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Abstract: Digital resilience interventions show measurable benefits, yet healthcare evaluation 
still relies on self-report, limiting comparability and insight into mechanisms and transfer. Virtual 
reality (VR) can elicit stress, but protocols often omit standardized recovery and multimodal 
biomarkers. We propose a biomarker-grounded framework for VR stress–recovery training that 
standardizes within-session windows (baseline, stressor, relaxation, recovery) and derives key 
performance indicators (KPIs) for reactivity and recovery/adaptation (plus maintenance/transfer 
where available). In XR2ESILIENCE (Horizon Europe), the protocol is repeated at two embedded 
biomarker assessments and paired with pre–post questionnaires, enabling feasibility and quality 
control (QC) testing. Analyses prioritize transparent change estimation, add decision-tree 
profiling when heterogeneity is expected, and use network methods to test multimodal 
integration, with privacy-first handling of sensitive modalities. 
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1. INTRODUCTION 
Healthcare professionals face persistent cognitive and emotional demands that elevate stress 
burden and increase risk for burnout and downstream health consequences. Digital interventions 
to promote psychological resilience have expanded rapidly, and recent synthesis indicates that 
such interventions can meaningfully improve resilience-related outcomes, while also highlighting 
heterogeneity in effects and methodological variation in evaluation practices (Ang et al., 2022; 
Schäfer et al., 2024). However, the prevailing evaluation pattern in resilience training, especially 
in applied healthcare contexts, still depends primarily on self-reported stress, confidence, or 
well-being outcomes, even when interventions are designed to affect regulation processes that 
should also be observable in physiology and behavior (Cortez-Vázquez et al., 2024; Nijland et al., 
2021). 

This creates two recurring problems. First, self-report-centric evaluation constrains 
interpretability: it is often unclear whether reported improvements reflect durable regulation skill 
acquisition, transient expectancy effects, or shifts in appraisal unaccompanied by measurable 
recovery dynamics. Second, comparability across cohorts and sites is limited, because studies 
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vary widely in timing, stressor structure, and the presence or absence of recovery phases, making 
it difficult to compute analogous reactivity and recovery indices (Perez-Valero et al., 2021; Velana 
et al., 2022). Reviews of VR-supported breathing and stress-management interventions similarly 
note substantial protocol heterogeneity, underexplored maintenance, and limited multimodal 
biomarker integration (Cortez-Vázquez et al., 2024; Pancini et al., 2025; Velana et al., 2022). 

At the same time, VR is uniquely positioned to support standardization because it can deliver 
repeatable stressor and relaxation contexts, embed time-locked event markers, and record 
interaction and movement data unobtrusively. A growing body of work demonstrates that VR-
based biobehavioral research can produce meaningful stress responses, while also warning that 
methodological choices and governance constraints strongly shape validity and interpretability 
(Shirtcliff et al., 2024). Against this background, the goal of this paper is to specify a pragmatic 
and defensible evaluation framework for VR stress–recovery resilience training in healthcare that 
operationalizes resilience improvement through a small set of interpretable, multimodal KPIs, 
supported by an analysis strategy that scales from basic change estimation to heterogeneity- and 
system-oriented modelling when feasible. While presented as a generalizable approach, the 
framework is being implemented and tested within XR2ESILIENCE (Horizon Europe), a 
multicenter trial of VR-based resilience training for healthcare professionals. In addition to pre–
post questionnaires, XR2ESILIENCE includes a standardized stress–recovery biomarker protocol 
embedded in the first and last training session (Session 1 and Session 8). 

2. CONCEPTUAL FOUNDATION: RESILIENCE AS 
REGULATION ACROSS REACTIVITY, RECOVERY, AND 
TRANSFER 

Resilience is increasingly conceptualized as dynamic adaptation rather than a stable trait, with 
meaningful individual differences in stress-response and recovery patterns (Bonanno, 2004, 
2012). In intervention evaluation, this implies that a single average pre–post effect is rarely 
sufficient: improvements may occur primarily in recovery dynamics, in reduced reactivity, in 
increased behavioral flexibility, or in better coupling between self-reported outcomes and 
objective regulation. A measurement framework that targets only global self-report outcomes 
risks missing these mechanisms. 

A multimodal view treats resilience-relevant functioning as emerging from interacting 
components, including physiological regulation, cognitive control, behavioral patterns, and 
subjective appraisal, rather than from a single latent factor. Network perspectives in mental 
health similarly argue that adaptive functioning is reflected in stable, integrated dependence 
structures among observed variables, whereas vulnerability may appear as fragmented or 
maladaptive connectivity patterns (Borsboom, 2017; Borsboom & Cramer, 2013). In the context 
of VR resilience training, this motivates two complementary evaluation targets: changes in 
specific KPIs (for example, faster autonomic recovery) and changes in how indicators relate to 
each other (for example, whether subjective coping becomes more tightly linked to objective 
regulation markers after training). 
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3. MEASUREMENT DESIGN: STANDARDIZED WITHIN-
SESSION WINDOWS AND REPEATED-SESSION 
LOGIC 
3.1. Time-Locked Within-Session Structure 

A central design choice is to anchor all biomarker-derived indices to a common within-session 
structure that explicitly separates baseline, stress reactivity, active regulation, and recovery. The 
framework therefore uses four time-locked windows: a pre-stressor baseline, a stressor phase, a 
relaxation/regulation phase, and a post-relaxation recovery phase. As summarized in Figure 1 
(Panel A), phase-wise features are derived within these windows so that reactivity and recovery 
can be estimated from standardized contrasts. Phase boundaries are implemented via event 
markers to ensure consistent windowing across sites and across the two biomarker assessment 
sessions (see Section 4.1). This structure directly addresses a widely noted gap in VR stress–
recovery research, namely that post-recovery phases are often missing or not comparable to the 
initial baseline, limiting recovery-slope analyses and between-session comparability (Cortez-
Vázquez et al., 2024; Perez-Valero et al., 2021; Velana et al., 2022). 

 

Figure 1: Standardized within-session windows and pre–post assessment design for KPI estimation. Panel 
A shows the four time-locked windows used for phase-wise feature extraction (baseline, stressor, 
relax/regulation, recovery), enabling derivation of reactivity (stressor vs. baseline) and recovery/adaptation 
(return toward baseline). Panel B shows implementation of the same window structure at two biomarker 
assessment timepoints embedded in the intervention (Session 1 and Session 8), enabling harmonized 
estimation of training-level change (pre–post differences; additional assessment sessions can be added 
analogously). Brief in-protocol anchor ratings (not shown) may be time-locked within the biomarker 
protocol (Section 5.3), while global questionnaire outcomes are assessed separately pre and post. Phase 
boundaries are time-locked via event markers (see Section 4.1). 
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3.2. Repeated-Session Logic for Training-Level Change 
The same within-session stress–recovery structure is implemented at two standardized 
biomarker assessment timepoints embedded in the intervention: Session 1 (pre) and Session 8 
(post). Figure 1 (Panel B) illustrates how this repeated-window design supports harmonized 
estimation of training-level change in reactivity and recovery/adaptation. These biomarker 
timepoints complement separate pre–post questionnaires that capture global self-reported 
outcomes. Within-session analyses focus on acute regulation dynamics, such as whether 
physiological signals show a stress-consistent shift during the stressor and a return toward 
baseline during recovery. Training-level change then captures whether these dynamics improve 
from pre to post, for example through smaller stress peaks, steeper recovery slopes, or improved 
alignment between subjective and objective indicators. In XR2ESILIENCE, this repeated-window 
design enables harmonized KPI estimation across sites at Session 1 and Session 8. This two-
timepoint implementation is a pragmatic minimum; additional assessments (e.g., mid-
intervention or follow-up) can be added where feasible. 

3.3. Modality Selection Under Feasibility Constraints 
Modality selection follows a tiered feasibility logic. Core modalities are unobtrusive and broadly 
available in real-world VR deployments; complementary modalities add mechanistic specificity 
but depend on additional hardware and stricter quality thresholds; exploratory modalities are 
included only where privacy and confounding can be managed. Table 1 summarizes candidate 
modalities by tier, alongside key feasibility constraints and supporting references. 

Core modalities prioritize signals that can be captured reliably with minimal additional burden. 
HR/HRV is included as a core autonomic indicator due to established metrics and interpretability 
for stress–recovery cycles (Bernardi et al., 2000; Shaffer & Ginsberg, 2017), and slow-paced 
breathing paradigms embedded in immersive VR contexts have demonstrated feasibility and 
psychophysiological effects (Blum et al., 2019; Rockstroh et al., 2021). Behavioral markers 
available by default in VR are also treated as core, particularly head-mounted display (HMD) 
kinematics and basic interaction telemetry. These streams can be summarized into phase-wise 
features that may reflect engagement and attentional scanning patterns across the standardized 
windows, while remaining sensitive to task demands and tracking artefacts (Richer et al., 2024; 
Ries et al., 2025; Salehi et al., 2024). 

Complementary modalities are used where hardware and data quality permit. EDA can add 
sensitivity to sympathetic arousal and stress responsivity but is more susceptible to contact- and 
motion-related artefacts in applied deployments and therefore treated as complementary rather 
than assumed by default (Perez-Valero et al., 2021; Rockstroh et al., 2021; Shirtcliff et al., 2024). 
Eye tracking can enrich interpretation of attentional control but requires explicit feasibility gates 
for calibration reliability and spatial accuracy (Schuetz & Fiehler, 2022) and careful metric 
selection (Skaramagkas et al., 2023). EEG can provide neurophysiological triangulation in VR 
stress–recovery paradigms (Perez-Valero et al., 2021), but its setup burden and motion artefact 
sensitivity make it best suited as a complementary modality with strict QC thresholds. 

Speech and voice features are treated as exploratory rather than core because the evidence base 
in VR training contexts is still emerging and privacy and confounding issues are substantial. 
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Nonetheless, acoustic and prosodic features can reflect physiological stress under certain 
conditions (Kappen et al., 2024), and synthesis work indicates measurable links between stress 
and acoustic correlates while underlining variability and methodological constraints (Schewski et 
al., 2025). Where speech is included, the framework assumes a privacy-first approach that 
prioritizes feature extraction over retention of raw audio. 

Table 1: Candidate modalities for biomarker-grounded evaluation in VR stress–recovery training, grouped by 
feasibility tier with example constraints and key references. 

Modality / signal Tier Primary contribution 
Feasibility concerns 
(examples) Key references 

HR / HRV (HR; 
RMSSD/SDNN) 

Core 
Autonomic reactivity + 
recovery dynamics 

Beat quality; 
ectopic/artefact handling; 
min window length; 
harmonized HRV settings 

Bernardi et al., 
2000; Blum et 
al., 2019; 
Rockstroh et al., 
2021; Shaffer & 
Ginsberg, 2017 

HMD kinematics + 
telemetry 
(velocity; 
movement 
variability) 

Core 
Unobtrusive behavioral 
signatures in VR 

Tracking coverage; dropout 
flags; task vs stress motion 
separation 

Richer et al., 
2024; Ries et al., 
2025; Salehi et 
al., 2024 

EDA (SCL; phasic 
peaks) Complementary Sympathetic arousal / 

stress responsivity 

Sensor contact; 
motion/sweat artefacts; 
min window length; 
consistent peak rules 

Perez-Valero et 
al., 2021; 
Rockstroh et al., 
2021; Shirtcliff et 
al., 2024 

Eye tracking 
(fixations; 
saccades; pupil 
where supported) 

Complementary 
Attentional/oculomotor 
markers 

Calibration reliability; drift; 
validity/precision 
threshold; illumination 
notes (pupil) 

Schuetz & 
Fiehler, 2022; 
Skaramagkas et 
al., 2023 

EEG (bandpower 
indices) 

Complementary 
Neurophysiological 
triangulation (where 
feasible) 

Setup burden; motion 
artefacts; channel QC; min 
usable segments; 
harmonized preprocessing 

Perez-Valero et 
al., 2021; 
Shirtcliff et al., 
2024 

Speech / voice 
features 
(acoustic/prosodic; 
features privacy-
first) 

Exploratory 
Stress correlates under 
standardized elicitation 

Opt-in consent; feature-
only storage; elicitation 
standardization; speech–
autonomic confounding 

Kappen et al., 
2024; Schewski 
et al., 2025; 
Rantanen et al., 
2021 
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4. HARMONIZED DATA PIPELINE: EVENT MARKERS, 
QUALITY CONTROL, AND DROP RULES 
4.1. Synchronization and Event Marking 

Multimodal inference requires precise temporal alignment across streams. The within-session 
structure is therefore instrumented with required event markers for phase transitions and 
additional markers for self-report anchor points. These markers support phase-wise feature 
extraction and enable comparability across sessions and sites. 

4.2. Preprocessing and Feature Extraction Principles 
Preprocessing must explicitly address artefacts and sensor-specific noise sources, using 
modality-specific quality gates and harmonized feature definitions (Table 1). For HR/HRV, this 
includes beat detection quality, ectopic handling, and consistent HRV calculation decisions 
(Shaffer & Ginsberg, 2017). For eye tracking, calibration quality and drift must be tracked and used 
to define minimum usable segments (Schuetz & Fiehler, 2022). For VR-derived behavioral features 
(e.g., HMD kinematics and interaction telemetry), preprocessing should distinguish task-driven 
behavior from stress- or regulation-related change, and from technical tracking artefacts. 
Complementary modalities (e.g., EDA, EEG) require additional artefact handling and harmonized 
preprocessing choices consistent with their feasibility tier. 

4.3. Quality Control and Drop Rules 
Applied VR studies frequently encounter missingness and data loss. Quality control therefore 
requires predefined minimum requirements and conservative but explicit drop rules, protecting 
validity while avoiding post-hoc flexibility. This is particularly important for cross-site 
comparability. 

5.  KPI DERIVATION: REACTIVITY, 
RECOVERY/ADAPTATION, AND TRANSFER 
5.1. KPI Definition and Fit-for-Purpose Logic 

KPI construction follows an explicit fit-for-purpose approach. KPIs are theory-guided, empirically 
tractable indicators that translate multimodal signals into interpretable outcomes for evaluation 
and mechanistic inference. This aligns with established biomarker terminology principles that 
emphasize contextual validation rather than assuming that sensor features are direct proxies for 
complex states (FDA-NIH Biomarker Working Group, 2016). 

5.2. KPI Categories 
Reactivity KPIs capture the magnitude and immediacy of stress responses during the stressor 
window relative to baseline, for example peak EDA response or HRV suppression indices. These 
KPI contrasts map directly onto the within-session windows illustrated in Figure 1. Recovery and 
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adaptation KPIs capture the speed and completeness of return toward baseline during the 
recovery window, for example HRV recovery slopes and post-relaxation normalization of EDA. 
Transfer and maintenance KPIs capture whether improvements persist over time and generalize 
beyond the assessment context, operationalized as pre–post change in reactivity and recovery 
indices, with maintenance quantified at follow-up where available and transfer evaluated via 
associations with broader outcomes. 

5.3. Minimal-Burden Self-Report Anchors for Interpretability 
The framework links objective KPIs to minimal-burden subjective checkpoints within the 
biomarker protocol rather than extensive within-session questionnaires. Time-locked perceived-
stress checks provide a pragmatic manipulation/interpretability check that the stressor elicited a 
subjective response and that relaxation shifted appraisal, without compromising comparability of 
physiological windows. Where feasible, brief structured affect reporting can be used sparingly to 
contextualize biomarker changes (The Geneva Emotion Wheel - Swiss Center For Affective 
Sciences - UNIGE, 2016). These in-protocol anchor ratings are distinct from the broader pre–post 
questionnaire battery, which captures global self-reported outcomes and is analyzed separately 
(e.g., for responder profiling and network models). 

6. STATISTICAL MODELLING STRATEGY: FROM 
TRANSPARENT CHANGE ESTIMATION TO 
HETEROGENEITY AND NETWORKS 
6.1. Variable-Centered Change Models as the Default 

The analysis plan begins with variable-centered models to estimate within-session and training-
level KPI change using pre-specified contrasts between windows and the two biomarker 
assessment sessions (Session 1 and Session 8), alongside sensitivity checks for plausible 
confounds and signal-quality thresholds. This layer prioritizes interpretability and robustness and 
provides a baseline against which more complex models can be judged. 

6.2. Heterogeneity Modelling and Person-Centered Subgroups 
Resilience research emphasizes substantial individual differences in response patterns and 
adaptation, and analogous heterogeneity is expected in KPI change profiles (Bonanno, 2004, 
2012). When only two biomarker assessment timepoints are available, heterogeneity can be 
operationalized as responder versus non-responder patterns or as distinct configurations of 
reactivity and recovery change across modalities. Pragmatic subgroup identification can be 
performed using tree-based approaches that yield interpretable decision rules for such response 
patterns (Banerjee et al., 2019; Breiman et al., 2017). Tree models can support practical 
evaluation questions, but they require conservative complexity constraints and appropriate 
validation to avoid spurious findings. Figure 2 illustrates how biomarker KPI contrasts between 
Session 1 and Session 8 (e.g., HRV recovery; HMD movement variability) can be combined with 
global questionnaire change (pre–post subjective stress) to derive simple, interpretable 
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responder profiles. Thresholds are shown for illustration; in practice, cutoffs should be pre-
specified where possible and validated (e.g., via cross-validation or bootstrapping). 

 

Figure 2: Illustrative rule-based responder profiling using multimodal resilience indicators. Biomarker KPI 
contrasts between Session 1 and Session 8 (e.g., HRV recovery change; head-movement variability change 
during XR scenarios) are combined with global questionnaire change in perceived stress (pre–post) to yield 
example profiles (High Responder, Physiological Responder, Behavioral Strain Pattern, Low/Non-
Responder). Thresholds and directions are illustrative; applied analyses should pre-specify and validate 
decision rules (e.g., cross-validation/bootstrapping). 

6.3. Network-Based Multimodal Integration as a System-Level 
Outcome 

A third modelling layer treats resilience as a multimodal system and examines whether training 
changes the structure of relationships among indicators. Regularized partial correlation networks 
provide a principled way to model unique associations among many indicators while limiting 
overfitting (Epskamp et al., 2018; Epskamp & Fried, 2018). Figure 3 provides a schematic example 
of the indicator networks considered here, where nodes represent subjective and objective 
indicators and edges represent regularized partial correlations. In this framework, subjective 
nodes can be operationalized as global questionnaire outcomes (e.g., perceived stress), aligned 
with the pre and post assessment timepoints. Because centrality metrics can be unstable and 
conceptually ambiguous, interpretation focuses on robust edges and global properties unless 
stability diagnostics support stronger claims (Bringmann et al., 2019). To test intervention-related 
reorganization rather than merely visualizing networks, permutation-based network comparison 
approaches can evaluate differences in overall structure and global strength across time and 
between groups (van Borkulo et al., 2023). This supports the mechanistic evaluation question of 
whether self-reported outcomes become more coherently connected to objective regulation 
markers after training. 
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Figure 3: Conceptual schematic of network-based multimodal integration. Nodes represent subjective and 
objective variables used in the framework, including global questionnaire outcomes (e.g., perceived stress) 
and biomarker-derived indicators (e.g., HRV, HMD-derived movement features, and complementary signals 
such as EDA and EEG). Edges represent regularized partial correlations (thicker edges indicate stronger 
conditional associations). In the proposed analysis plan, network structure is compared between pre and 
post assessment timepoints (aligned with Session 1 and Session 8) to test whether self-reported outcomes 
(i.e. Coping, Positive Thinking) become more coherently connected to objective regulation markers after 
training. 

7. ETHICS, PRIVACY, AND FEASIBILITY IN HEALTHCARE 
DEPLOYMENTS 
7.1. Data Protection and Security Baselines 

Multimodal biomarker evaluation in healthcare training introduces privacy and governance 
challenges that must be addressed explicitly. Data protection requirements and information 
security controls are treated as baseline constraints for the entire pipeline, including remote 
capture and transfer (ISO/IEC 27001:2022(En), Information Security, Cybersecurity and Privacy 
Protection — Information Security Management Systems — Requirements, n.d.) 

7.2. Privacy-First Handling of Sensitive Modalities 
Speech and voice data illustrate why privacy-first handling is essential. Raw audio is highly 
identifying, so the framework assumes an approach that privileges extracting non-identifying 
features, limits retention of raw files, and relies on explicit opt-in consent with clear usage 
boundaries. Interpretation must also consider that speech itself can influence autonomic activity, 
making confounding plausible (Rantanen et al., 2021). 
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7.3. Practical Feasibility and Measurement Constraints 
Remote deployments increase the importance of automated metadata capture and quality 
control because variation in sensor fit, environmental noise, and participant routines can 
substantially affect derived features. VR-specific measurement constraints, such as eye-tracker 
calibration reliability, are treated as feasibility gates rather than assumed capabilities (Schuetz & 
Fiehler, 2022). Accessibility considerations also need to be treated as design requirements to 
avoid systematically excluding subgroups of the workforce (Cortez-Vázquez et al., 2024). 
XR2ESILIENCE serves as the primary deployment context, which makes these requirements, 
including automated metadata capture, standardized quality control, and modality-specific 
feasibility gates (e.g., for eye tracking and EEG), central design constraints rather than optional 
enhancements, particularly for the two embedded biomarker assessment sessions.  

8. DISCUSSION AND CONCLUSION 
This paper proposes a pragmatic path for evaluating VR-based resilience training in healthcare 
that responds directly to limitations repeatedly noted in current evidence, including heavy 
reliance on self-report, scarce multimodal biomarker integration, missing or non-comparable 
recovery phases, and protocol heterogeneity that impairs comparability (Cortez-Vázquez et al., 
2024; Perez-Valero et al., 2021; Velana et al., 2022). By standardizing within-session windows and 
repeating the stress–recovery protocol at two embedded biomarker assessment sessions 
(Session 1 and Session 8), the framework supports harmonized estimation of training-level 
change. Combined with separate pre–post questionnaires and KPIs that represent reactivity, 
recovery/adaptation, and transfer, this design enables a clearer separation between immediate 
elicitation, regulation practice, and durable change. An important next step is empirical 
evaluation of KPI sensitivity, robustness under missingness, and cross-site comparability in 
XR2ESILIENCE, which provides an applied healthcare setting for testing the framework’s 
assumptions. 

The analytic strategy is intentionally layered. It begins with transparent KPI change estimation, 
which is necessary for interpretability and stakeholder trust, and then escalates to heterogeneity 
and network-based analyses only where the evaluation questions and data quality justify them. 
This aligns with methodological guidance in psychological network research, which stresses 
quantifying uncertainty and robustness rather than over-interpreting network visualizations 
(Epskamp et al., 2018), and it is compatible with expectations for explainability and responsible 
deployment in healthcare-oriented AI governance discussions (European Commission, 2019; 
Fehr et al., 2024). 

Several limitations remain inherent to biomarker-grounded evaluation. Physiological indicators 
are sensitive to confounds such as sleep, caffeine, medication, and contextual factors, and they 
cannot be interpreted as diagnostic markers of mental health states. VR-induced stressors also 
raise questions about ecological validity and generalizability to real workplace stressors, even 
when paradigms are well controlled (Shirtcliff et al., 2024). For these reasons, the framework 
treats biomarker outputs as regulation-relevant signals that gain meaning through standardized 
context, repeated measurement, and triangulation with minimal subjective checks and longer-
term outcomes. 
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Overall, a biomarker-grounded approach to evaluating VR resilience training in healthcare is 
feasible if it is designed around standardized stress–recovery windows, repeated-session logic, 
and a small set of interpretable KPIs. The framework presented here strengthens comparability 
across settings, supports mechanistic interpretation of regulation change, and creates an 
extensible base for future personalization, while keeping privacy and feasibility constraints 
central from the outset. 
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