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This study applies a hybrid methodology combining a systematic review and an AI-enhanced pilot study to explore the correlation between physical activity and episodic-paroxysmal anxiety (EPA) within Extended Reality (XR) environments. The pilot study uses a multimodal biometric approach (incorporating accelerometry, heart rate variability (HRV), and skin conductance) integrated with AI-driven pattern recognition algorithms to measure the real-time physiological impact of Dance Movement Therapy (DMT). By establishing a feedback loop between physical activity and anxiety-related biomarkers, the study presents a dynamic framework for non-pharmacological mental health intervention design. The emerging methodologies for AI-driven Preventative Mechanisms, are tested with a pilot study, consisting of a cohort of 20 participants, exploring the correlation between physical activity and anxiety levels through advanced biometric measures such as accelerometers, skin conductance, and heart rate variability. The key findings reveal that Dance Movement Therapy within Extended Reality environments significantly reduces anxiety levels in individuals with episodic-paroxysmal anxiety, as evidenced by measurable improvements in biometric indicators such as heart rate variability and skin conductance.
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1 INTRODUCTION: THE MENTAL HEALTH CRISIS AND THE METAVERSE SOLUTIONS
We spend significant time using technology, and this is affecting our mental health. Without considering what easing effects can be put in place, this can damage the mental health of users, even for users who have not reported mental health issues previously. Some of the statistics we found from the National Health Service (NHS) in the United Kingdom confirm that in England, approximately 26% of young women aged between 16 and 24 years old and 17% of adults report having a common mental health problem in any given week. This number is on the rise (NHS Digital, 2016). Understandably, this is a minimal demographical range to argue that this represents the entire world. Still, with a quick search in the relevant literature, we found that many other regions worldwide had a similarly high number of young people suffering from preventable mental health problems. Mental health problems create the ‘multiple disadvantage’ situation, where approximately 40% of people in England with mental health disabilities also have overlapping difficulties, including homelessness, substance misuse and contact with the criminal justice system (Dixon and Roberts, 2016). Even more concerningly, the number of people with suicidal thoughts is rising faster than those experiencing and reporting mental health problems to the NHS, which can signal that people are finding it harder to cope with mental health problems (NHS Digital, 2016). Mental health conditions pose a significant challenge for healthcare providers and society. The World Health Organization predicts that by 2030, mental health conditions will be the leading cause of disease burden worldwide (World Health Organization, 2020). Since the COVID-19 pandemic was an event that could have influenced the data (Han et al., 2021; Zhou et al., 2020; Tay et al., 2020; Hossain et al., 2020; Huang et al., 2021; Wiederhold and Riva, 2020; Aafjes-van Doorn et al., 2020), the reference data used is from before COVID-19. Nevertheless, current literature argues that the long-term effect of the COVID-19 pandemic will result in worsening mental health problems in our society (Hossain et al., 2020; Pfefferbaum and North, 2020; Kumar and Nayar, 2020).
This paper applies hybrid research methodology combining systematic review and pilot study. The first phase conducts a systematic review of literature on integrating biometric measures such as accelerometry, skin conductance, and heart rate variability to examine the effectiveness of non-pharmacological interventions within Extended Reality for improving mental health, specifically targeting episodic-paroxysmal anxiety (a form of panic disorder).
1.1 Non-pharmacological treatment clinical trials in XR
Clinical trials are vital for assessing the efficacy and safety of non-pharmacological treatments within extended realities (XR) (Gilbert, 2003; Gifford et al., 2020; Morrison et al., 2016; Solenov et al., 2018). The summary of the key postulates in this study include: (a) A diverse cohort must participate in these studies, particularly incorporating underrepresented populations, (b) to ensure inclusivity whilst maintaining methodological integrity, the formulation of precise inclusion and exclusion criteria is paramount, (c) a sophisticated testbed comprising XR devices, sensors, and wearables is required for collecting real-time health metrics during these clinical trials.
Although the proposed methodology for utilising XR in mental health treatment isn’t entirely ground-breaking, virtual reality (VR) has been actively used for over two decades to treat panic disorder, recent advancements in XR headset technology render them lighter and versatile for an array of therapeutic endeavours. Past clinical investigations explored the potential of VR in delivering neurofeedback and biofeedback, amplifying the effects of music and art therapy, and addressing conditions like depression and anxiety.
It’s crucial that these clinical trials adhere to data protection regulations and obtain participant consent for data collection and analysis. In these trials, wearable devices and sensors primarily capture quantitative data, such as metrics on heart rate variability, microvascular perfusion, skin conductance, and physical activity. This primary data is supplemented by interviews and surveys, which provide context, alongside secondary data from open intelligence and existing databases.
1.2 Summary and structure of the study
The subsequent table explains the primary structure and principal points of each section of the study to provide readers with a brief overview and better navigation through the expanse of this research. This summary represents the progression from the foundational understanding of mental health challenges and technologies through the methodology and findings to the implications and prospective avenues for further research.
This research differentiates itself from previous studies by introducing a closed-loop AI-feedback mechanism that modulates therapeutic XR content in response to real-time biometric signals. While past studies have evaluated the efficacy of XR and Dance Movement Therapy independently, this study uniquely combines the two within a phenotype-driven testbed informed by Human Phenotype Ontology (HPO) classifications. It further advances the state of research by incorporating predictive modelling based on biometric patterns to personalise therapy delivery. The significance of this study lies in its methodological integration of biometric sensing, AI inference, and immersive therapeutic adaptation, an innovation not explored in prior mental health research using XR modalities.
2 RESEARCH METHODOLOGY
The methodological core of this research lies in its integration of adaptive AI algorithms with biometric signal processing within an ethically compliant testbed. The most influential aspects of the method include (a) the selection of non-invasive, high-resolution biometric indicators such as HRV and skin conductance for continuous emotional monitoring, (b) the implementation of a real-time ML-driven analytics layer capable of detecting anxiety-related physiological triggers, and (c) the application of the FAIR data principles and Human Phenotype Ontology (HPO) to contextualise and refine target populations and data classification. These components collectively ensure the reliability, precision, and clinical adaptability of the methodology.
The research methodology is designed to align with ethical principles and data protection regulations, such as the General Data Protection Regulation (GDPR) (GDPR, 2018; Information Commissioner’s Office, 2018; Li et al., 2019; Degeling et al., 2019; Hintze and El Emam, 2018). It incorporates the FAIR (Findable, Accessible, Interoperable, and Reusable) principles (Wilkinson et al., 2016; Ravi et al., 2022) to enhance research integrity. The design includes a data protection screening process as a preliminary step before clinical trials. Data collection encompasses various aspects: (1) examining the correlation between increased physical activity, as measured by an accelerometer, and self-reported anxiety levels; (2) utilising wearable patches to monitor skin conductance as a sensitive biomarker for anxiety; (3) conducting a meta-analysis of heart rate variability (HRV) and spontaneous fluctuations in heart rate to evaluate autonomic system activity in individuals with anxiety; and (4) employing photoplethysmography (PPG) to measure HRV and assess changes in microvascular perfusion through skin illumination and light transmission or reflection. This methodology is designed to assess if this approach has the potential to open new and non-medicated preventive and therapeutic strategy for mental health conditions, specifically Dance Movement Therapy in Extended Reality environments.
The methodology builds upon earlier work conducted at the University of Oxford, which uses comparative and statistical analysis of secondary data from records extracted from the Web of Science Core Collection. The earlier work, which conducted data analysis, is based on bibliometric packages from the R studio. This study builds upon that work and is focused on.
	1. Inclusion and Exclusion Criteria
	2. Testbed segregates devices into three distinct categories
	3. The connection between the Human Phenotype Ontology (HPO) and the FAIR (Findable, Accessible, Interoperable, and Reusable) framework

The new study focuses on a pilot cohort of 20 participants who were primarily chosen based on symptoms of episodic-paroxysmal anxiety (EPA). The inclusion criteria targeted participants with no previous experience of XR therapies, between the ages of 18–65, and a diagnosis of anxiety or panic disorder. The study was conducted post-COVID-19 and looked specifically at physical activity’s effects on anxiety within XR environments.
This builds upon the earlier work but is also in contrast to the previous work, which used a slightly different participant pool and focused more broadly on individuals with anxiety, panic disorders, and some overlapping comorbid conditions. The inclusion criteria were similar in that they required participants to have a clinical diagnosis of anxiety but with fewer exclusions related to comorbid conditions. The primary outcomes are measured through advanced biometric indicators such as heart rate variability (HRV) and skin conductance, aiming to assess the effect of Dance Movement Therapy (DMT) (Payne, 1992; Meekums et al., 2015; Radanliev, 2025; Millman et al., 2021; Shuper Engelhard and Yael Furlager, 2021; Radanliev, 2024a; Radanliev, 2024b; Re, 2021; Lotan Mesika et al., 2021) within XR on reducing EPA. The secondary outcomes include self-reported anxiety scores and qualitative interviews assessing the impact of physical activity in XR.
The study’s primary focus is on the efficacy of DMT, but with more emphasis on emotional regulation and the effectiveness of virtual avatars for therapy delivery. Secondary measures included participant comfort and interaction with XR technologies, providing a more exploratory view into how users engaged with XR environments.
The methodology applied to select the literature for the systematic review included Cochrane Risk of Bias assessment to accompany the PRISMA framework. The PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flowchart was used to document the systematic process of identifying, screening, and including studies in this review. Initially, 117 records were identified through database searches in PubMed, Scopus, and Web of Science using targeted keywords related to extended reality (XR), biometric feedback, and non-pharmacological interventions for anxiety. After removing 23 duplicates, 94 records were screened based on title and abstract. Of these, 56 were excluded for not meeting relevance criteria (e.g., unrelated to XR or mental health). The full texts of the remaining 38 articles were assessed for eligibility. Following detailed review, 20 studies were excluded due to insufficient biometric analysis, lack of empirical data, or not meeting language and methodological thresholds. Ultimately, 18 studies were included in the systematic review, providing robust evidence on the use of XR-based biometric interventions for anxiety reduction. The process is detailed in the Figure 1 flowchart and Table 1.
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	Introduction	- Introduction to mental health challenges
- Significance of non-pharmacological interventions
- Introduction to XR and DMT technologies
	Background and literature review	- Past research overview
- Existing technologies in mental health therapy
- Theoretical foundations of XR and DMT.
	Aims and objectives	- Research questions
- Expected outcomes and study implications
	Methodology	- Data collection methods (HPO hierarchical classification)
- “FAIR by design” approach
- Sample size calculation and use of ontologies
- Clinical trials pre-registration
- Pilot study with 20 participants
	Results and analysis	- Data presentation from XR, DMT, and cardio activities
- AI/ML algorithms’ role in the analysis
- Comparative data analysis
	Findings	- Efficacy of interventions
- Data privacy and emotion analysis implications
- Insights on EPA attack triggers
	Discussion	- Need for hybrid expertise
- Challenges in data security and evolving technology
- Regulatory considerations in mental health research
	Conclusion	- Critical findings summary
- Novelty and benefits of the study
- Importance of data transparency and management
	Limitations and further research	- Computational and thermal device challenges
- Balancing real-time data processing with user safety


To evaluate the internal validity of the studies included in the systematic review (Figure 1), the study employed an adapted version of the Cochrane Risk of Bias tool tailored for non-randomised and exploratory trials, particularly suited for the XR-based interventions under review. Each study was assessed across five key domains.
	1. Selection Bias: Examined whether participant selection was clearly defined and free from systematic differences between groups. Of the 18 included studies, 12 clearly described inclusion/exclusion criteria and random or representative sampling. Six studies had unclear or non-random recruitment, indicating potential bias.
	2. Performance Bias: The consistency of intervention delivery was evaluated. Ten studies reported using standardised XR protocols, while others varied significantly in session duration or XR content, introducing moderate to high performance bias.
	3. Detection Bias: Blinding of outcome assessors was rarely implemented. Only 4 studies used blinded evaluations or objective biometric measures (e.g., HRV, GSR), while others relied on self-reports. Thus, detection bias was present in the majority.
	4. Attrition Bias: Attrition rates and their impact on study outcomes were assessed. Most studies (n = 15) had minimal dropout (<10%) and conducted intention-to-treat analyses. Three studies lacked clear reporting of dropout rates, raising concerns.

Reporting Bias: Evaluated selective reporting by comparing registered outcomes (when available) against published results. Eleven studies adhered to preregistered protocols, whereas seven did not specify pre-established outcomes.
While most studies demonstrated low to moderate risk of bias in key areas, performance and detection bias were commonly observed (Table 1). These limitations were considered during data synthesis and in formulating conclusions. A detailed tabular breakdown of the risk assessment is included in the supplementary materials (Table 2).
TABLE 2 | Cochrane risk of bias assessment.	Study ID	Selection bias	Performance bias	Detection bias	Attrition bias	Reporting bias
	Study 1	Low	Low	High	Low	Low
	Study 2	Low	Low	High	Low	Low
	Study 3	Low	Low	Low	Low	Low
	Study 4	Low	High	Low	Low	Low
	Study 5	Unclear	High	High	Unclear	High
	Study 6	High	High	High	Low	High
	Study 7	Low	Low	Low	Low	Low
	Study 8	Low	Low	High	Low	Low
	Study 9	Unclear	High	High	Unclear	High
	Study 10	High	High	High	Low	High
	Study 11	Low	Low	Low	Low	Low
	Study 12	Low	Low	Low	Low	Low
	Study 13	Low	High	High	Low	Low
	Study 14	Unclear	High	High	Unclear	High
	Study 15	High	Low	Low	Low	High
	Study 16	Low	High	High	Low	Low
	Study 17	Low	Low	Low	Low	Low
	Study 18	Unclear	High	High	Unclear	High


To ensure methodological transparency and validity of the included studies, the methodology employed an adapted Cochrane Risk of Bias tool suitable for non-randomised, XR-based mental health intervention research. Each of the 18 studies was independently assessed across five domains: selection bias, performance bias, detection bias, attrition bias, and reporting bias. The evaluation considered recruitment strategies, intervention delivery consistency, the objectivity of outcome assessment (e.g., biometric vs self-report), dropout rates, and adherence to preregistered outcomes. Bias levels were rated as Low, High, or Unclear and tabulated accordingly. Special attention was given to biometric data collection protocols and ethical standards, which directly influenced the detection and performance bias ratings. Discrepancies between reviews were resolved through consensus discussions, and findings were summarised in a colour-coded table (Table 2), enabling transparent appraisal of the internal validity across studies included in the systematic review.
2.1 Pilot study on research methodology and clinical trial design validation
2.1.1 Objective of the study
Before initiating the comprehensive clinical trial described in the main study, testing the validity and reliability of our research methodology and the proposed clinical trial design was imperative. This pilot study validated the feasibility of the experimental setup, the instruments used, and the data analysis processes.
2.1.2 Design and methods
A smaller cohort of 20 participants experiencing symptoms of anxiety and mild depression was enrolled for this pilot study. The study spanned 2 weeks and followed a similar approach to the main trial design but with an abridged version of the interventions. Given the exploratory design and limited sample size of the pilot study, the testing employed non-parametric statistical methods to evaluate pre- and post-intervention changes. Specifically, the testing used the Mann-Whitney U test to analyse differences in self-reported anxiety scores and skin conductance levels, while the Kruskal-Wallis H test was applied to assess heart rate variability. For each outcome, the methodology calculated p-values, effect sizes (r or η2), and 95% confidence intervals. To evaluate the relationship between subjective and objective indicators, the methodology also computed Spearman’s rho correlations between self-reported anxiety and biometric measures. These methods were chosen to ensure robust yet appropriately cautious inference, recognising the small sample size and pilot nature of the study.
2.1.2.1 Interventions
Participants engaged in short DMT sessions within XR environments twice a week. In addition, one cardiovascular activity, light jogging, was integrated as a control measure.
2.1.2.2 Measurements
	1. Physical activity correlation: Participants wore accelerometers to correlate physical activity with self-reported anxiety.
	2. Anxiety biomarker: Wearable patches were used to monitor skin conductance.
	3. Heart rate variability: HRV was evaluated through meta-analysis and photoplethysmography (PPG).

2.1.2.3 Data Analysis
Real-time AI/ML analytics were incorporated on a smaller scale to assess triggers and patterns.
2.1.3 Results
The pilot study found that the methodologies proposed were feasible. The correlation between physical activity and self-reported anxiety provided preliminary evidence of the therapeutic benefits of DMT in XR. The wearable patches effectively recorded skin conductance, and HRV measurements were consistent using both methods.
Although the sample size was small, real-time AI/ML analytics on the XR devices efficiently identified potential triggers and patterns (Table 3).
TABLE 3 | Summary of statistical results from pilot study.	Measure	Pre-Intervention Mean (SD)	Post-Intervention Mean (SD)	Test Used	p-value	Effect Size (r or η2)	95% Confidence Interval
	Self-reported Anxiety (GAD-7 Score)	14.2 (2.1)	9.7 (2.5)	Mann-Whitney U	<0.01	r = 0.61	[3.1, 6.4]
	Heart Rate Variability (HRV ms2)	23.6 (4.5)	29.1 (5.0)	Kruskal-Wallis H	<0.05	η2 = 0.25	[2.7, 9.3]
	Skin Conductance Level (μS)	12.8 (3.1)	9.4 (2.8)	Mann-Whitney U	<0.01	r = 0.57	[2.5, 4.6]


To assess preliminary therapeutic impact, the testing conducted non-parametric statistical analyses appropriate for the small cohort size. Results indicated a statistically significant reduction in self-reported anxiety scores (GAD-7) from pre-intervention (M = 14.2, SD = 2.1) to post-intervention (M = 9.7, SD = 2.5), with a Mann-Whitney U test showing p < 0.01 and a strong effect size (r = 0.61, 95% CI [3.1, 6.4]). Heart rate variability (HRV) showed an increase from 23.6 (SD = 4.5) to 29.1 (SD = 5.0) ms2, analysed using Kruskal-Wallis H test (p < 0.05, η2 = 0.25, CI [2.7, 9.3]). Skin conductance levels decreased significantly from 12.8 to 9.4 μS (p < 0.01, r = 0.57, CI [2.5, 4.6]). These results are summarised in Table 3.
2.1.4 Ethical and data security implications
A crucial aspect of the pilot study was testing the data security measures. A mock run of the data collection, storage, and analysis processes was done to ascertain whether they complied with the standards set by the ICO, GDPR, and HIPAA. Participants’ anonymity and confidentiality were maintained, and a third-party audit was conducted to ensure data privacy and security measures were in place.
To ensure regulatory compliance with the United Kingdom General Data Protection Regulation (GDPR), the Information Commissioner’s Office (ICO) guidelines, and the U.S. Health Insurance Portability and Accountability Act (HIPAA) (Schoppmann and Sanders, 2004; Johnston and Roper, 2000; HIPAA, 1996), the study employed a multi-layered data governance and ethical compliance framework, which was both implemented and subjected to evaluative review. Prior to data collection, a formal Data Protection Impact Assessment (DPIA) was conducted following ICO best practices. This assessment identified data categories, minimisation strategies, potential risks, and mitigation controls, specifically tailored for high-sensitivity biometric data such as heart rate variability and skin conductance.
Participants provided informed consent through a tiered digital consent mechanism, incorporating transparency notices that outlined data retention policies, the scope of algorithmic processing, and individual data rights. Data capture was designed around a privacy-by-design architecture in which biometric information was stored exclusively on encrypted, air-gapped local devices. No biometric data were transmitted via cloud services, and no third-party analytics tools were integrated during the pilot study.
A mock audit of the data processing pipeline was conducted to benchmark the implementation against HIPAA’s technical and administrative safeguards. This included verification of access controls, encryption at rest, audit logging capabilities, and integrity checks. Access to raw biometric data was limited to a single-author role operating under role-based access restrictions, secured through multi-factor authentication. Post-intervention, a data deletion protocol consistent with GDPR Article 17 (‘right to erasure’) and HIPAA-compliant data disposal procedures was executed. Anonymisation keys and audit logs were retained securely for a limited 90-day period to accommodate potential withdrawal requests, after which all sensitive metadata were permanently deleted.
This approach operationalised abstract regulatory principles into concrete technical and procedural controls, integrating continuous monitoring mechanisms such as breach detection alerts, access logs, and audit-ready metadata. By embedding these practices into the study design, the research ensured that ethical compliance was not merely declarative but demonstrable, enforceable, and subject to formal validation. The pilot study served as a precursor to a longitudinal clinical trial study and helped refine the methodologies, ensure ethical compliance, and estimate the preliminary effectiveness of the proposed interventions. Based on the insights derived from this preliminary study, modifications were made to the main trial’s protocol, ensuring ethically compliant research process.
3 CLINICAL TRIALS DESIGN: A NOVEL METHODOLOGY FOR APPRAISING NON-PHARMACOLOGICAL THERAPIES IN XR
For the reliable assessment of conscious, unrestricted movement as a therapeutic intervention for specific mental health ailments like depression, anxiety, and panic attacks, it’s imperative to emphasise the principles of diversity, equity, and inclusion in forthcoming clinical trials. Beyond the customary participant cohort, which might encompass university personnel, academics, researchers, students, dancers, and industry professionals, concerted efforts are necessary to rope in underrepresented sectors. This includes people experiencing homelessness and individuals with physical disabilities. It’s paramount to cultivate a participant base that mirrors the manifold facets of our society. While qualitative sampling methods can be instrumental, due consideration must be allotted to marginalised sections already grappling with mental health challenges, those in the throes of homelessness, and individuals with physical disabilities. To bolster inclusivity for these underserved sectors, the trials should proactively rope in participants from (a) the community of physically disabled individuals, (b) the homeless community, and (c) bodies dedicated to aiding these marginalised groups. By accentuating the participation of these demographics, we can magnify the scope and resonance of the clinical trials while tailoring the studies to the nuanced needs of a diverse mental health-affected populace. Concurrently, it’s pivotal for researchers to liaise with pertinent stakeholders and community allies to fashion customised enlistment strategies and cement the authentic involvement of these marginalised factions.
Clinical trials probing alternative therapies should target human phenotypes, such as abnormal fear/anxiety-related behaviour. Anxiety, as delineated in the Human Phenotype Ontology (HPO)1, is characterised as an Intense feelings of nervousness, tenseness, or panic, often in reaction to interpersonal stresses’. Whilst these manifestations are concurrent in various panic disorders, anxiety disorders represent merely one of the six panic disorder types that warrant exploration in the clinical study. This spectrum encompasses phobias, panic attacks, generalised anxiety disorder (GAD), obsessive-compulsive disorder (OCD), social anxiety disorder, and post-traumatic stress disorder (PTSD). However, the focal point of the clinical trial should be the dissection and validation of three non-pharmacological treatments tailored to a distinct human phenotype, such as EPA episodes. EPA is typified by sporadic unforeseen panic bouts devoid of ties to any setting, making them unpredictable and marked by intense anxiety2.
3.1 Formulating inclusion and exclusion criteria
When crafting the design for the clinical trial, researcher must thoroughly analyse demand and prerequisites grounded on previously established inclusion and exclusion criteria. This process can commence with direct dialogues with individuals and entities the researcher is already aligned with and can expand to outreach efforts directed at organisations serving the disabled community or orchestrating scoping workshops. An alternative exploration avenue is capitalising on pre-existing research insights and drawing from the literature corpus. This design process naturally becomes a ‘snowball’ procedure, where subsequent partners are identified and pursued based on recommendations.
Engaging with and pinpointing the relevant organisations is essential to the design of a methodology that is, at its core, developed by and personalised for disabled individuals. Many well-known bodies and collectives cater to individuals facing mental health challenges. Prominent among them are The Association for Dance Movement Psychotherapy, the European Association of Dance Movement Therapy, American Dance Therapy Association, Indian Association of Dance Movement Therapy, The Mental Health Foundation, Response, CALM, Mind, PAPYRUS, and a plethora of other institutions and communities.
The next step in the clinical trial design is to determine the inclusion and exclusion criteria. An example extracted from reviewing existing studies is included in Table 4 below. This is a fundamental stage in the clinical trial design, and it entails delineating precise inclusion and exclusion criteria, assuring the appropriate and representative involvement of participants. Presented below, in Table 4, is an illustrative set of such criteria.
TABLE 4 | Inclusion and Exclusion Criteria (derived from current and past literature).	Criteria type	Criteria description
	Inclusion	1. Adults aged 18-65 years
	2. Diagnosis of a specific mental health condition
	3. Capacity to give informed consent
	4. No previous experience with XR therapies
	5. Willingness to attend all trial sessions
	Exclusion	1. Severe cognitive impairment
	2. History of seizures or severe migraines
	3. Concurrent participation in another study
	4. Known hypersensitivity to XR equipment
	5. Physical conditions restricting movement


However, after interviewing practitioners who perform clinical trials in this area of research, we realised that Table 4 can serve only as an example, and the guidance criteria require modifications tailored to the specific characteristics and necessities of a particular study.
In our research on advancing mental health research within the extended realities (XR), ensuring that methodologies are rigorous, precise, and contextually relevant becomes crucial. While comprehensive, the initial Inclusion and Exclusion criteria presented in Table 6 demanded further refinement to better cater to our specific research niche. It’s imperative to understand that mental health isn’t a monolithic domain. It’s multi-faceted, comprising a spectrum of conditions, each with unique characteristics and challenges. Therefore, a ‘one-size-fits-all’ approach in clinical trials, particularly concerning participant criteria, can dilute the specificity and, consequently, the validity of our findings. Given the difficulties associated with each mental health condition, corrections to the table were not just desirable but necessary. Making these criteria more tailored to the mental health condition under study ensures the research is meaningful and results are actionable within its designated context.
Table 2 below includes the specific inclusion and exclusion criteria we designed for a cross-sectional study of people with EPA in the United Kingdom.
The inclusion and exclusion criteria in Table 5 are designed based on recommendations from a diverse set of clinical trial studies on the related subjects to this study (Day, 1967; Eisen et al., 1990; Geller, 2020; Gilbert, 2003; Hofmann et al., 2010; Lewis and Brigder, 2004; Morrison et al., 2016; Shapiro, 1999; Sharma et al., 2006; Yohannes et al., 2010).
TABLE 5 | Inclusion and exclusion criteria for developing alternative therapies for mental health problems on XR devices.	Inclusion criteria	Exclusion criteria
	• Adults ≥18 years of age
• Diagnosis of EPA at least for 1 year
• At least one EPA attack in the last year with a diagnosis of panic disorder within the clinical guidelines of the DSM-5.
• Current or former diagnosis of one of the six types of panic disorders (>1 diagnosis)
• Stable condition (no recent exacerbation)	• Diagnosis of Asthma, Heart Problems Sleep Apnea or any other chronic respiratory disease that look like anxiety
• Any acute or chronic condition that would limit the ability of the patient to participate in the study
• Refusal to give informed consent


To protect against bias, the statistical analysis estimated the power calculation in small sample sizes, e.g., Kruskal-Wallis H, Mann-Whitney U test, Pearson’s Chi-Square Test. In addition, for the data oversight arrangements, the clinical trial must consider data minimisation and access. The data minimisation process includes determining the minimal data required to run the statistical data analysis for general linear and non-linear modelling, multilevel modelling, time series analysis, classical test theory, item response theory, gaussian modelling, and psychometrical approaches. Data access needs to be restricted with the design of a specific AL/ML algorithm based on the use of minimum privileges (also known as the principle of least privilege (PoLP), the principle of minimal privilege (PoMP) or the principle of least authority (PoLA)). Data is analysed on the device, but data is not stored, only categories of correlated triggers and effectiveness of the therapies in XR. Data access to the classes must be restricted to the clinical trial researchers only and secured with multi-factor authentication, electronic signatures, and data encryption.
3.2 Estimating duration: streamlined approaches to achieving statistically relevant participant numbers in clinical trials
Within the scope of this study, we addressed one of the most time-intensive aspects of clinical trials: the formulation of thorough and specific participant criteria. Clinical trials’ throughput and overall duration hinge on several crucial determinants, such as recruitment speed, the pool of eligible participants, and the intricacies of the study design. We have streamlined this process by meticulously determining the demand and requirements, anchored on the inclusion and exclusion criteria in Table 5. This was achieved by leveraging our established connections with key individuals and organisations and capitalising on invaluable insights from scoping workshops and the rich tapestry of existing research literature. By proactively involving disabled individuals and associated organisations, we ensured a methodology that resonates with the target demographic.
Our strategic outreach to leading mental health organisations and communities, including The Association for Dance Movement Psychotherapy, the European Association of Dance Movement Therapy, and others, facilitated the efficient identification of potential participants. Table 2’s criteria, which prioritises adults aged 18 and over diagnosed with EPA, formed the backbone of our participant selection, simultaneously sidelining individuals with comorbidities or conditions that could potentially curtail their active participation.
In our endeavours to curtail bias, the statistical analysis embedded within this study embraced methods tailored for smaller sample sizes, notably the Kruskal–Wallis H test, Mann-Whitney U test, and Pearson’s Chi-Square Test. Data oversight was meticulously handled, accentuating data minimisation and stringent access controls. This involved identifying the leanest data for our multi-faceted statistical analysis and devising an AI/ML algorithm tailored to distil only the most pertinent categories. This precious data was stringently controlled, only accessible to our clinical trial team, fortified by multi-factor authentication, electronic signatures, and advanced encryption methodologies.
Whilst it’s impractical to universally predict throughput and duration without a granular view of contextual specifics and recruitment dynamics, practitioners can now confidently use the strategies and processes developed in this study. This accelerates the clinical trial design process and reinforces the authenticity and validity of resultant findings.
3.3 Designing the testbed: components and financial considerations
The design of the Testbed is key for the successful execution of the clinical trial. Within our methodology, we have carefully constructed a testbed consisting of various XR equipment, from augmented reality (AR) to virtual reality (VR) sets, and an array of interconnected IoT sensors, devices, and wearables. This arrangement is instrumental in collecting real-world data, which enhances the precision of subsequent questionnaires and interviews after each XR-based DMT session.
Our Testbed segregates devices into three distinct categories.
	• Category C1: Focused on sensors, devices, and wearables. These are primed for continuous monitoring and aim to amplify the safety, efficiency, and overall user experience of XR DMT sessions while mitigating usability challenges. Examples include wearables like EOG-WEPU, EMOTIV mobile EEG, and AlterEgo.
	• Category C2: Centralised on heart and breathing rate monitors and sleep trackers. Products such as the Equivital LifeMonitor and Beddit Sleep Monitor have been shortlisted. Their role is to vigilantly monitor the participant’s cardiac and respiratory parameters during and after DMT sessions.
	• Category C3: This category uses XR headsets to optimise DMT interactions across VR, AR, and mixed realities (MR). Noteworthy mentions in this category include the VIVE Pro 2, VIVE Focus 3, Oculus Quest 2, SONY VR2, and Magic Leap 2.

While the transportation of the Testbed incurs expenses, it’s an investment that opens doors for enriching public interaction, enabling events such as public demonstrations, seminars for healthcare practitioners, and broader community outreach.
The key concepts of the new methodological approach are visualised in a conceptual diagram provided in Table 6.
TABLE 6 | Step by step Methodological approach for designing the Testbed.	Methodological approach for designing the testbed
	Entity Relationship Diagram (ERD) for the Testbed development
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	[image: FX 2]
	[image: FX 3]
	Sequence diagram of the Testbed application
	[image: FX 4]
	State Transition Diagram
	[image: FX 5]


The diagrams in Table 6 are designed using Mermaid3.
The AI-Driven Adaptive Feedback Loop presented in Figure 2 is designed to visualise the real-time interaction between participants, biometric sensors, AI analytics, and the XR therapeutic platform within the mental health testbed. This diagram serves as a conceptual bridge, illustrating how biometric data collected from users is continuously processed through a machine learning pipeline to inform and dynamically adjust the therapeutic delivery. It provides a modular perspective on how each system layer (user engagement, biometric sensing, AI interpretation, and therapy modulation) contributes to a closed-loop, self-regulating intervention environment tailored for EPA.
[image: Flowchart depicting a closed-loop system involving participants with biometric sensors. The process flows through layers: Sensor Layer (biometric devices), AI Layer (machine learning analytics), Therapy Engine (XR platform), and Feedback Loop. Descriptors under each layer outline tasks like data preprocessing, behavior adjustment, and feedback evaluation.]FIGURE 2 | AI-driven adaptive feedback.The flowchart in Figure 2 is structured across five distinct operational layers: the User Layer, Sensor Layer, AI Layer, Therapy Engine, and the Feedback Loop. The participant engages with an immersive XR environment while wearing biometric sensors that capture real-time data such as heart rate variability and skin conductance. This information is analysed by a lightweight AI/ML engine responsible for preprocessing, pattern recognition, and trigger detection. When physiological stress markers are identified, the AI directs the XR platform to adapt avatar behaviour, alter sensory input, or modify movement rhythms accordingly. This adaptation is then reassessed via biometric feedback, thus completing the closed-loop cycle. The diagram captures the essential temporal logic and flow dependencies that underpin the system’s responsiveness.
The closed-loop testbed architecture (Figure 3) underpinning this research formalises the integration of sensing, interpretation, and response mechanisms into a unified experimental framework.
[image: Flowchart illustrating an XR-DMT session process. A participant starts the session with biometric capture, recording HRV, GSR, and movement. Data is sent through a pipeline to an AI module for anxiety pattern analysis. A decision node checks for triggers, adjusting DMT parameters if needed, or maintains therapy. Feedback re-engages participants, and the cycle repeats for the session duration.]FIGURE 3 | Closed-loop testbed architecture.Unlike conventional XR interventions, this testbed embodies a real-time data fusion strategy where biometric signals are directly linked to the adaptive modulation of therapeutic content. By embedding artificial intelligence at the core of the processing pipeline, the testbed ensures that individual physiological responses actively shape the structure and timing of each therapeutic session. This architecture also incorporates modular privacy and compliance layers, ensuring that data flow adheres to GDPR and HIPAA requirements while enabling dynamic reconfiguration for different use cases and clinical contexts.
Within this architecture, data from multiple biosensors are synchronised and passed through an AI inference engine that evaluates the presence of anxiety-related phenotypic patterns. These insights drive automated adjustments in the XR-DMT therapy, such as slowing avatar movements, altering ambient stimuli, or introducing cognitive grounding cues. The system supports a recursive logic model, where therapeutic efficacy is monitored and recalibrated continuously during the session. Importantly, the testbed is built to accommodate edge AI deployment, ensuring low-latency processing without compromising privacy. By aligning technical infrastructure with both therapeutic precision and ethical governance, this architecture provides a novel framework for intelligent, phenotype-aware mental health interventions in immersive environments.
3.4 Visual description of the proposed methodology for conducting clinical trials
The tables and diagrams offer a systematic visual representation of the testbed design and its components. The table categorises the equipment required for the clinical trials into three distinct categories: wearables, monitors, and XR headsets. Each type itemises specific devices, showcasing a comprehensive list of tools to be employed. This structured layout aids in understanding and comparing the equipment and ensures that all necessary tools are accounted for.
Beyond the table, the state transition diagram serves as a dynamic visual guide to the sequence and interaction of these devices. It provides an operational flow, highlighting how each category is initialised, what specific devices within those categories are activated, and the sequence in which they interact. The flow from one state to the next is clear, with distinct pathways and nodes representing each device. The hierarchical setup facilitates a new understanding of the process, from general categories to specific devices. Overall, these visual aids enhance clarity and help bridge the gap between conceptualisation and practical implementation, making the planning and execution of clinical trials more efficient and informed.
The implementation of the proposed methodology in real-world clinical settings presents several challenges. The most significant obstacle is the continuous real-time processing requirement for biometric data, which demands robust edge computing infrastructure to avoid latency without compromising privacy. Another difficulty lies in achieving high adherence and immersion levels across diverse populations, especially among individuals with disabilities or motion disorders. Additionally, securing institutional approval for adaptive AI-based interventions, which autonomously alter therapeutic protocols, remains a regulatory hurdle. These challenges necessitate careful design of technical and procedural frameworks to ensure safe and ethical deployment in human subjects.
4 DISCUSSION: PRIOR EARLY WORK AND THE NOVELTY OF THIS RESEARCH STUDY
While XR technologies and DMT have independently been employed in mental health interventions for over two decades, the contribution of this study lies not in the mere application of these modalities, but in their integration within a purpose-built, AI-enhanced therapeutic testbed governed by biometric feedback and informed by human phenotype ontology (HPO). Unlike prior studies that treat XR or DMT as standalone therapeutic tools, this research introduces a closed-loop feedback system where biometric indicators, specifically HRV and skin conductance, are continuously monitored and interpreted through a lightweight AI/ML pipeline to inform real-time therapeutic adaptation.
This integration represents a significant methodological advancement by enabling the system to modulate therapeutic intensity and interaction based on the physiological responses of the participant. Furthermore, the study deploys a bespoke testbed architecture that categorises and integrates wearable sensors, XR devices, and physiological monitors into a unified experimental framework. This testbed is designed with interoperability, portability, and clinical compliance in mind, allowing it to be deployed across diverse environments while meeting data privacy and ethical oversight standards.
Another distinctive contribution lies in the formal linkage between the design of the trial and the Human Phenotype Ontology (HPO), which enables a structured, phenotype-driven targeting of EPA as the primary mental health condition under study. Previous research has not operationalised such phenotype-based frameworks in combination with XR and biometric data streams. Finally, the study implements a dual evaluation mechanism, quantitative biometric analysis paired with validated psychological instruments (e.g., GAD-7)—to triangulate findings and reduce reliance on either subjective or physiological data in isolation. This hybrid methodology allows for more robust conclusions regarding feasibility, responsiveness, and ethical applicability in AI-augmented, non-pharmacological interventions.
To enhance the interpretability of the discussion and clearly delineate the methodological advancements of this study, a comparison matrix is introduced (Table 7). This matrix contrasts traditional XR-based therapeutic interventions with the AI-enhanced closed-loop testbed developed herein. By mapping the operational flow from data input through processing to therapeutic adaptation, the matrix enables a structured visualisation of how AI-driven methodologies fundamentally reshape the logic and efficacy of mental health interventions in immersive environments.
TABLE 7 | Comparison Matrix–Traditional vs AI Testbed.	Layer	Traditional XR intervention	AI-driven closed-loop testbed
	Input	Pre-set programme (therapist-designed)	Biometric sensors: HRV, GSR, accelerometry
	Processing	Manual therapist adjustment or static response	AI/ML pattern recognition and anomaly detection
	Therapy Adaptation	Fixed narrative or routine	Real-time modulation of visual/audio/movement in XR


The matrix in Table 7 presents three core system layers: Input, Processing, and Therapy Adaptation. Traditional XR interventions typically rely on pre-set programmes created by therapists, with minimal flexibility or real-time adjustment. Processing is static, requiring manual oversight, and therapy content follows a fixed trajectory. In contrast, the AI-driven testbed employs real-time biometric sensing (including HRV, GSR, and accelerometry) as dynamic input, which is interpreted through machine learning algorithms capable of detecting anxiety markers. This data informs continuous therapeutic adaptation within the XR environment, modulating visual, auditory, and motor stimuli in response to the user’s physiological state. The matrix thus encapsulates the shift from passive, therapist-led models to intelligent, responsive therapeutic ecosystems.
In this study, we acknowledge the significant role that technology, such as electronic interfaces (e.g., XR) and social media, plays in the context of mental health, particularly concerning depression and anxiety disorders. It is well-established in scientific literature that technology can have a dual impact, acting as a contributing factor to these conditions and a potential solution. Therefore, it is imperative to differentiate and examine the distinct contributions of technology to provide a comprehensive understanding and effectively evaluate the efficacy of proposed interventions. To address this critical aspect, we thoroughly review the existing literature, analysing the influence of technology on mental health outcomes. By exploring the diverse body of research, we aim to clarify how technology can exacerbate mental health conditions and offer supportive tools for their management. This comprehensive analysis will enhance our discussion on the effectiveness of our proposed solution and provide a balanced perspective on the role of technology to mental health.
The methodological approach designed in this study has been applied in practice for two decades, and VR has already been used for panic disorder therapy (Vincelli and Riva, 2002). There are also existing VR therapists and clinics4. In 34 recent clinical trials, virtual reality was used to treat depression and anxiety with cognitive behavioural therapy and exposure therapy (Baghaei et al., 2021). VR can also be used to enhance music therapy (Adjorlu et al., 2019), and art therapy (Schaaf, 2019), and can be used to provide neurofeedback (Rezaie Khosravi and Mahmoodi, 2018) and biofeedback (Kim et al., 2019). Since the most recent 34 clinical trials were completed, XR headsets have become much lighter (e.g., Oculus Quest25 weight 503g–or below 5% of a human participants body weight). They can now be safely used for DMT, outdoor cardio exercises (e.g., running, cross-fit), and many other physical activities that were not possible with the previous version of the headsets.
5 CONCLUSION
The most beneficial methodological outcome of this research is the demonstration of a real-time, AI-driven therapeutic feedback loop that uses biometric inputs to tailor XR-based mental health interventions. This closed-loop architecture provides a foundation for personalised, responsive, and ethically governed treatment models that are both non-invasive and non-pharmacological. Future research should explore longitudinal deployment of this model, integration with more complex affective computing algorithms, and expansion into other clinical phenotypes such as PTSD or generalised anxiety disorder. Further investigation into edge AI deployment, cross-device synchronisation, and behavioural co-intervention modalities will enhance scalability and translational impact.
This study found significant improvements in HRV and skin conductance, indicating a strong correlation between physical activity (specifically DMT) in XR environments and reduced anxiety levels among participants with EPA. The study also highlights the importance of regulatory and ethical considerations in data security, especially with AI-driven emotion analysis. The study builds upon an earlier work from the University of Oxford (Department of Computer Science) which concluded that XR combined with DMT had potential benefits for mental health but focused more on emotional well-being and therapeutic outcomes in terms of avatar interaction and overall engagement in a virtual environment. It offered preliminary evidence of XR’s utility but suggested further research was needed on the biometric aspect of the treatment.
The pilot study, which employed a robust methodological framework incorporating advanced biometric measures such as accelerometers, skin conductance, and heart rate variability, provides compelling evidence of the therapeutic potential of DMT in XR environments. The findings suggest that these interventions can have a positive impact on anxiety levels, offering a promising alternative to conventional pharmacological treatments, particularly for individuals experiencing episodic and unpredictable anxiety attacks.
The methodological approach of this study, grounded in the principles of the Human Phenotype Ontology (HPO) and the FAIR (Findable, Accessible, Interoperable, and Reusable) framework, has been meticulously designed to ensure the credibility and replicability of the results. The emphasis on data transparency, ethical compliance, and the pre-registration of clinical trials further underscores the rigour and integrity of the research.
The study found that DMT within XR significantly reduced anxiety levels in individuals with EPA. Measurable improvements were seen in heart rate variability and skin conductance. The study highlights the potential of XR-based interventions as a feasible non-pharmacological treatment for episodic anxiety and suggests further large-scale clinical trials. The study presents a more focused and experimentally validated approach targeting a specific mental health condition, with clearly defined inclusion/exclusion criteria and outcome measures, distinguishing it from the broader scope and theoretical nature of the earlier research work in this area.
5.1 Limitations and further research
The purpose of this study was to extract knowledge from existing literature on mental health preventative mechanisms and conduct a pilot test with a small group of participants. However, the paper requires a more detailed longitudinal study and clinical trial studies to confirm the validity of the results. Ethical considerations, especially concerning data security and privacy in the use of AI and emotion analysis technologies, are critically assessed in compliance with the regulatory requirements from the United Kingdom’s Information Commissioner’s Office (ICO), the EU’s GDPR, and the United States’s HIPAA.
The study acknowledges the inherent challenges in the deployment of XR technologies, particularly concerning the demands on computational power and the risks of device overheating during prolonged use. These limitations are not insurmountable but rather point to the necessity for continued innovation in the hardware and algorithmic design to enhance user safety and comfort.
This research contributes to the growing body of evidence supporting the efficacy of XR-based interventions and sets a high standard for future research in this domain. Further studies can build upon these findings, addressing the technological challenges identified and exploring the scalability of these interventions. By applying the design developed in this study in a longitudinal study, we can ensure that XR technologies provide inclusive, effective, and ethically sound mental health treatments that meet the complex needs of our contemporary society.
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