross-sectional and group-aggregated) results that can provide valuable information on a population level but often fail to do so on the level of individual patients (45, 46). Naturally, behaviours, states, and symptoms vary across situations and time; and in clinical practice, the focus is often on understanding their dynamics and contexts, i.e., when and under what circumstances symptoms occur. For instance, depressive episodes involve persistent low positive emotions, borderline personality disorder is associated with unstable emotions, and compulsions often arise when anxiety levels increase (47). Mental health symptoms develop from a complex interplay between individual and environmental factors, and it is essential to capture these fluctuations over time to identify risk factors, trajectories of illness, and opportunities for intervention (48).

In the last decade, the rise of deep learning has led to major advances in the broader field of affective computing, which deals with the analysis, synthesis, and response to human affects and emotions (49). In this regard, data from the domains of audio (e.g., speech), video (e.g., facial expression, body posture, gait), text (written or spoken language), physiology (e.g., via heart rate, skin conductance, EEG and brain computer interfaces), and tactile and further contextual and interaction data serve as the main means of assessment. In the mental health context, AI has been used to detect emotions and mental illnesses, such as depression and bipolar disorder, through audio-visual data for example by spoken language and facial expression (50–52). Speech signals have thereby been shown to contain depression-relevant information for machine learning analysis both in terms of their acoustics and linguistic (spoken) content (53, 54). In addition, EEG data have been successfully used for emotion recognition (55) and applied, e.g., in depression recognition (56). However, since not all parts of a signal will exhibit markers of depression to equal degrees, attention mechanisms can be introduced to allow neural networks to learn salient parts of the input (57, 58). Further, transfer learning can be considered a fruitful strategy to tackle the often limited availability of training data for the target task (59, 60).

Passive measurement methods offer a convenient approach to data collection that requires minimal effort from participants which may increase the acceptance and adherence by youth. Wearable devices, discreetly worn on the body, continuously gather data through sensors, seamlessly integrating into everyday activities. In a literature review, Wac (61) identified 438 distinct wearable sensor devices. These devices are typically worn on the wrist, head, torso, chest, ear, or arm, and are capable of measuring an extensive array of bio-physiological parameters. Moreover, advances in mobile neuroimaging techniques further enhance our understanding by allowing neural responses to be measured in real-world settings and enable unprecedented insights into everyday neural dynamics (48), e.g., portable magnetic encephalogram caps (62) and mobile deep brain recording (63). Environmental factors can be captured through tools like audio recorders, such as the electronically activated recorder (EAR), that record ambient sounds as participants navigate their daily lives (64). Similarly, video or image capturing can give insight into the facial expression and facial micro expressions. Smartphones represent a particularly promising ambulatory technology, as they comprise a range of sensors that gather data on geolocation, app usage, communication patterns, and social media activity. Further information is collected such as the Near Field Communication (NFC) data that gives insight whether users are likely among other individuals or alone, or the light sensor data usually used to control display brightness, yet also giving insight on whether individuals are exposed to light or literally “remain in the dark.” This wealth of information enables the inference of behavioural states through digital phenotyping (65). Incorporating such sensor data into smartphone apps is an effective way to provide additional (objective) evaluations of a person’s mental well-being (66). For example, the authors in (67) used smartphone sensing data to detect users’ self-rated compound emotional state and achieved accuracies of over 70%. A study carried out in 83 undergraduate college students aimed to quantify depression symptoms by measuring phone use, heart rate, sleep, and location using a wrist sensor and a smartphone app (68). Depressed students were found to use their phone more often in study locations, had irregular sleep patterns, and were more stationary.

In addition to such passive data, Ecological Momentary Assessment (EMA) via smartphones offers the opportunity to report variables in patients’ everyday lives continuously and unobtrusively. Frequent assessment is vital as mental health is dynamic, influenced by emotions, cognition, and behaviour, and subject to affective states and contextual variables (44, 69, 70). This requires regular monitoring to capture changes and anticipate transitions (71–73). In this regard, EMA has significantly transformed the collection of behavioural and experiential data in natural environments and has addressed issues such as biased recall-based assessments and noncompliance with participant obligations, thereby improving the inclusiveness and comprehensiveness of research efforts (74). The introduction of smartphone-based EMAs enables the collection of ecologically valid data in real time, providing deep insights into phenomena such as mood swings and sleep patterns. This is particularly beneficial for populations such as children and adolescents, where retrospective reporting may be less reliable (75). The integration of both, passive data (wearable sensors, audio recordings) and active data (questionnaire items on mood, sleep, stress), facilitated by smartphones, represents a significant advance in understanding behaviour in real-world contexts (12). Note that EMA has also been used to actively collect other data forms such as free speech (76). This integration helps to develop personalised psychiatric treatments, as it offers more precise insight into behavioural and environmental patterns.

Despite the rapid development of innovative technologies for detecting emotions and other health-related variables, research focusing on adolescents is often constrained by small sample sizes and primarily involves individuals who are already depressed (77–81). These studies typically use sensor data collected from smartphones and wearables, including information such as movement, light, and various health metrics (81). Preliminary findings suggest that sensing data can effectively predict depressive symptoms, with correlations between sensing parameters and depression scores ranging from 0.44 to 0.72 (77, 80). The challenges encountered in these studies include battery life issues, data usage, and privacy concerns (79). In a study with 122 adolescents with and without depression, significant correlations have been observed between sensor data and symptoms of depression and anxiety, with high levels of acceptance reported among participants (78). These findings highlight the potential of sensing technologies in understanding and monitoring mental health in adolescents (82). However, many of the cited studies were conducted during the Covid-19 pandemic and hence have limitations regarding some sensors (e.g., mobility as predictor) and the generalisation of findings. The limited number of studies on smart sensing that focus on emotions in youth populations may reflect the challenge of developing emotional representations or competencies in children and adolescents that differ greatly from adults, especially in the vulnerable phase of puberty (83). Nevertheless, unobtrusive smartphone monitoring of psychopathological symptoms and personalised feedback has a huge potential to gain insights into an individual’s well-being while keeping effort from participants low.

Recommendation: To advance preventive mental healthcare in adolescents, we recommend developing integrated AI-based systems that combine passive sensing (e.g., wearable and smartphone data) with active methods such as Ecological Momentary Assessment. These systems should leverage multimodal data (e.g., speech, physiological signals, behaviour patterns) to detect early warning signs of mental health issues in real time. Particular attention must be given to adolescent-specific emotional expression and developmental differences. Research should prioritise large-scale, longitudinal studies with diverse populations to validate effectiveness, ensure ethical data handling, and enhance user acceptance. Tailored feedback and low-burden monitoring approaches are essential to maximise adherence and long-term impact.

However, technological advancements come with a cost. To obtain accessible solutions, especially for youth with lower SES, cost-effective solutions are a necessity.



2.3 Evaluating the (cost-)effectiveness of mHealth preventive interventions

Smartphone applications are known for their scalability. In the context of public health interventions, this implies that at a negligible or effectively zero marginal cost, individuals may receive the assistance they need. In addition, personal contact with the psychologist can be provided at a lower cost due to gains related to remoteness (reducing queues and costs associated with commute) and hourly flexibility (improving the availability of experts). But the key potential value of mHealth lies in its ability to prevent social cost rather than the low cost of provision. In fact, there are two perspectives on the sources of potential value of mHealth: private benefit and social benefit. Private benefits include improved well-being, closer connection with the labor market, higher income, and higher job satisfaction. With multi-arm randomisation in the functioning of mHealth, these outcomes can be causally measured for each participant to obtain the effects of mHealth (84), even without a control group per se (85).

With employment status and income objectively measured for each beneficiary, they also give rise to the social benefit calculus. Specifically, working individuals complete their education and move on to work, and thus pay social security contributions and taxes. In contrast, young people struggling with mental illness are more likely to drop out of school and be on the receiving end of social benefits rather than paying contributions (86). Thus, the immediate calculus of social benefits involves better educated labor force, paying taxes and, by the same token, lower social assistance pay outs. This calculus can be extrapolated using the effects estimated at the individual level among the users of mHealth. This immediate calculus has a mirror counterpart in the long-term calculus, which can only further improve the cost-benefit analysis of mHealth.

Applications such as mHealth can also introduce negative and positive externalities to participants. For the former, completing tasks aimed at improving mental health and reporting your own mental state in the app can be taxing for participants. For the latter, the intervention can rely on past patterns of lower mental status to reach out to users even before the user reports an issue and takes action in the app. Stone et al. (87) propose a daily reconstruction method to obtain adequate estimates of the emotional costs associated with completing treatment procedures on the app (88). Specifically, the mHealth intervention can provide data on the levels of stress, anxiety, fatigue, etc. associated with specific activities, probed through the app at random moments of the week among our participants. mHealth applications can internally validate the accuracy of the autonomy of the application from these measures.

Recommendation: mHealth interventions should be leveraged not only for their scalability and low marginal cost, but also for their broader societal value. Beyond private benefits—such as improved well-being, employability, and income—mHealth offers significant social returns by promoting educational attainment and labor market integration, thereby reducing reliance on social support systems. To capture these effects, mHealth programs should incorporate robust causal evaluation designs (e.g., multi-arm randomization) and track objective outcomes like employment and income. Policymakers and funders should consider both immediate and long-term cost-benefit analyses when investing in digital mental health solutions. Furthermore, interventions must balance user burden with benefit by monitoring emotional costs and adapting outreach based on passive indicators of distress. Ethical implementation should prioritize minimizing negative externalities while maximizing proactive, data-driven support.

Even the most innovative and cost-effective solution holds little value if it fails to engage the target group and leads to high dropout rates. Therefore, it is essential to prioritise users’ needs, preferences, and lived experiences in the development and implementation process.



2.4 Participatory approach

Active participation of young people with lived experience (YPLE) in mental health research allows to develop interventions that align with their needs and priorities (43). Genuine youth involvement goes beyond consultation—it includes shared decision-making, co-design, and leadership opportunities throughout the research process (89). Focus groups as well as youth advisory boards that are accompanying the process iteratively are recommended to receive qualitative feedback on the intervention’s content, design usability and attractivity. In addition, quantitative surveys increase representativeness of user tests. In terms of implementation, engaging YPLE to identify barriers and facilitators is essential for guiding policymakers toward health regulations that are most likely to positively impact young people (43). Such an approach is paramount in the development of AI-based mHealth preventive interventions (90). This includes practical advantages for researchers, including increased participant recruitment and retention (90). Participants are more likely to sign up to a study or remain in the study if consultation of YPLEs has happened. However, to achieve impactful, equitable and viable interventions, co-creation with YPLEs must not exist in a vacuum. For ensuring a comprehensive system of care, intervention design should also harness the collective expertise and perspectives of educational institutions, parents, health professionals, support services, researchers, policy makers and other related stakeholders will be equally important. Co-creation with YPLEs must also account for common barriers to achieve inclusive, diverse and meaningful involvement (see Table 1) (91).



TABLE 1 Barriers and solutions.



	Existing barriers
	How to overcome them
	Example





	Digital inequalities
	Adopt both digital and non-digital strategies for dissemination and engagement
	Social and print media for dissemination



	Lack of relevant incentives
	Set incentives in place which take into account the basic, psychological and fulfilment priorities from these populations, as seen by them
	Unlock access to free mobile data or music streaming time for each week of engagement



	Tokenism
	Increase decision-making power and influence of Lived Experience advisors and participants
	Participatory budgeting, voting power for lived experience advisors



	Communication challenges
	Increase translational efforts, allow bi-directional communication and avoid jargon
	Community co-design workshops with plain language outputs, feedback loops



	Stigma
	Increase mental health awareness on the ground and empower others to challenge stigma
	Street-level or social media campaigns co-designed with people with lived experience, peer ambassadors







Digital inequalities. Technology needs to be an enabler for YPLEs involvement in research. However, over-relying on digital channels and platforms to reach people with lived experience leaves behind populations that have limited—or do not have—access to technology. Instead research needs to seek underrepresented groups where they are, through the channels they use, and facilitated by the organisations they trust, using digital and non-digital dissemination strategies (91).

Lack of relevant incentives. For people from difficult to reach communities to participate in research, there needs to be relevant incentives in place, considering the basic, psychological and fulfilment needs from these populations. It is important to include monetary compensation, cover transportation or internet costs and promote career development. Tokenism. Participation can feel tokenistic if YPLEs are not empowered through the decision-making processes. YPLEs should be allowed to contribute to agenda/priority-setting, lead discussions and dialogues to facilitate communication and connect with the objectives that people care about. Stigma. It can take a lot of time and effort for some people to be in a place where they feel comfortable discussing mental health. A potential strategy to address this barrier is to work closely with organisations to promote dialogue, increase mental health awareness, and empower others to challenge stigma on the ground (92). Communication challenges. There are communication and translational barriers for YPLEs involvement in research. Language differences are a significant barrier, since most research activities and outputs are in English, and rarely translated into other languages, making it difficult for the non-English speaking world to participate in research, and benefit from it. Jargon is another frequent communication barrier. YPLEs have a crucial role to play, to ensure language is simple, accessible, allows shared understanding, and promotes knowledge exchange. Studies therefore need to investigate the long-term benefits of a holistic self-help AI-based mHealth intervention for the early recognition and more precise mental health status assessment, leading to vital, personalised prevention of mental disorders, enhancing health behaviour and mental well-being in a scalable, sustainable and cost-efficient way. By focusing on the needs of the target group with psychosocial and socioeconomic disparities, long-term adherence and satisfaction with the digital health intervention will be ensured. Success in the development of human-centred AI-based mHealth interventions could improve self-empowered disease management, the precise personalised mental health status assessment and more efficient guidance into the appropriate professional health care services. This co-creation involving multiple stakeholders is essential for the development of AI-based technology that is trustworthy, person-centred, evidence-based, and aligned with real-world needs from different contexts. It is also essential for overseeing the generation of ethical standards and regulations which are relevant and enforceable. This inclusive approach ensures that e user’s acceptance, scalability, sustainability, and impact of AI-based mHealth solutions, ultimately improving healthcare outcomes and empowering individuals to take control of their own well-being as well as defining strategies and recommendations that will ultimately create a more fertile ground for solutions to thrive across the globe. Through international collaborative networks, one can collectively work towards realising the full potential of AI in promoting adolescent health, fostering resilience and empowering young individuals to lead healthy and fulfilling lives.

Recommendations: To ensure AI-based mHealth interventions truly benefit young people with lived experience, inclusivity must be a core principle. Digital tools should not deepen existing inequalities; outreach must also occur through trusted community channels, especially for those with limited access to technology. Participation should be meaningful, with fair incentives—such as financial compensation, covered costs, and personal development opportunities. Tokenistic involvement must be avoided by empowering youth to shape priorities and lead conversations.

Stigma remains a major barrier, and partnerships with local organisations are key to creating safe spaces and promoting mental health awareness. Communication should be clear, jargon-free, and available in multiple languages to ensure accessibility and shared understanding.

Design must be human-centred, culturally sensitive, and responsive to psychosocial and socioeconomic disparities. Co-creation with diverse stakeholders is essential to building trustworthy, effective, and ethically sound AI solutions. Finally, international collaboration is vital to scale these innovations and empower youth globally through early, personalised mental health support. Figure 1 displays the process of co-development, evaluation and implementation including youth and other stakeholders.


[image: Flowchart depicting a personalized e-health model centered on prevention and holistic content. It includes four processes: Co-Design and User-needs Assessment, Intervention Design and AI Integration, Policy and Implementation, and Evaluation and Validation. Arrows illustrate the cyclical process. Below the cycle are icons representing researchers, youth, health professionals, and politicians, indicating the stakeholders involved.]
FIGURE 1
Process of iterative user-centered development, evaluation and implementation of an holistic, personalised e-health prevention for youth.


Finally, young people, researchers, and developers should actively engage with policymakers to identify barriers and enablers, helping to shape conditions that support the sustainable implementation and use of innovative mental health tools.



2.5 Barriers and facilitators for implementation, dissemination and sustainable health support across Europe

As mentioned in the introduction, there is an gap in health research between establishing the effectiveness of an intervention and its uptake in routine use (93). In the last decades, an important effort has been made to develop rigorous scientific methods and procedures to reduce such gap and increase the possibilities of citizens to have access to evidence-based practises. These methods and procedures belong to a raising discipline named Implementation Science (94), in which the field of mHealth research is an active player. The integration of AI in mHealth is poised to significantly improve mental healthcare, yet its clinical application, remains largely untapped despite the urgency for innovative solutions.

The successful implementation of e-health interventions hinges on readiness across multiple levels: individual, innovation, organisational, and system-wide (95–99). While previous research indicates that digital interventions can be effective in supporting mental health (100), contextual factors play a crucial role in determining user engagement (101, 102). To enhance individual-level readiness, ensuring equitable access to devices and providing digital literacy training is essential (97, 99). At the innovation level, making interventions more user-friendly, clinically useful, safe, and adaptable to client needs and existing clinical workflows can significantly improve their adoption (95, 97). Organisational and system readiness can be bolstered by providing adequate technology and training to providers and local behavioral health departments, and by exploring system transformations, such as integrated care models (103).

By conceptualising digital solutions as services, we can account for both, the characteristics of the innovation—efficacy and safety, as well as its clinical usefulness—and the broader ecosystem in which these interventions are deployed. This ecosystem includes individual and organisational factors (inner context), intermediaries and purveyors (bridging factors), client characteristics (outer context), and the fit between the innovation and its implementation setting (innovation factor).

The economic and societal toll of untreated mental health disorders, projected to reach 2.5 trillion USD by 2030, underscores the necessity of early and preventive interventions (104). Such interventions, especially when delivered through mHealth platforms, have proven to be cost-effective and essential for enhancing societal productivity (105).

While mHealth interventions show promise in addressing the mental health treatment gap, key barriers remain. To summarise key messages from the sections above, there is a lack of longitudinal research on their long-term impact in adolescents, particularly regarding health, education, and employment outcomes (106, 107). The global shortage of psychiatric services—especially in rural areas—underscores the need to explore how mHealth can expand access (108, 109). Additionally, AI-based mHealth tools offering personalised feedback require further validation, particularly regarding their effectiveness, acceptability, and ethical implications (110). Finally, research is limited on adolescents from non-diverse socio-economic backgrounds, leaving important questions about equity and access unanswered (111, 112).

To overcome these barriers, possible recommendations to stakeholders are focused on: (a) the development and validation of mHealth solutions, thanks to further investments in developing and rigorously testing AI-based mHealth solutions tailored for adolescents, ensuring these interventions are grounded in robust clinical evidences; (b) the increase of accessibility of services, specifically governments and healthcare providers must work together to increase the accessibility of psychiatric services, particularly in remote areas. This could involve investing in telepsychiatry and mHealth platforms as complementary solutions; (c) promotion of an early identification and intervention strategy, to prevent the escalation of mental health issues into adulthood. Schools, healthcare providers, and communities should collaborate to lower barriers to early healthcare utilisation using preventive strategies in mental healthcare, especially those leveraging mHealth technologies; (d) address socio-economic disparities through the development of policies and interventions more inclusive and considering the unique challenges faced by adolescents from varied socio-economic backgrounds. This includes tailoring interventions to be culturally sensitive and accessible to all segments of the population; increase multi-sectoral collaboration among health, education, technology, and social services, to successfully address the multifaceted nature of mental health challenges in adolescents. Furthermore, (e) the development and deployment of AI-based preventive e-health interventions for youth must align with the EU AI Act, which classifies AI in healthcare as high-risk and sets strict requirements for transparency, data quality, human oversight, and accountability. Further regulatory aspects as CE certification or European Medical Devices Regulation may set barriers due to high costs and required resources to get AI-based solutions off the leash. (f) Ethical considerations—such as safeguarding minors’ privacy, preventing bias, and ensuring explainability—are critical to building trust and protecting vulnerable populations. Compliance with these standards is essential to ensure the safe, equitable, and responsible implementation of AI-driven tools in youth mental health prevention.

Building on the analysis of the current state of the art, existing research and barriers, rapidly advancing on the application of AI in mental health for young people can be clearly considered a priority area in the overall digital and AI transformation of health and care. AI-based tools can offer a range of new opportunities addressing a series of existing obstacles, potentially providing more personalised and timely care, reaching out to a broader audience and thus delivering lower-threshold, more flexible and cost-efficient health support independent of geographical location, socio-economic and cultural background, and existing limited infrastructure or mental health provision services.

To strongly advance on this issue and ensure adoption of such innovative tools, however, it is necessary to address a series of complexities and hurdles that can be tackled only through a multifaceted approach involving for instance policy actions, education, innovation support programmes and ecosystems, ethical, security and transparency considerations. Key recommendations can be summarised as follows:


	1.Increase attention on mental health overall, with a focus on adolescents—building on initiatives such as the European Comprehensive Approach on Mental Health to further increase the attention on mental health from European to local level, mobilising new resources and funding to invest in mental health education, care and innovation.

	2.Investing and developing educational programmes for adolescents—aimed at both increasing health literacy and awareness on their need to freely engage in self-help health behaviours, while giving them the right information to engage with digital tools. In this framework, it will be essential to enhance collaboration with both educational and health professionals for a comprehensive approach.

	3.Increased focused on co-creation with adolescents—digital tools should be developed with co-creation at their heart, to ensure that their functionalities fully respond to the needs of adolescents, thus facilitating proper adoption and engagement.



Developing policies and guidelines ensuring transparency, security and a sound ethical approach. As with all related digital health and health data-based tools, it is essential that policies and guidelines, from European to local level, will guarantee by design transparency, security and address potential ethical issues and considerations. Frameworks such as the European AI Act, the European Medical Devices Regulation, the European Health Data Space can and should be ultimately implemented with this objective in mind, thus increasing overall trust in digital means.

Invest in cost-effective mental health innovation with positive return on investments for health systems and increasing access to care—digital tools can provide solutions to provide timely care in a cost-efficient manner also to otherwise difficult to reach population (e.g., in “medical desert” areas or to citizens with more limited access to traditional care). Digital innovation should be supported in thriving environment offering on adequate and flexible support for innovation, while ensuring careful evaluation and analysis of the benefits to facilitate advancement of the most effective and secure tools.




3 Discussion

This paper proposes a holistic, personalised AI-based mHealth approach to preventive mental healthcare in youth, placing user needs, cost-effectiveness, and implementation at the forefront. While technological advancements in AI and digital health are progressing rapidly, their integration into routine care—especially for adolescents—remains limited. Major barriers include insufficient long-term evidence, unequal access, and fragmented implementation environments.

AI-powered mHealth tools offer great promise in empowering adolescents through personalised feedback, increased health literacy, and early recognition of mental health issues. To ensure uptake and impact, such tools must be co-developed with youth, tailored to diverse socio-economic contexts, and supported by policies that address literacy, accessibility, and safe innovation.

Scalability and relevance depend on user-centred design and integration into broader healthcare ecosystems. Preventive interventions can significantly reduce societal costs and health disparities, particularly among high-risk youth. However, success requires cross-sector collaboration, ethical oversight, and ongoing evaluation to realise sustainable, equitable impact in global mental health systems.

Overall, age-appropriate tools that empower young individuals and families to proactively manage their physical and mental health could foster lifelong healthy habits from an early age, leading to healthier adult populations and reduced healthcare costs. However, several challenges need to be considered.


3.1 Challenges

The adoption, development, and implementation of a holistic AI empowered personalised approach in the field of physical and mental prevention and intervention in adolescents and young people will contribute widely to reduce the burden of health problems and improve citizen’s quality of life and well-being. However, it also entails important challenges. In the following, we describe the most important limitations.


3.1.1 High drop-out rates during intervention

Drop-out rates are high in digital self-help interventions [up to 85%; (101, 113)]. Personal engagement and relevance can be increased by the named participatory approach and individualised feedback, which has been shown to substantially decrease drop-outs in earlier projects (95, 102). Further, trials need to best be monitored externally, ensuring high user engagement and data quality.



3.1.2 Limited public acceptance and uptake by the target population

The target group as end-users are central to all stages of the development of an intervention to enhance acceptance and to reduce negative attitudes. An AI-based mHealth tool can be translated into various languages and undergo cultural and regional adaptation. With an open-source approach, low-cost usage is possible if nations cover hosting and support expenses. User acceptance and low uptake rates of digital interventions represent common problems leading to high drop-out rates. Using participatory approaches by including the target group in all stages of the development and the evaluation process shows a promising way to reach more positive attitudes towards the mHealth solutions, and to enhance user acceptance (43). Another important issue involves cultural and regional adaptations, including translation to different languages and addressing individuals with different cultural backgrounds (114). Attention must be paid to ensure an open-source approach allowing adaptations in an easy way. However, participatory research, user-centred design, and cultural adaptation require a high amount of financial and temporal resources that should already be considered when planning digital projects. Nevertheless, the involvement of these features represent indispensable components for the development and implementation of digital interventions and are recommended in guidelines and frameworks for the development of e-health interventions (43). Involving institutions in different countries to cover and support expenses is recommendable at all stages of the development.



3.1.3 Ethical and legal issues related with social disparities

Prevalence rates of youth psychopathology have increased in recent years, with underserved youth (e.g., racial/ethnic minorities, rural, and sexual minorities) disproportionately affected due to various risk factors. Individuals in these communities face significant barriers to accessing mental health services, such as stigma and high costs, which hinder their ability to support their mental health needs. (115). Digital mental health interventions could help overcome these barriers by providing accessible, culturally sensitive, and evidence-based resources to equip adolescents with the tools needed to support their well-being. To address potential disadvantages for lower socioeconomic status (SES) groups and ensure proper consent from underage populations, solutions must be developed with a focus on affordability, enabling access regardless of socio-economic background. For digital health tools to be safely and equitably integrated across all groups, alignment with the Digital Supply Act proposed by the European Parliament is essential. This includes ensuring CE marking, certification as medical devices, and system interoperability. By building trust and reducing digital literacy disparities, the goal is to enhance adherence to effective health interventions and ultimately improve health outcomes.



3.1.4 Potential side effects of ecological momentary assessments

Measurement reactivity, the phenomenon where individuals’ behaviours or responses change due to heightened awareness from ongoing data collection, can manifest in various ways. For instance, in psychiatric populations, frequent engagement with symptoms through self-reports may impact symptom occurrence, as seen in disorders like binge eating, addiction, and trauma-related memories (e.g., repeatedly prompting smokers about their urge to smoke may increase the frequency of smoking cigarettes) (116–119). These effects, influenced by assessment frequency, regularity, and duration (120), along with patient characteristics like symptom severity (121), raise questions about potential adverse effects of monitoring applications, such as symptom deterioration. Qualitative studies highlight concerns about excessive focus on illness, potentially compromising autonomy (117). Therefore, further research and multimodal approaches are needed to understand and address these potential side effects.



3.1.5 Potential risks in AI usage

AI is known to come with several risks, inlcuding limited explainability, potential bias and hence resulting limited fairness across user groups and interests, potential privacy breaches, potential miss-classification, potential attacks, e.g., by other AI targeting data safety or outcomes. It may also raise ethical questions such as whether energy invested into training and partially also inference of according models is justified by the usage, labelling of (training) data was carried out under ethically appropriate conditions, and further more (122). Another key trade-off is the need to collect large amounts of personal data from underage populations for AI models. As a result, ensuring robust data security, transparency, and responsible data management is crucial to maintaining safety and fostering trust in digital health interventions.




3.2 Summary and recommendation

In summary, the field of AI in youth mental healthcare is advancing rapidly, yet these innovations are not being sufficiently applied to reduce the growing gap in prevention and early intervention. There is widespread agreement that mHealth solutions require higher standards—including improved adherence, robust cost—benefit evaluations, and integration into routine care. To move forward effectively, we propose the following core recommendations for the development, evaluation, and implementation of AI-based mHealth interventions for youth mental health:

Adopt holistic, transdiagnostic, and personalised approaches that reflect the complexity of youth mental health and its interaction with physical, emotional, social, and environmental factors. Design interventions using participatory, youth-centred co-creation processes, involving adolescents, families, and mental health professionals from the earliest stages of development. Ensure transparency, safety, and fairness of AI algorithms through use of diverse training datasets, explainable models, and continuous validation in real-world settings. Provide real-time, personalised feedback using smart active and passive data (e.g., physical activity, mood patterns) to support behaviour change, increase self-awareness, and enhance health literacy. Evaluate long-term impact with a focus on sustained behaviour change, cost-effectiveness, and equity across different socio-economic and cultural contexts. Collaborate with policymakers to build enabling environments—through ethical frameworks, digital literacy efforts, and sustainable funding and reimbursement models. Design for scalability and equity, especially to reach underserved populations who are often excluded from conventional prevention efforts, thereby addressing the “prevention dilemma.”

Through these principles, AI-based mHealth tools can empower adolescents to monitor and improve their own mental and physical well-being, while also lowering barriers to early care access. Such tools can function as both stand-alone self-help interventions and as supportive complements to professional healthcare. In doing so, they offer the potential not only to reduce the individual and societal burden of mental illness, but also to promote long-term resilience and health equity among future generations.




4 Conclusion

We proposed an AI empowered personalised approach that could have the form of a holistic, individualised, AI-based mHealth preventive intervention for mental disorders and health behaviour featuring early and precise mental health status assessment for adolescents. Such an intervention would ensure continuous monitoring by smart active and passive assessment of digital biomarkers, covering physical and mental health. We outlined the necessity to evaluate the cost-effectiveness through multi-site, prospective randomised controlled trials across multiple countries, valuating the perspective of people with lived experience in a participatory approach on all levels of the scientific process. Implementation science should focus on the identification of barriers and facilitators of scaled application, and devise strategies for dissemination and sustainable health support across Europe.

By using this AI-driven prevention approach, we aim to help people improve their health and well-being in real, noticeable ways. Inequalities in healthcare may also be reduced by e.g., providing accessible and cost-efficient health services. Supporting healthier lifestyles may empower individuals to make better choices, live longer and healthier lives, lower healthcare costs, and stay active as they age—contributing to a more holistic view of well-being.



Data availability statement

The original contributions presented in the study are included in the article/Supplementary Material, further inquiries can be directed to the corresponding author/s.



Author contributions

JL: Conceptualization, Writing – original draft, Writing – review & editing. MB: Writing – original draft, Writing – review & editing. LB: Writing – original draft, Writing – review & editing. SC: Writing – original draft, Writing – review & editing. MC: Writing – original draft, Writing – review & editing. JF: Writing – original draft, Writing – review & editing. AG-P: Writing – original draft, Writing – review & editing. AK: Writing – original draft, Writing – review & editing. LBS: Writing – original draft, Writing – review & editing. CS: Writing – original draft, Writing – review & editing. LS: Writing – original draft, Writing – review & editing. MT: Writing – original draft, Writing – review & editing. JT: Writing – original draft, Writing – review & editing. LV: Writing – original draft, Writing – review & editing. EW: Writing – original draft, Writing – review & editing. JW: Writing – original draft, Writing – review & editing. BS: Writing – original draft, Writing – review & editing.



Funding

The author(s) declare that no financial support was received for the research and/or publication of this article.



Acknowledgments

We thank Heleen Riper and Isaac Moshe for sharing thoughts on the article.



Conflict of interest

LBS, CS have received personal funds for consultation, talks, and workshops related to e-mental-health outside the submitted work provided by training institutes for psychotherapy, non-profit foundations and clinic providers. CS, LV, JL are founders of Saludari GmbH, a software company specializing in digital health for behaviour change. MT is a director of Climate Schools Pty Ltd which holds the IP for her digital prevention programs and a co- founder of the OurFutures Institute, a not for profit which disseminates evidence-based prevention. Author SC was a consultant by company NSBproject.

The remaining authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

The author(s) declared that he was an editorial board member of Frontiers, at the time of submission. This had no impact on the peer review process and the final decision.



Generative AI statement

The author(s) declare that no Generative AI was used in the creation of this manuscript.

Any alternative text (alt text) provided alongside figures in this article has been generated by Frontiers with the support of artificial intelligence and reasonable efforts have been made to ensure accuracy, including review by the authors wherever possible. If you identify any issues, please contact us.



Publisher's note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



References


	1. Solmi M, Radua J, Olivola M, Croce E, Soardo L, Salazar de Pablo G, et al.. Age at onset of mental disorders worldwide: large-scale meta-analysis of 192 epidemiological studies. Mol Psychiatry. (2022) 27:281–95. doi: 10.1038/s41380-021-01161-7


	2. Thapar A, Collishaw S, Pine DS, Thapar AK. Depression in adolescence. Lancet. (2012) 379:1056–67. doi: 10.1016/S0140-6736(11)60871-4


	3. Borga LG, Münich D, Kukla L. The socioeconomic gradient in child health and noncognitive skills: evidence from the Czech Republic. Econ Hum Biol. (2021) 43:101075. doi: 10.1016/j.ehb.2021.101075


	4. Lampert T, Hoebel J, Kuntz B, Finger JD, Hölling H, Lange M, et al.. Health inequalities among children and adolescents in Germany. Developments over time and trends from the kiggs study. J Health Monit. (2019) 4:15. doi: 10.25646/5871


	5. Schuller BW, Löchner J, Qian K, Hu B. Digital mental health—breaking a lance for prevention. IEEE Trans Comput Soc Syst. (2022) 9:1584–8. doi: 10.1109/TCSS.2022.3219193


	6. Ginsburg GS, Becker-Haimes EM, Keeton C, Kendall PC, Iyengar S, Sakolsky D, et al.. Results from the child/adolescent anxiety multimodal extended long-term study (CAMELS): primary anxiety outcomes. J Am Acad Child Adolesc Psychiatry. (2018) 57:471–80. doi: 10.1016/j.jaac.2018.03.017


	7. Cuijpers P, Javed A, Bhui K. The who world mental health report: a call for action. Br J Psychiatry. (2023) 222:227–9. doi: 10.1192/bjp.2023.9


	8. Löchner J, Carlbring P, Schuller B, Torous J, Sander L. Digital interventions in mental health: an overview and future perspectives. Internet Interv. (2025) 40:100824.


	9. Hall AK, Cole-Lewis H, Bernhardt JM. Mobile text messaging for health: a systematic review of reviews. Annu Rev Public Health. (2015) 36:393–415. doi: 10.1146/annurev-publhealth-031914-122855


	10. Gordon WJ, Landman A, Zhang H, Bates DW. Beyond validation: getting health apps into clinical practice. NPJ Digit Med. (2020) 3:14. doi: 10.1038/s41746-019-0212-z


	11. Lamkin P. Smart wearables market to double by 2022: $27 billion industry forecast. Forbes. (2018).


	12. Moshe I, Terhorst Y, Opoku Asare K, Sander LB, Ferreira D, Baumeister H, et al.. Predicting symptoms of depression and anxiety using smartphone and wearable data. Front Psychiatry. (2021) 12:625247. doi: 10.3389/fpsyt.2021.625247


	13. Schuller BW, Löchner J, Qian K, Hu B. Covid-19’s impact on mental health—the hour of computational aid? IEEE Trans Comput Soc Syst. (2022) 9:967–73. doi: 10.1109/TCSS.2022.3191821


	14. Löchner J, Moshe I, Schiepek G, Schuller BW, Schoedel R, Rodgar M, et al.. Tracking health-related quality of life dynamics: advances in ambulatory assessment methods. Brain Behav Immun Integr. (2024) 6:100061.


	15. Ng CJ, Mathers N, Bradley A, Colwell B. Acombined framework’ approach to developing a patient decision aid: the PANDAs model. BMC Health Serv Res. (2014) 14:1–12. doi: 10.1186/s12913-014-0503-7


	16. Domhardt M, Steubl L, Baumeister H. Internet- and mobile-based interventions for mental and somatic conditions in children and adolescents. Z Kinder Jugendpsychiatr Psychother. (2020) 48:33–46. doi: 10.1024/1422-4917/a000625


	17. Grist R, Porter J, Stallard P. Mental health mobile apps for preadolescents and adolescents: a systematic review. J Med Internet Res. (2017) 19:e176. doi: 10.2196/jmir.7332


	18. Vigerland S, Lenhard F, Bonnert M, Lalouni M, Hedman E, Ahlen J, et al.. Internet-delivered cognitive behavior therapy for children and adolescents: a systematic review and meta-analysis. Clin Psychol Rev. (2016) 50:1–10. doi: 10.1016/j.cpr.2016.09.005


	19. Wu Y, Fenfen E, Wang Y, Xu M, Liu S, Zhou L, et al.. Efficacy of internet-based cognitive-behavioral therapy for depression in adolescents: a systematic review and meta-analysis. Internet Interv. (2023) 34:100673. doi: 10.1016/j.invent.2023.100673


	20. Firth J, Siddiqi N, Koyanagi A, Siskind D, Rosenbaum S, Galletly C, et al.. The lancet psychiatry commission: a blueprint for protecting physical health in people with mental illness. Lancet Psychiatry. (2019) 6:675–712. doi: 10.1016/S2215-0366(19)30132-4


	21. Sawyer C, McKeon G, Hassan L, Onyweaka H, Agulleiro LM, Guinart D, et al.. Digital health behaviour change interventions in severe mental illness: a systematic review. Psychol Med. (2023) 53(15):6965–7005. doi: 10.1017/S0033291723002064


	22. Carney R, Cotter J, Bradshaw T, Firth J, Yung AR. Cardiometabolic risk factors in young people at ultra-high risk for psychosis: a systematic review and meta-analysis. Schizophr Res. (2016) 170:290–300. doi: 10.1016/j.schres.2016.01.010


	23. Launders N, Kirsh L, Osborn DP, Hayes JF. The temporal relationship between severe mental illness diagnosis and chronic physical comorbidity: a UK primary care cohort study of disease burden over 10 years. Lancet Psychiatry. (2022) 9:725–35. doi: 10.1016/S2215-0366(22)00225-5


	24. Stubbs B, Firth J, Berry A, Schuch FB, Rosenbaum S, Gaughran F, et al.. How much physical activity do people with schizophrenia engage in? a systematic review, comparative meta-analysis and meta-regression. Schizophr Res. (2016) 176:431–40. doi: 10.1016/j.schres.2016.05.017


	25. Vancampfort D, Probst M, Scheewe T, De Herdt A, Sweers K, Knapen J, et al.. Relationships between physical fitness, physical activity, smoking and metabolic and mental health parameters in people with schizophrenia. Psychiatry Res. (2013) 207:25–32. doi: 10.1016/j.psychres.2012.09.026


	26. Lambert JD, Greaves CJ, Farrand P, Price L, Haase AM, Taylor AH. Web-based intervention using behavioral activation and physical activity for adults with depression (the emotion study): pilot randomized controlled trial. J Med Internet Res. (2018) 20:e10112. doi: 10.2196/10112


	27. Cheng P, Luik AI, Fellman-Couture C, Peterson E, Joseph CL, Tallent G, et al.. Efficacy of digital cbt for insomnia to reduce depression across demographic groups: a randomized trial. Psychol Med. (2019) 49:491–500. doi: 10.1017/S0033291718001113


	28. Nobis S, Lehr D, Ebert DD, Baumeister H, Snoek F, Riper H, et al.. Efficacy of a web-based intervention with mobile phone support in treating depressive symptoms in adults with type 1 and type 2 diabetes: a randomized controlled trial. Diabetes Care. (2015) 38:776–83. doi: 10.2337/dc14-1728


	29. Sander L, Paganini S, Terhorst Y, Schlicker S, Lin J, Spanhel K, et al.. Effectiveness of a guided web-based self-help intervention to prevent depression in patients with persistent back pain: the PROD-BP randomized clinical trial. JAMA Psychiatry. (2020) 77:1001–11. doi: 10.1001/jamapsychiatry.2020.1021


	30. Firth J, Cotter J, Torous J, Bucci S, Firth JA, Yung AR. Mobile phone ownership and endorsement of “mhealth” among people with psychosis: a meta-analysis of cross-sectional studies. Schizophr Bull. (2016) 42:448–55. doi: 10.1093/schbul/sbv132


	31. Torous J, Bucci S, Bell IH, Kessing LV, Faurholt-Jepsen M, Whelan P, et al.. The growing field of digital psychiatry: current evidence and the future of apps, social media, chatbots, and virtual reality. World Psychiatry. (2021) 20:318–35. doi: 10.1002/wps.20883


	32. Sawyer C, Hassan L, Sainsbury J, Carney R, Bucci S, Burgess H, et al.. Using digital technology to promote physical health in mental healthcare: a sequential mixed-methods study of clinicians’ views. Early Interv Psychiatry. (2024) 18:140–52. doi: 10.1111/eip.13441


	33. Hosker DK, Elkins RM, Potter MP. Promoting mental health and wellness in youth through physical activity, nutrition, and sleep. Child Adolesc Psychiatr Clin. (2019) 28:171–93. doi: 10.1016/j.chc.2018.11.010


	34. Calear AL, Christensen H, Mackinnon A, Griffiths KM, O’Kearney R. The youthmood project: a cluster randomized controlled trial of an online cognitive behavioral program with adolescents. J Consult Clin Psychol. (2009) 77:1021–32. doi: 10.1037/a0017391


	35. Domhardt M, Engler S, Nowak H, Lutsch A, Baumel A, Baumeister H. Mechanisms of change in digital health interventions for mental disorders in youth: systematic review. J Med Internet Res. (2021) 23:e29742. doi: 10.2196/29742


	36. Lochner J, Schuller BW. Child and youth affective computing—challenge accepted. IEEE Intell Syst. (2022) 37:69–76. doi: 10.1109/MIS.2022.3209047


	37. Watkins ER, Warren FC, Newbold A, Hulme C, Cranston T, Aas B, et al.. Emotional competence self-help app versus cognitive behavioural self-help app versus self-monitoring app to prevent depression in young adults with elevated risk (ecoweb prevent): an international, multicentre, parallel, open-label, randomised controlled trial. Lancet Digit Health. (2024). doi: 10.1016/S2589-7500(24)00148-1


	38. Wong N, Kady L, Mewton L, Sunderland M, Andrews G. Preventing anxiety and depression in adolescents: a randomised controlled trial of two school based internet-delivered cognitive behavioural therapy programmes. Internet Interv. (2014) 1(2):90–4. doi: 10.1016/j.invent.2014.05.004


	39. Michie S, Richardson M, Johnston M, Abraham C, Francis J, Hardeman W, et al.. The behavior change technique taxonomy (v1) of 93 hierarchically clustered techniques: building an international consensus for the reporting of behavior change interventions. Ann Behav Med. (2013) 46:81–95. doi: 10.1007/s12160-013-9486-6


	40. Vogel L, Henning C, Wolstein J, Versele V, Poppel MNMV, Steppan K, et al.. User-centered development process of an evidence-based mhealth intervention for psychosocially burdened families during the transition to parenthood. Ment Health Sci. (2024) 2(2):e58. doi: 10.1002/mhs2.58


	41. Milne-Ives M, Lam C, De Cock C, Van Velthoven MH, Meinert E. Mobile apps for health behavior change in physical activity, diet, drug and alcohol use, and mental health: systematic review. JMIR mHealth uHealth. (2020) 8:e17046. doi: 10.2196/17046


	42. Schoeppe S, Alley S, Rebar AL, Hayman M, Bray NA, Van Lippevelde W, et al.. Apps to improve diet, physical activity and sedentary behaviour in children and adolescents: a review of quality, features and behaviour change techniques. Int J Behav Nutr Phys Act. (2017) 14:1–10. doi: 10.1186/s12966-017-0538-3


	43. Seiferth C, Vogel L, Aas B, Brandhorst I, Carlbring P, Conzelmann A, et al.. How to e-mental health: a guideline for researchers and practitioners using digital technology in the context of mental health. Nat Ment Health. (2023) 1:542–54. doi: 10.1038/s44220-023-00085-1


	44. Seizer L, Schiepek G, Cornellissen G, Löchner J. A primer on sampling rates in ambulatory assessments. Psychol Methods. (2024).38815067


	45. Fisher AJ, Medaglia JD, Jeronimus BF. Lack of group-to-individual generalizability is a threat to human subjects research. Proc Natl Acad Sci. (2018) 115:E6106–15.29915059


	46. Zuidersma M, Riese H, Snippe E, Booij SH, Wichers M, Bos EH. Single-subject research in psychiatry: facts and fictions. Front Psychiatry. (2020) 11:539777. doi: 10.3389/fpsyt.2020.539777


	47. Wright AG, Woods WC. Personalized models of psychopathology. Annu Rev Clin Psychol. (2020) 16:49–74. doi: 10.1146/annurev-clinpsy-102419-125032


	48. Reichert M, Gan G, Renz M, Braun U, Brüßler S, Timm I, et al.. Ambulatory assessment for precision psychiatry: foundations, current developments and future avenues. Exp Neurol. (2021) 345:113807. doi: 10.1016/j.expneurol.2021.113807


	49. Cummins N, Baird A, Schuller BW. Speech analysis for health: current state-of-the-art and the increasing impact of deep learning. Methods. (2018) 151:41–54. doi: 10.1016/j.ymeth.2018.07.007


	50. Amiriparian S, Awad A, Gerczuk M, Stappen L, Baird A, Ottl S, et al.. Audio-based recognition of bipolar disorder utilising capsule networks. In: 2019 International Joint Conference on Neural Networks (IJCNN). IEEE (2019). p. 1–7.


	51. Ringeval F, Schuller B, Valstar M, Cowie R, Kaya H, Schmitt M, et al.. Avec 2018 workshop and challenge: bipolar disorder and cross-cultural affect recognition. In: Proceedings of the 2018 on Audio/Visual Emotion Challenge and Workshop. (2018). p. 3–13.


	52. Ringeval F, Schuller B, Valstar M, Gratch J, Cowie R, Scherer S, et al.. Avec 2017: real-life depression, and affect recognition workshop and challenge. In: Proceedings of the 7th Annual Workshop on Audio/Visual Emotion Challenge. (2017). p. 3–9.


	53. He L, Cao C. Automated depression analysis using convolutional neural networks from speech. J Biomed Inform. (2018) 83:103–11. doi: 10.1016/j.jbi.2018.05.007


	54. Ma X, Yang H, Chen Q, Huang D, Wang Y. Depaudionet: an efficient deep model for audio based depression classification. In: Proceedings of the 6th International Workshop on Audio/Visual Emotion Challenge. (2016). p. 35–42.


	55. Li C, Bian N, Zhao Z, Wang H, Schuller BW. Multi-view domain-adaptive representation learning for eeg-based emotion recognition. Inf Fusion. (2024) 104:102156. doi: 10.1016/j.inffus.2023.102156


	56. Yang L, Wang Y, Zhu X, Yang X, Zheng C. A gated temporal-separable attention network for eeg-based depression recognition. Comput Biol Med. (2023) 157:106782. doi: 10.1016/j.compbiomed.2023.106782


	57. Niu M, Liu B, Tao J, Li Q. A time-frequency channel attention and vectorization network for automatic depression level prediction. Neurocomputing. (2021) 450:208–18. doi: 10.1016/j.neucom.2021.04.056


	58. Zhao Z, Bao Z, Zhang Z, Cummins N, Wang H, Schuller B. Hierarchical attention transfer networks for depression assessment from speech. In: ICASSP 2020-2020 IEEE International Conference on Acoustics, Speech and Signal Processing (ICASSP). IEEE (2020). p. 7159–63.


	59. Dong Y, Yang X. A hierarchical depression detection model based on vocal and emotional cues. Neurocomputing. (2021) 441:279–90. doi: 10.1016/j.neucom.2021.02.019


	60. He X, Triantafyllopoulos A, Kathan A, Milling M, Yan T, Rajamani ST, et al.. Depression diagnosis and forecast based on mobile phone sensor data. In: 2022 44th Annual International Conference of the IEEE Engineering in Medicine & Biology Society (EMBC). IEEE (2022). p. 4679–82.


	61. Wac K. From quantified self to quality of life. In: Digit Health: Scaling Healthcare to the World. Springer (2018). p. 83–108.


	62. Boto E, Holmes N, Leggett J, Roberts G, Shah V, Meyer SS, et al.. Moving magnetoencephalography towards real-world applications with a wearable system. Nature. (2018) 555:657–61. doi: 10.1038/nature26147


	63. Topalovic U, Aghajan ZM, Villaroman D, Hiller S, Christov-Moore L, Wishard TJ, et al.. Wireless programmable recording and stimulation of deep brain activity in freely moving humans. Neuron. (2020) 108:322–34. doi: 10.1016/j.neuron.2020.08.021


	64. Mehl MR. Eavesdropping on health: a naturalistic observation approach for social health research. Soc Personal Psychol Compass. (2007) 1:359–80. doi: 10.1111/j.1751-9004.2007.00034.x


	65. Montag C, Quintana DS. Digital phenotyping in molecular psychiatry—a missed opportunity? Mol Psychiatry. (2023) 28:6–9. doi: 10.1038/s41380-022-01795-1


	66. Woodward K, Kanjo E, Brown DJ, McGinnity TM, Inkster B, Macintyre DJ, et al.. Beyond mobile apps: a survey of technologies for mental well-being. IEEE Trans Affect Comput. (2020) 13:1216–35. doi: 10.1109/TAFFC.2020.3015018


	67. Zhang X, Li W, Chen X, Lu S. Moodexplorer: towards compound emotion detection via smartphone sensing. Proc ACM Interact Mob Wearable Ubiquitous Technol. (2018) 1:1–30.


	68. Wang R, Wang W, DaSilva A, Huckins JF, Kelley WM, Heatherton TF, et al.. Tracking depression dynamics in college students using mobile phone and wearable sensing. Proc ACM Interact Mob Wearable Ubiquitous Technol. (2018) 2:1–26.


	69. Schiepek G, de Felice G, Desmet M, Aichhorn W, Sammet I. How to measure outcome? a perspective from the dynamic complex systems approach. Couns Psychother Res. (2022) 22:937–45. doi: 10.1002/capr.12521


	70. Wichers M. The dynamic nature of depression: a new micro-level perspective of mental disorder that meets current challenges. Psychol Med. (2014) 44:1349–60. doi: 10.1017/S0033291713001979


	71. Kuppens P. It’s about time: a special section on affect dynamics. Emot Rev. (2015) 7:297–300. doi: 10.1177/1754073915590947


	72. van de Leemput IA, Wichers M, Cramer AO, Borsboom D, Tuerlinckx F, Kuppens P, et al.. Critical slowing down as early warning for the onset and termination of depression. Proc Natl Acad Sci. (2014) 111:87–92. doi: 10.1073/pnas.1312114110


	73. Wichers M., Groot P.C., Psychosystems, ESM Group, EWS Group. Critical slowing down as a personalized early warning signal for depression. Psychother Psychosom. (2016) 85:114–6. doi: 10.1159/000441458


	74. De Vries LP, Baselmans BM, Bartels M. Smartphone-based ecological momentary assessment of well-being: a systematic review and recommendations for future studies. J Happiness Stud. (2021) 22:2361–408. doi: 10.1007/s10902-020-00324-7


	75. Thunnissen MR, Nauta MH. Youth psychopathology in daily life: systematically reviewed characteristics and potentials of ecological momentary assessment applications. Child Psychiatry Hum Dev. (2022) 53:1129–47. doi: 10.1007/s10578-021-01177-8


	76. Cummins N, Dineley J, Conde P, Matcham F, Siddi S, Lamers F, et al.. Multilingual markers of depression in remotely collected speech samples: a preliminary analysis. J Affect Disord. (2023) 341:128–36. doi: 10.1016/j.jad.2023.08.097


	77. Cao J, Truong AL, Banu S, Shah AA, Sabharwal A, Moukaddam N, et al.. Tracking and predicting depressive symptoms of adolescents using smartphone-based self-reports, parental evaluations, and passive phone sensor data: development and usability study. JMIR Ment Health. (2020) 7:e14045. doi: 10.2196/14045


	78. MacLeod L, Suruliraj B, Gall D, Bessenyei K, Hamm S, Romkey I, et al.. A mobile sensing app to monitor youth mental health: observational pilot study. JMIR mHealth uHealth. (2021) 9:e20638. doi: 10.2196/20638


	79. Maharjan SM, Poudyal A, van Heerden A, Byanjankar P, Thapa A, Islam C, et al.. Passive sensing on mobile devices to improve mental health services with adolescent and young mothers in low-resource settings: the role of families in feasibility and acceptability. BMC Med Inform Decis Mak. (2021) 21:1–19. doi: 10.1186/s12911-021-01473-2


	80. Mullick T, Radovic A, Shaaban S, Doryab A. Predicting depression in adolescents using mobile and wearable sensors: multimodal machine learning–based exploratory study. JMIR Format Res. (2022) 6:e35807. doi: 10.2196/35807


	81. Sequeira L, Perrotta S, LaGrassa J, Merikangas K, Kreindler D, Kundur D, et al.. Mobile and wearable technology for monitoring depressive symptoms in children and adolescents: a scoping review. J Affect Disord. (2020) 265:314–24. doi: 10.1016/j.jad.2019.11.156


	82. Alt AK, Pascher A, Seizer L, von Fraunberg M, Conzelmann A, Renner TJ. Psychotherapy 2.0-application context and effectiveness of sensor technology in psychotherapy with children and adolescents: a systematic review. Internet Interv. (2024) 38:100785. doi: 10.1016/j.invent.2024.100785


	83. Löchner J, Schuller BW. Child and youth affective computing—challenge accepted. IEEE Intell Syst. (2022) 37:69–76. doi: 10.1109/MIS.2022.3209047


	84. Athey S, Imbens GW. The state of applied econometrics: causality and policy evaluation. J Econ Perspect. (2017) 31:3–32. doi: 10.1257/jep.31.2.3


	85. Magaret A, Angus DC, Adhikari NK, Banura P, Kissoon N, Lawler JV, et al.. Design of a multi-arm randomized clinical trial with no control arm. Contemp Clin Trials. (2016) 46:12–7. doi: 10.1016/j.cct.2015.11.003


	86. Porche MV, Fortuna LR, Lin J, Alegria M. Childhood trauma and psychiatric disorders as correlates of school dropout in a national sample of young adults. Child Dev. (2011) 82:982–98. doi: 10.1111/j.1467-8624.2010.01534.x


	87. Stone AA, Schwartz JE, Schkade D, Schwarz N, Krueger A, Kahneman D. A population approach to the study of emotion: diurnal rhythms of a working day examined with the day reconstruction method. Emotion. (2006) 6:139–49. doi: 10.1037/1528-3542.6.1.139


	88. Diener E, Tay L. Review of the day reconstruction method (DRM). Soc Indic Res. (2014) 116:255–67. doi: 10.1007/s11205-013-0279-x


	89. Kongats K, Wright M. Participatory Health Research: Voices From Around the World. Cham: Springer International Publishing (2018).


	90. Vaughn LM, Jacquez F. Participatory research methods–choice points in the research process. J Participatory Res Methods. (2020) 1(1). doi: 10.35844/001c.13244


	91. Holmes L, Cresswell K, Williams S, Parsons S, Keane A, Wilson C, et al.. Innovating public engagement and patient involvement through strategic collaboration and practice. Res Involv Engagem. (2019) 5:1–12. doi: 10.1186/s40900-019-0160-4


	92. Torales J, Aveiro-Róbalo TR, Ríos-González C, Barrios I, Almirón-Santacruz J, González-Urbieta I, et al.. Discrimination, stigma and mental health: what’s next? Int Rev Psychiatry. (2023) 35:242–50. doi: 10.1080/09540261.2023.2186218


	93. World Health Organization. World Mental Health Report: Transforming Mental Health for All. Geneva: World Health Organization (2022).


	94. Bauer MS, Kirchner J. Implementation science: what is it and why should I care? Psychiatry Res. (2020) 283:112376. doi: 10.1016/j.psychres.2019.04.025


	95. Borghouts J, Eikey E, Mark G, Leon CD, Schueller SM, Schneider M, et al.. Barriers to and facilitators of user engagement with digital mental health interventions: systematic review. J Med Internet Res. (2021) 23:e24387. doi: 10.2196/24387


	96. Dopp AR, Parisi KE, Munson SA, Lyon AR. A glossary of user-centered design strategies for implementation experts. Transl Behav Med. (2019) 9:1057–64. doi: 10.1093/tbm/iby119


	97. Graham AK, Lattie EG, Powell BJ, Lyon AR, Smith JD, Schueller SM, et al.. Implementation strategies for digital mental health interventions in health care settings. Am Psychol. (2020) 75:1080–92. doi: 10.1037/amp0000686


	98. Lewis CC, Boyd MR, Walsh-Bailey C, Lyon AR, Beidas R, Mittman B, et al.. A systematic review of empirical studies examining mechanisms of implementation in health. Implement Sci. (2020) 15:1–25.31900167


	99. Schueller SM, Torous J. Scaling evidence-based treatments through digital mental health. Am Psychol. (2020) 75:1093–104. doi: 10.1037/amp0000654


	100. Goldberg SB, Lam SU, Simonsson O, Torous J, Sun S. Mobile phone-based interventions for mental health: a systematic meta-review of 14 meta-analyses of randomized controlled trials. PLOS Digit Health. (2022) 1:e0000002.35224559


	101. Linardon J, Fuller-Tyszkiewicz M. Attrition and adherence in smartphone-delivered interventions for mental health problems: a systematic and meta-analytic review. J Consult Clin Psychol. (2020) 88:1–13. doi: 10.1037/ccp0000459


	102. Rivera-Romero O, Gabarron E, Ropero J, Denecke K. Designing personalised mhealth solutions: an overview. J Biomed Inform. (2023) 146:104500. doi: 10.1016/j.jbi.2023.104500


	103. Zhao X, Stadnick NA, Ceballos-Corro E, Castro Jr J, Mallard-Swanson K, Palomares KJ, et al.. Facilitators of and barriers to integrating digital mental health into county mental health services: qualitative interview analyses. JMIR Format Res. (2023) 7:e45718. doi: 10.2196/45718


	104. Campion J, Javed A, Lund C, Sartorius N, Saxena S, Marmot M, et al.. Public mental health: required actions to address implementation failure in the context of COVID-19. Lancet Psychiatry. (2022) 9:169–82. doi: 10.1016/S2215-0366(21)00199-1


	105. Paganini S, Teigelkötter W, Buntrock C, Baumeister H. Economic evaluations of internet- and mobile-based interventions for the treatment and prevention of depression: a systematic review. J Affect Disord. (2018) 225:733–55. doi: 10.1016/j.jad.2017.07.018


	106. Das JK, Salam RA, Lassi ZS, Mahmood W, Patel V, Bhutta ZA. Interventions for adolescent mental health: an overview of systematic reviews. J Adolesc Health. (2016) 59:S49–S60. doi: 10.1016/j.jadohealth.2016.06.020


	107. Ludwig K, Arthur R, Sculthorpe N, Fountain H, Buchan DS. Text messaging interventions for improvement in physical activity and sedentary behavior in youth: systematic review. JMIR mHealth uHealth. (2018) 6:e10799. doi: 10.2196/10799


	108. Abd-Alrazaq AA, Rababeh A, Alajlani M, Bewick BM, Househ M. Effectiveness and safety of using chatbots to improve mental health: systematic review and meta-analysis. J Med Internet Res. (2020) 22:e16021. doi: 10.2196/16021


	109. Cai A, Mehrotra A, Germack HD, Busch AB, Huskamp HA, Barnett ML. Trends in mental health care delivery by psychiatrists and nurse practitioners in medicare, 2011–2019. Health Aff. (2022) 41:1222–30. doi: 10.1377/hlthaff.2022.00289


	110. Rahsepar Meadi M, Sillekens T, Metselaar S, van Balkom A, Bernstein J, Batelaan N. Exploring the ethical challenges of conversational AI in mental health care: scoping review. JMIR Ment Health. (2025) 12:e60432. doi: 10.2196/60432


	111. Figueroa CA, Murayama H, Amorim PC, White A, Quiterio A, Luo T, et al.. Researchers’ perspectives on digital mental health intervention co-design with marginalized community stakeholder youth and families. Front Psychiatry. (2022) 13:867460.35530032


	112. Wani C, McCann L, Lennon M, Radu C. Digital mental health interventions for adolescents in low- and middle-income countries: scoping review. J Med Internet Res. (2024) 26:e51376. doi: 10.2196/51376


	113. Marquez PV, Saxena S. Making mental health a global priority. Cerebrum. (2016) 2016:cer-10-6.28058091.


	114. Spanhel K, Balci S, Feldhahn F, Bengel J, Baumeister H, Sander LB. Cultural adaptation of internet-and mobile-based interventions for mental disorders: a systematic review. NPJ Digit Med. (2021) 4:128. doi: 10.1038/s41746-021-00498-1


	115. Cobb CL. Data from: Editorial perspective: reducing mental health disparities among underserved youth: using technology to equip parents as agents of change. (2023).


	116. Boon B, Stroebe W, Schut H, IJntema R. Ironic processes in the eating behaviour of restrained eaters. Br J Health Psychol. (2002) 7:1–10. doi: 10.1348/135910702169303


	117. Bos FM, Snippe E, Bruggeman R, Wichers M, van der Krieke L. Insights of patients and clinicians on the promise of the experience sampling method for psychiatric care. Psychiatr Serv. (2019) 70:983–91. doi: 10.1176/appi.ps.201900050


	118. Kleindienst N, Priebe K, Petri M, Hecht A, Santangelo P, Bohus M, et al.. Trauma-related memories in PTSD after interpersonal violence: an ambulatory assessment study. Eur J Psychotraumatol. (2017) 8:1409062. doi: 10.1080/20008198.2017.1409062


	119. Myin-Germeys I, Kuppens P. The Open Handbook of Experience Sampling Methodology: A Step-By-Step Guide to Designing, Conducting, and Analyzing ESM Studies. Leuven: Leuven University Press (2022).


	120. Ram N, Brinberg M, Pincus AL, Conroy DE. The questionable ecological validity of ecological momentary assessment: considerations for design and analysis. Res Hum Dev. (2017) 14:253–70. doi: 10.1080/15427609.2017.1340052


	121. Conner TS, Reid KA. Effects of intensive mobile happiness reporting in daily life. Soc Psychol Personal Sci. (2012) 3:315–23. doi: 10.1177/1948550611419677


	122. Baird A, Schuller B. Considerations for a more ethical approach to data in AI: on data representation and infrastructure. Front Big Data. (2020) 3:25. doi: 10.3389/fdata.2020.00025






OPS/xhtml/Nav.xhtml




Contents





		Cover



		Multidisciplinary perspectives on personalised prevention in youth mental health

		1 Introduction



		2 Toward transformative prevention: a roadmap for next-generation AI in youth mental healthcare



		2.1 A holistic, individualised, mHealth preventive intervention for mental disorders



		2.2 Smart active and passive assessment of digital biomarkers for mental health



		2.3 Evaluating the (cost-)effectiveness of mHealth preventive interventions



		2.4 Participatory approach



		2.5 Barriers and facilitators for implementation, dissemination and sustainable health support across Europe











		3 Discussion



		3.1 Challenges



		3.1.1 High drop-out rates during intervention



		3.1.2 Limited public acceptance and uptake by the target population



		3.1.3 Ethical and legal issues related with social disparities



		3.1.4 Potential side effects of ecological momentary assessments



		3.1.5 Potential risks in AI usage











		3.2 Summary and recommendation











		4 Conclusion



		Data availability statement



		Author contributions



		Funding



		Acknowledgments



		Conflict of interest



		Generative AI statement



		Publisher's note



		References



















OPS/images/fdgth-07-1568472-g001.jpg
Co-Desgin and User-

needs Assessment

Evaluation and
Validation

Personalised E-

Prevention

Holistic
Content

el

Researcher

Professmnals

r D

e Desi &
Al Integration
®

Policy and
Implementation
-_

jiiig

Politicians

S






OPS/images/cover.jpg
& frontiers | Frontiers in Digital Health

Multidisciplinary perspectives on personalised
prevention in youth mental health








OPS/images/crossmark.jpg
(®) Check for updates.





OPS/images/logo.jpg
& frontiers | Frontiers in Digital Health





