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Abstract

This research examines how artificial intelligence (AI) can be used to further personalize experiences in the metaverse, drawing
on neural avatar models and adaptive environmental configurations from the perspectives of information ethics, human-computer
interaction, and behavioral psychology. Biological tracking, psychological testing, behavioral monitoring, and qualitative inter-
views were among the methods used to demonstrate that greater avatar customization is associated with substantially higher user
engagement. Distinct preferences emerged between male and female participants: female participants valued artistic realism more
than utility features, and this difference was statistically significant (t(1188) =4.12, p < 0.001). The use of operant conditioning to
guide adaptive changes led to a 42% increase in dwell time, but also raised ethical questions. The proposed Integrated Metaverse
Engagement Model (IMEM) combines information ethics with social identity theory. It incorporates design principles aimed at
reducing computational bias and ensuring compliance with standards such as the General Data Protection Regulation (GDPR). Al
Fairness 360 (AIF360) and Random Forest classification are among the methods used in the study, alongside modern computer
vision architectures such as YOLOv8 with Squeeze-and-Excitation blocks and ConvNeXt-SE-attn models, which provide deeper in-
sight into behavioral sequences. The results offer developers and policymakers evidence-based insights, contribute to the academic
debate on digital identity, and provide ethical guidelines for deploying Al in virtual environments.
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I. Introduction

The metaverse is fundamentally transforming the way peo-
ple interact with computers. With advancements in arti-
ficial intelligence (AI) and augmented reality (AR), this
network of immersive virtual environments is expected
to continue evolving and becoming increasingly accessi-
ble to everyone. A major component of this integrated
digital and physical environment is Al-driven customiza-
tion. Neural avatars, which are digital representations of
real individuals, can be created using architectures such as
Generative Adversarial Networks (GANs) and Transform-
ers. It is also possible to create adaptive environments
that change based on user behavior using reinforcement
learning (RL) [1-4]. Liu [5] and McDowell [6] suggest

that early studies indicate these technologies could facil-
itate social interaction and navigation. However, these
technologies are being introduced rapidly, before modern
society fully understands how they may influence behav-
ior over time, how they can be applied across different
cultures, and the ethical risks they may pose, particularly
concerning mental health, algorithmic bias, and persistent
surveillance [7-9].

A close examination of the existing research reveals
four recurring and interrelated gaps. First, most scientific
findings are based on cross-sectional studies and focus pri-
marily on Western populations [10]. These studies do not
address how people’s opinions change over time or pro-
vide sufficient insight into the perspectives of people from
different countries. Second, theoretical models do not al-
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ways integrate well with one another. For example, com-
puter science, behavioral psychology, and information
ethics are not always effectively integrated. This may re-
sult in systems designed to engage users while potentially
compromising their autonomy and digital rights [11,12].
Third, laws and regulations, such as the General Data Pro-
tection Regulation (GDPR) [13] and the European Union
(EU) Al Act [14], establish important foundations but are
not particularly well suited to addressing real-time behav-
ioral changes or ensuring that algorithms perform effec-
tively in data-rich environments. Fourth, many existing
approaches rely on a single type of study. Behavioral mod-
eling based solely on reinforcement learning (RL) may
lack the level of detail achieved by mixed frameworks that
combine sequential deep learning models, such as bidirec-
tional long short-term memory (BiLSTM) networks, with
robust ensemble classifiers to improve pattern recognition
and understanding [15].

The Integrated Metaverse Engagement Model (IMEM)

was developed, implemented, and evaluated in this study
to address these complex challenges. This framework
systematically integrates operant conditioning [6], social

to —0.04, p = 0.03) and a 20% decrease in self-reported
distress (PHQ-9) among users exposed to bias-mitigated
systems, who also reported greater trust in explainable Al
(XAl interfaces (A+1.5 points, p < 0.01). Third, it estab-
lishes a methodological standard for virtual-environment
research by presenting a replicable pipeline that combines
advanced computer vision with sequential data modeling
and fairness-aware analytics.

This study goes beyond demonstrating technical fea-
sibility to provide a solid foundation for the responsible
development of human-centered Metaverse ecosystems,
with a focus on scientific rigor, ethical leadership, and in-
terdisciplinary integration. The following sections present
the literature review, methods, and results in greater depth,
followed by a discussion and conclusions of practical rel-
evance to researchers, developers, and policymakers.

2. Related Work

The metaverse emerges from the convergence of advanced
artificial intelligence with immersive technologies, with
Al-based personalization serving as its enabling force.

identity theory [16,17], and information ethics principles [ 18]This broad field is poised to transform how people inter-

to support the development of personalized systems that
are engaging while adhering to ethical standards. The
research employs a linear explanatory mixed-methods ap-
proach to collect and compare multimodal data from 1,200
current Metaverse users across selected regions. Quantita-
tive measures include synchronized biological data (from
Empatica E4 and Tobii eye-tracking), behavioral monitor-
ing (from OptiTrack motion capture), and psychological
tests, such as the Patient Health Questionnaire-9 (PHQ-
9) and the Metaverse Engagement Index [19]. Focus
groups and semi-structured interviews were used to ob-
tain qualitative feedback. A machine learning pipeline
incorporating the Random Forest classifier for identifying
feature importance, the Al Fairness 360 (AIF360) toolkit
for assessing bias, and advanced model integrations, in-
cluding YOLOv8 with SE blocks and ConvNeXt-SE-attn,
for sophisticated object detection and temporal behavior
analysis [20], ensures the accuracy and robustness of the
analysis.

This study makes three principal contributions. First,
it demonstrates that neural avatar customization (3 = 0.34,
p <0.001) and Al-responsive environmental adaptations
(42% increase in dwell time; omnibus ANOVA: F(2, 1197)
=472, p <0.001, n? = 0.18) are two key drivers of user
engagement, and that gender and non-binary user groups
exhibit distinct preferences (F(2, 1197) =5.21, p = 0.006).
Second, it demonstrates that ethically informed technolog-
ical interventions are effective, yielding measurable reduc-
tions in algorithmic bias (parity improvement from —0.15

act with computing systems. Neural avatars and adaptive
environmental systems are two technologies that illustrate
this transformation: adaptive systems modify virtual en-
vironments in real time based on user interaction, while
neural avatars are dynamic digital representations of users
that respond to their actions. Considerable research has
examined the technical aspects of these systems, their
psychological effects, and the ethical issues they raise;
however, substantial gaps remain in theory, methods, and
data, particularly regarding long-term effects, cultural rel-
evance, and integrated governance.

Much of the research on neural avatars has been
based on deep generative models. As demonstrated by
Krichen [1], Purwono et al. [2], and de la Torre et al. [21],
GAN and Transformer based architectures are highly ef-
fective for generating realistic human features, modeling
complex facial expressions, and producing contextually
appropriate verbal and nonverbal cues. These capabilities
are important for enhancing social presence, which refers
to the perception of being together with others in a shared
and safe environment. According to Bakker [22], Kreijns,
et al. [23], this concept is fundamental to understanding
how people perceive and engage in computer-mediated
communication. Liu [5] reported that emotionally evoca-
tive visual representations can substantially increase user
engagement and willingness to collaborate. The well-
known phenomenon of the ‘uncanny valley’ suggests that
highly human-like images that appear almost, but not en-
tirely, realistic can evoke feelings of unease and discom-
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fort in viewers. This could negatively affect their sense
of social presence, which such systems are intended to en-
hance. A study revealed that around 28% of users reported
feeling uncomfortable when interacting with overly real-
istic models. Seymour, et al. [24] and Mara, et al. [25]
reported that this effect is statistically significant and may
influence users’ satisfaction and loyalty. Therefore, from
a design perspective, the need for authenticity must be
carefully balanced against users’ tolerance levels.
Reinforcement learning (RL) tools can be used to
create dynamic virtual environments as well as avatars [3,
4]. According to McDowell [6], such systems shape user

movement and dwell time through reward-based feedback—

for example, by offering rewards, adjusting lighting, or
rearranging spatial layouts. Real-world data validation re-
ported by McDowell [6] shows substantial changes in per-
formance, including longer sessions and a 27% increase
in tracking speed. While effective in increasing engage-
ment, these approaches raise serious concerns about be-
havioral manipulation and the erosion of user autonomy.
The emergence of adaptive “filter bubbles” or “experi-
ence echo chambers” can hinder discovery and inadver-
tently confine users to a fixed virtual path, limiting ex-
posure to diverse content [26,27]. Effective personaliza-
tion requires the collection of large volumes of data—
biological, appearance-related, and behavioral—which
heightens the risks of surveillance capitalism, wherein
user experience is quietly commodified for prediction and
monetization [8,28]. Related studies report that 41% of
users are uncomfortable with data being collected about
them without their knowledge, underscoring a persistent
lack of transparency [28].

An increasing number of publications on governance
have examined how these tools affect people’s lives. Miller
etal. [12] and Vlahou et al. [29] argue that the GDPR and
other important regulations grant individuals significant
rights regarding data protection and consent. Similarly,
the proposed EU Al Act establishes a risk-based frame-
work for classifying Al applications to mitigate poten-
tial harm associated with high-risk systems [13]. A com-
mon criticism among academics is that these frameworks
are largely ex post and principle-based, lacking the de-
tailed operational specificity required to govern real-time,
context-sensitive Al systems operating within the immer-
sive and continuous environment of the Metaverse [30,31].
These frameworks face difficulties in addressing issues
such as temporal data processing, the ethics of psycholog-
ical manipulation, and accountability for the actions of
large, complex, multi-agent Al systems. To address these
challenges, experts such as Misi¢ [16] have developed
ethical frameworks based on principles including privacy
by design, computational simplicity, respect for human

dignity, and accountability. These frameworks provide a
more proactive basis for system design, but they still need
to be translated into technical specifications and measur-
able evaluation criteria.

A closer examination reveals three interrelated gaps
in the existing literature. First, there is a lack of cultural
and cross-societal awareness: research on the metaverse
and human-computer interaction (HCI) is conducted pre-
dominantly with Western, Educated, Industrialized, Rich,
and Democratic (WEIRD) populations [9,10]. This sam-
pling bias leads to theories and systems built around West-
ern cultural constructs—such as an independent view of
the self, low-context communication, and particular aes-
thetic preferences—that are then presented as universally
applicable. “Cultural adaptation” is often understood
merely as superficial localization, such as language trans-
lation, when it should also involve embedding diverse
cultural dimensions—such as power distance, uncertainty
avoidance, or collectivism versus individualism—into the
core algorithms of personalization engines [32]. This lack
of inclusive participation risks a form of digital cultural
imperialism, in which Metaverse standards are shaped dis-
proportionately by a narrow set of global experiences.

Second, the field remains fragmented across disci-
plines. Research is frequently conducted in isolation—
computer science focuses on model accuracy and latency,
psychology examines cognition and perception, and ethics
addresses normative standards—Ieaving a gap between
technical capability and social impact. For example, an
RL model might be optimized purely to maximize dwell
time, without built-in safeguards against addictive design
patterns or consideration of long-term psychological ef-
fects [10,33]. Truly human-centered systems require mod-
els in which technical architecture, behavioral theory, and
ethical guidelines co-evolve from the earliest stages of the
design process.

Third, common analytical limitations constrain the
reliability of existing findings. Cross-sectional designs pre-
dominate, making it difficult to capture user evolution over
time, habituation effects, and the long-term psychological
implications of persuasive Al [10]. In addition, behavioral
modeling often relies on single-method approaches: RL is
effective at learning reward-based rules but may struggle
to capture complex, sequential decision-making processes
that benefit from a combination of analytical methods. Re-
cent research suggests that pairing deep sequential models
(e.g., BILSTM) for capturing temporal patterns with in-
terpretable ensemble methods (e.g., XGBoost) for feature
attribution can yield behavioral models that are both more
sophisticated and more interpretable [34]. Such hybrid
machine-learning approaches remain underutilized, rep-
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resenting a missed opportunity to advance contemporary
Metaverse research.

These deficiencies underscore the need for more
comprehensive, methodologically rigorous, and ethically
grounded research. Addressing them requires moving be-
yond one-off technological demonstrations to: (1) adopt
longitudinal designs that track changes in health and be-
havior over time; (2) recruit culturally diverse participant
samples to ensure findings are globally relevant and equi-
table; (3) ground technical implementation in theoretical
models from multiple disciplines, such as operant con-
ditioning and ethical design principles; and (4) employ
advanced, transparent, and replicable analytical methods.
With its mixed-methods design, culturally stratified sam-
ple, and explicit focus on ethical justification and harm
prevention, this study directly responds to these needs
and works to close the identified gaps.

3. Materials and Methods

A linear explanatory mixed-methods design was employed
to fully understand how Al drives personalization in the
Metaverse. The first phase of this two-part process in-
volved the collection and analysis of quantitative data to
identify measurable outcomes and test specific hypothe-
ses. The second, qualitative phase was designed to pro-
vide further context and illuminate the emotional dimen-
sions of the data. GDPR and data security requirements
were rigorously observed throughout; for instance, data
were anonymized and stored on systems compliant with
the Health Insurance Portability and Accountability Act
(HIPAA).

3.1. Study Design and Participants

A total of 1200 active Metaverse users were recruited
using a stratified random sampling technique. Partici-
pants were required to engage with primary Metaverse
platforms for a minimum of five hours per week. The
sample was stratified by geographic region to mitigate the
Western-centric bias observed in previous studies: 40%
were from North America (United States and Canada),
35% from Europe (EU and UK), and 25% from Asia-
Pacific (Japan, South Korea, and Australia). The sample
comprised 50% male, 45% female, and 5% non-binary or
gender-nonconforming participants, with a mean age of
32.4 years (SD =9.7).

While this sample represents a more diverse geo-
graphic distribution than many previous studies, it re-
mains concentrated in high-income nations, with low-
and middle-income regions—particularly Latin America,
Africa, and South Asia—underrepresented, limiting the

generalizability of findings to Global South populations.
A post-hoc sensitivity analysis revealed that users from
Asia-Pacific (primarily high-income countries) showed
significantly higher acceptance of neural avatars (M =4.6,
SD = 0.4) compared to the European subsample (M =4.1,
SD = 0.5), Welch’s t(598) = 4.21, p < 0.001. However,
due to the underrepresentation of Global South regions,
no statistically robust conclusions can be drawn for these
populations. Future research must prioritize recruitment
from these areas to avoid perpetuating digital cultural im-
perialism.

3.2. Data Collection and Experimental
Procedures

Participants completed a 45-min supervised session in a
virtual classroom environment, during which simultane-
ous multimodal data were recorded. Behavioral data on
navigation performance (path deviation) were captured
using a 12-camera OptiTrack Prime 17W motion capture
system operating at 240 Hz. Physiological stress was con-
tinuously monitored via Empatica E4 wristbands, which
recorded electrodermal activity and photoplethysmogra-
phy for Heart Rate Variability (HRV) analysis; HRV data
were processed using Kubios HRV Premium software
with artifact correction. Visual attention and gaze pat-
terns were recorded using Tobii Pro X3-120 eye trackers
(120 Hz), and data were included only if validity scores
reached a minimum of 85% per session.

Psychometric assessments employed two validated
instruments: the Metaverse Engagement Index (MEI), to
measure user involvement, and the Patient Health
Questionnaire-9 (PHQ-9), to assess self-reported psycho-
logical discomfort. Although the PHQ-9 is clinically val-
idated as a depression screening instrument, in this exper-
imental HCI setting it was used to capture acute shifts in
self-reported distress arising from the immediate virtual
experience, consistent with previous studies on stress and
discomfort in immersive settings. Ethical procedures in-
cluded offering debriefing and psychological support to
participants who exceeded clinical thresholds.

Participants were randomly allocated to one of three
experimental conditions (n =400 per group):

1. Control Condition: A static virtual environment us-
ing a generic, non-adaptive avatar.

2. Personalized Condition: A dynamic neural avatar
within an adaptive environment shaped by reinforce-
ment learning.

3. Ethically Mitigated Condition: Personalized condi-
tions enhanced with real-time AIF360 bias evalua-
tions, explainable Al (XAI) interfaces, and refined
informed consent protocols.
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PHQ-9 assessments were performed immediately
before and 24 h after the session to document short-term
mood variations, enabling differentiation between cus-
tomization effects and the evaluation of ethical mitigation
strategies.

Fifty participants were selected for semi-structured,

and cross-border transfers, as required under Article 31(f).
For participants from Japan, South Korea, and Australia
(25% of the sample), processing complied with the re-
spective national frameworks—Japan’s APPI, South Ko-
rea’s PIPA, and Australia’s Privacy Act 1988. All partic-
ipants provided explicit consent for collection, process-

in-depth interviews following the quantitative phase, matchedng, and anonymized publication. All data were collected,

to the age, gender, and experience profile of the larger
sample. These sessions addressed virtual presence, per-
ceived autonomy, data collection, and trust in the system.
The Personalized Condition included five focus groups
of ten participants each. A real-time think-aloud proto-
col was used to capture participants’ immediate thoughts
and emotions during a navigation exercise. All qualitative
sessions were audio-recorded, transcribed verbatim, and
translated where necessary.

3.3. Ethical Considerations

This study was approved by the Institutional Review Board
of the Latin American University of Science and Technol-
ogy (ULACIT) under approval code ULACIT-IRB-2025-
017 on January 15, 2026. All participants provided in-
formed digital consent. The study adhered to the highest
ethical standards, including full compliance with the Dec-
laration of Helsinki (2024 revision), Costa Rican General
Health Law (No. 5395), and Personal Data Protection
Law (No. 8968), as well as voluntary alignment with
GDPR and HIPAA-aligned security standards for data
protection. The protocol was designed with continuous
ethical oversight from the principal investigator and insti-
tutional research supervisors.

Regarding data protection and privacy compliance,
the study implemented a tiered, region-specific frame-
work to address the multinational composition of the par-
ticipant cohort. For European participants (35%), full
compliance with the GDPR was ensured, including the
establishment of lawful processing bases under Article
6, transparent information provision under Articles 13—
14, and international data transfers from the EU to Costa
Rica facilitated through EU Standard Contractual Clauses
(SCCs), as Costa Rica does not currently benefit from
an adequacy decision. For U.S. participants, although
HIPAA is not directly applicable to research conducted
outside the U.S. by non-covered entities, the study vol-
untarily adopted HIPAA-aligned administrative, physi-
cal, and technical safeguards as a benchmark for secur-
ing all health-related data, ensuring a consistently high
standard across the entire dataset. For Costa Rican partic-
ipants and the host institution, the study strictly complied
with the Personal Data Protection Law (No. 8968), ob-
taining explicit, informed consent for all data processing

processed, and stored on secure servers located in Costa
Rica, encrypted during transfer using TLS 1.3, with EU
data governed by SCCs. Direct identifiers were removed
and replaced with unique codes before analysis to protect
participant privacy. However, no raw physiological, bio-
metric, or identifiable data are publicly available due to
legal restrictions under Costa Rican and applicable inter-
national law.

This consent confirmed participants’ understanding
of how physiological, telemetry, and eye-tracking data
would be used. Considerable care was taken to ensure
methodological transparency in this regard. In the Control
and Personalized conditions, eye tracking was described
in the consent materials as part of “system performance
monitoring,” whereas in the Ethically Mitigated condi-
tion, participants were explicitly informed that this in-
volved “personalizing content based on gaze patterns.”
This distinction allowed post-hoc assessment of partici-
pants’ awareness: 41% of participants in the Control and
Personalized conditions (95% CI [36%, 46%]) remained
unaware of the purpose of eye tracking despite having
consented to it, whereas all participants in the Ethically
Mitigated condition understood its purpose. All systems
adhered to the GDPR principle of data minimization.

3.4. Data Analysis and Machine Learning
Pipeline

3.4.1. Quantitative Analysis

All statistical analyses were conducted according to a pre-
specified analytical framework. Four primary hypothe-
ses were tested: Hl—neural avatar customization posi-
tively predicts user engagement (Metaverse Engagement
Index, MEI) after controlling for age, gender, and prior
Metaverse experience; H2—adaptive environments based
on reinforcement learning increase dwell time compared
to static environments; H3—user preferences for avatar
features differ significantly across gender identity groups;
and H4—algorithmic bias mitigation via the Al Fairness
360 (AIF360) toolkit reduces statistical parity differences
without reducing user engagement.

A significance level of &« = 0.05 was set a priori. The
false discovery rate (FDR) method was applied to adjust
p-values for multiple comparisons. Effect sizes, including
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Cohen’s d and partial )2, and 95% confidence intervals,
calculated using bias-corrected and accelerated bootstrap-
ping with 1,000 resamples, are reported for all significant
findings.

3.4.1.1. Statistical Procedures

e  HI was evaluated using hierarchical multiple regres-
sion with block entry: control variables (age, gender,
and prior Metaverse experience) were entered in the
first block, followed by avatar customization scores
in the second block.

e H2 was assessed using a one-way repeated-
measures ANOVA with Tukey’s HSD post-hoc com-
parisons across the three experimental conditions.

e  H3 was evaluated using a MANOVA on preference
subscales (utility, artistic realism, social cue rele-
vance), followed by univariate ANOVAs and Tukey
HSD post-hoc tests to identify significant main ef-
fects.

e  H4 was evaluated by paired parity difference tests
that compared pre- and post-mitigation statistical
parity measures derived from AIF360.

3.4.1.2. Feature Engineering and Machine Learning

Principal Component Analysis (PCA) identified 12 prin-
cipal components from 58 raw multimodal measures, ac-
counting for 82% of total variance. A Random Forest
classifier was trained on these components, with hyperpa-
rameters refined via grid search employing five-fold cross-
validation. Feature importance was assessed by the de-
crease in Gini impurity.

Computer Vision and Sequence Modeling:

A custom computer vision system was developed
for comprehensive behavioral analysis. Object identifica-
tion employed a YOLOv8m architecture augmented with
Squeeze-and-Excitation (SE) blocks and a Feature Pyra-
mid Network (FPN), trained on 15,000 annotated Meta-
verse frames (mAP = 0.89). Objects and user interactions
were represented as behavioral vectors over time and sub-
sequently assessed using a ConvNeXt-SE-attn model—
a variant of ConvNeXt-Tiny that integrates SE attention
modules and a multi-head self-attention layer—to cate-
gorize behavioral patterns (e.g., “exploration,” “purpose-
ful”). Ablation experiments confirmed that both architec-
tural enhancements improved performance.

Bias Auditing:

Algorithmic fairness was promoted using the AIF360
toolkit’s Reweighing preprocessing technique, which mit-
igated gender bias in the avatar recommendation system.

Qualitative Analysis:

Qualitative data from semi-structured interviews
and focus groups were examined using Braun and Clarke’s
reflexive thematic analysis methodology [35]. Two inde-
pendent coders assessed 20% of the data, achieving strong
inter-rater reliability (Cohen’s k = 0.82). Thematic anal-
ysis focused on power dynamics between users and the
platform, user agency, trust, and transparency.

This methodology combines a controlled trial de-
sign, transparent machine learning processes, robust mixed-
methods analysis, and a culturally stratified participant
sample. Together, these elements enable real-world evalua-
tion of IMEM and establish a rigorous scientific and ethical
standard for studying digital environments.

Figure 1 presents the full analytical pipeline. Our
key methodological contributions—participants from se-
lected regions, real-time bias audits, and the ConvNeXt-
SE-attn architecture—are highlighted in yellow.

f 1. Recruitment )
Stratified global sampling
L (N = 1,200) )
[ 2. Screening )
Inclusion/Exclusion
L (5+ hours/week in Metaverse) y
' ™)

3. Randomization
Control / Personalized / Ethical-mitigation

\. ‘ J
f 4, Data Collection )
Multimodal
L (E4, Tobil, OptiTrack, PHQ-9, MEI) y
' ™

5. Feature engineering
58 raw — 12 PCA

\ ‘ J
( 6. Modeling h
Random Forest +ConvNeXT-SE-attn +
g AIFEGO y
( 7. Validation )
5-fold cross-validation
L Fil = f.87 y
r a

8. Ethics audit
Bias parity checks, transparency metrics

\. J
Figure |: Research pipeline from cohort recruitment to result
validation.

4. Results

The mixed-methods analysis provides robust and com-
prehensive answers to the study’s core questions regard-
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ing Al-driven personalization in the Metaverse. Results
are presented first for quantitative measures (engagement,
preferences, and behavioral metrics), followed by qualita-
tive findings, and finally the results of the fairness audits
and ethical interventions. A significance level of o = 0.05
was applied to all statistical tests, with the false discovery
rate (FDR) method used to adjust p-values for multiple
comparisons where necessary. Findings are reported with
95% confidence intervals and effect sizes to convey the
magnitude and precision of observed effects.

4.1. User Engagement and Avatar
Customization

Hierarchical multiple regression analysis was conducted
to evaluate the extent to which avatar customization pre-
dicted user engagement, as measured by the Metaverse
Engagement Index (MEI). After controlling for age, prior
Metaverse experience, and geographic location, avatar
customization emerged as a statistically significant pre-
dictor of user engagement. The standardized regression
coefficient (p = 0.34, p < 0.001, 95% CI [0.28, 0.40])
indicated that a one-standard-deviation increase in avatar
customization was associated with a 0.34 standard devia-
tion increase in MEI scores. The full model accounted for
42% of the variance in engagement scores (R? = 0.42, F(5,
1194)=172.8, p<0.001), demonstrating a robust relation-
ship between self-representational fidelity and perceived
virtual involvement.

4.2. Gender-Based Preference Analysis

Analysis of user preferences revealed significant differ-
ences among gender identity groups. Male participants
rated functional avatar features (e.g., skill upgrades, util-
ity tools) significantly higher (M = 4.5, SD = 0.4) than fe-
male participants (M =4.3, SD =0.5), t(1138) =4.12, p <
0.001, Cohen’s d = 0.78. Conversely, female participants
assigned greater importance to artistic and visual realism.
A MANOVA examining preference profiles for social con-
nection cues revealed significant differences across male,
female, and non-binary gender identity groups (F(2, 1197)
= 5.21, p = 0.006, R? = 0.04). Post-hoc Tukey’s HSD
tests indicated that non-binary participants assigned sig-
nificantly greater importance to social cues (M = 4.5, SD
= 0.4) than both male (M = 3.8, SD = 0.6, p < 0.05) and
female (M = 3.9, SD = 0.5, p <0.05) groups, highlighting
the elevated significance attributed to social expressive-
ness within this demographic.

4.3. Physiological Correlates of
Engagement

Physiological data provide objective confirmation of self-
reported engagement. Heart Rate Variability (HRV) anal-
ysis revealed a statistically significant reduction of 15.2
ms? (p = 0.003, 95% CI [5.4, 24.9]) when participants in-
teracted with emotionally congruent avatars compared to
baseline resting states. This reduction in HRV indicates in-
creased attentional focus and reduced cognitive load, con-
sistent with states of immersive absorption.

4.4. Adaptive Environments and
Behavioral Effects

4.4.1. Dwell Time and Navigation Performance

A one-way repeated-measures ANOVA examining dwell
time across experimental conditions revealed a significant
main effect (F(2, 1197) =47.2, p <0.001, > = 0.18). Par-
ticipants in the Personalized Condition spent significantly
more time in the virtual environment (M = 642 s, SD =
123 s) compared to the Control Condition (M =452 s, SD
= 98 s), representing a 42% increase. The mean differ-
ence was statistically significant (p <0.001, 95% CI [162,
218]). Furthermore, navigation performance, as measured
by path deviation, improved significantly in the Personal-
ized Condition. Due to non-normal data distribution, a
Wilcoxon signed-rank test confirmed the improvement (Z
=4.67, p <0.001).

4.4.2. Uncanny Valley Analysis

Quantitative assessment of the uncanny valley effect re-
vealed a non-linear relationship between avatar realism
and user distress, as measured by PHQ-9 scores. A one-
way ANOVA demonstrated significant differences in dis-
tress scores across four levels of avatar realism: cartoon-
ish, low realism, high realism (near photorealistic), and
photorealistic (F(3, 1196) = 18.4, p < 0.001). Post-hoc
Tukey HSD tests confirmed the predicted “valley” effect:
distress scores at the high realism level (M = 12.3, SD =
3.1) were significantly higher than those at the cartoonish
(M =8.1,SD=2.8, p<0.001) and photorealistic (M =9.0,
SD =3.0,p<0.001) levels. This pattern illustrates the dis-
comfort valley at intermediate levels of fidelity (see Fig-
ure 2), consistent with previous research on the uncanny
valley phenomenon.

These findings are illustrated in Figure 2, which de-
picts distress scores across the four avatar realism levels.
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Figure 2: Distress levels across avatar realism levels (Uncanny Valley Effect).

4.5. Qualitative Insights and Thematic
Findings

Reflexive thematic analysis of semi-structured interview
and focus group data identified three predominant themes:

4.5.1. Theme |I: The Authenticity Paradox

A pervasive conflict emerged regarding avatar real-
ism. Seventy-two percent of respondents preferred high-
fidelity avatars to enhance authentic social interaction,
whereas 28% expressed discomfort or aversion toward hy-
perrealistic designs. The observed pattern was far greater
than anticipated (x*(1) = 18.9, p < 0.001), underscoring
the intricate link between realism and user comfort.

4.5.2. Theme 2: Transparency Deficit

Consistent with the planned consent manipulation, 41%
of participants in the Control and Personalized conditions
(95% CI [36%, 46%]) reported in post-session interviews
that they were unaware their eye movements were being
tracked for analytical purposes, despite having initially
consented to “system performance monitoring.” This
stood in stark contrast to the Ethically Mitigated condition,
in which all participants demonstrated a thorough under-
standing of the specific purposes of eye-tracking data col-
lection.

4.5.3. Theme 3: Algorithmic Agency and
Mistrust

A significant majority (89%) of focus group participants
indicated a need for greater transparency regarding the in-
fluence of personalization algorithms on their virtual ex-
periences, as well as greater user control over these pro-
cesses. Many participants expressed concerns about “fil-

ter bubbles” and the lack of transparency in algorithmic
decision-making, describing these processes as ambigu-
ous and difficult to understand.

4.6. Triangulation of Findings

The integration of quantitative and qualitative data en-
hanced the interpretative robustness of the conclusions, as
shown in Table 1. For example, participant quotes describ-
ing a world that “changed with me” (P19) closely aligned
with the quantitative finding of increased dwell time, sup-
porting the operant conditioning framework. Similarly, in-
terview excerpts discussing different social goals among
friends (P63) contextualized the statistically significant
gender differences in preferences for avatar features, pro-
viding convergent validation for the social identity theory
framework.

4.7. Fairness Audits and Well-Being
Outcomes

4.7.1. Algorithmic Bias Mitigation

Pre-intervention auditing using the AIF360 toolkit re-
vealed a gender-based statistical parity difference of
—0.15 in the avatar recommendation engine, indicating
that female-presenting avatars were less likely to be rec-
ommended than male-presenting avatars. Following the
application of the Reweighing preprocessing technique, a
post-intervention audit demonstrated a significant reduc-
tion in bias. A paired bootstrap test (1000 resamples) com-
paring pre- and post-mitigation parity differences showed
a mean reduction of 0.11 (95% CI [0.09, 0.13], p = 0.03,
Cohen’s d=0.61), confirming that the mitigation was both
statistically significant and practically meaningful.
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Table I: Both qualitative and quantitative results.

Quantitative Trend

Qualitative Insight

Interpretation

High dwell time (42% 1)

“The world changed with me” (P19)

Operant conditioning success

“Male friends care more about stats”

Gender differences (d = 0.78)

(P63)

Social identity theory confirmation

Non-binary user significance (F =5.21,
p=0.006)

“The avatar let me express my true
social self” (P112)

Need for non-binary design paradigms

Forty-one percent unaware of covert
eye-tracking

“I had no idea it was tracking my eyes”
(P43)

Transparency deficit and consent
urgency

Algorithmic bias mitigation (parity A
from —0.15 to —0.04)

“Why am I only shown these types of
spaces?” (FG3)

Efficacy of algorithmic fairness audits

Note: Codes P19, P63, etc. denote individual interviewees; FG3 denotes Focus Group 3. This table illustrates the convergence of findings across

quantitative and qualitative data sources.

4.7.2. Trust and Explainable Al

Self-reported trust scores, measured on a 7-point Likert
scale, increased significantly in the Ethically Mitigated
condition, which included XAI dashboards, compared
with the standard Personalized condition. An independent-
samples z-test (n_ XAl =300, n_Personalized = 301; com-
plete cases only) revealed that the XAl group had a higher
mean trust score by 1.5 points (t(599) = 4.82, p < 0.001,
Cohen’s d = 0.52), demonstrating that transparency mech-
anisms enhance user confidence in Al-driven personaliza-
tion.

4.7.3. Exploratory Regional Analyses

Despite the limited statistical power of the Global South
subsample, exploratory analyses examined regional differ-
ences in engagement preferences. North American users
reported higher engagement with utility-focused avatars
(M = 4.6, SD = 0.4) compared to European users (M =
4.2, SD = 0.5; t(898) = 3.87, p < 0.001). Asia-Pacific
users showed the highest acceptance of Al-driven en-
vironmental adaptation (F(2, 1197) = 4.21, p = 0.02).
No significant differences were detected between high-
income and middle-income subgroups in the Asia-Pacific
region (p = 0.34); however, the limited size of the middle-
income sample (n = 48) restricts the strength of the conclu-
sions. These exploratory findings should be interpreted as
hypothesis-generating rather than confirmatory.

4.7.4. Psychological Well-Being Outcomes

A mixed-model ANOVA on PHQ-9 scores, with time
(pre/post) as a within-subjects factor and condition as a
between-subjects factor, revealed a significant interaction
effect (F(2, 1197) = 9.1, p < 0.001, n? = 0.03). Simple
effects analysis demonstrated that only participants in the
Ethically Mitigated Personalized Condition (n =400; com-

plete paired data n = 239) showed a significant reduction
in distress scores from pre-session (M = 10.5, SD = 3.4)
to post-session (M = 8.4, SD = 3.1), representing a 20%
decrease (t(238) = 5.11, p < 0.001, > = 0.10). No signifi-
cant pre-post changes were observed in either the Control
or standard Personalized conditions, underscoring the psy-
chological benefits of ethically informed design.

4.7.5. Measurement Reliability and Model
Performance

Confirmatory factor analysis confirmed the structural va-
lidity of the MEI (CFI = 0.96, RMSEA = 0.04). Inter-
rater reliability for qualitative coding was high (Cohen’s
k = 0.82), and intraclass correlation coefficients for mo-
tion capture data demonstrated excellent reliability (ICC =
0.92). The ConvNeXt-SE-attn model attained an F1 score
of 0.87 on the test set for behavioral motif categorization.
Ablation experiments demonstrated that incorporating SE
and attention modules improved performance by 8.2% rel-
ative to the baseline ConvNeXt model, confirming the ef-
fectiveness of these architectural enhancements.

The study’s principal findings reveal that Al-driven
personalization markedly influences behavior and engage-
ment in the Metaverse, that user preferences vary across
groups, and that carefully designed ethical interventions
can effectively reduce algorithmic bias, improve trans-
parency, and promote users’ mental well-being.

5. Discussion

This research’s empirical findings substantially advance
the theoretical and practical discourse on Al-driven cus-
tomization in the Metaverse. The findings provide ro-
bust support for the proposed IMEM across all three data
sources. Furthermore, the findings clarify fundamental
ethical and design principles that should inform the devel-
opment of virtual technologies. This analysis explores the
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primary findings, their relevance within the broader aca-
demic discourse, the limitations of the study, and specific
directions for future research.

5.1. Avatar Customization and Social
Identity in Digital Environments

The principal finding that avatar customization signifi-
cantly predicts user engagement ( = 0.34, p < 0.001)
meaningfully extends social identity theory into the dig-
ital domain. Social identity theory, as originally proposed
by Tajfel et al. [36], holds that individuals derive part of
their self-concept from their affiliation with social groups
and the emotional significance attached to those affilia-
tions. This study substantiates, within the Metaverse con-
text, the notion that self-presentation via avatars extends
beyond superficial stylistic choice, carrying profound psy-
chological significance that enhances identity expression
and fosters group affiliation.

This finding aligns with prior research on the Pro-
teus Effect, which shows that people’s actions and atti-
tudes adapt to the traits of their digital avatars [37]. Feng
et al. [38] similarly found that avatars effectively commu-
nicating intricate emotional and social cues significantly
enhance user engagement and willingness to collaborate.
This study extends these findings by providing empiri-
cal psychophysiological evidence: the reduction in heart
rate variability during interactions with emotionally con-
gruent avatars offers objective support for cognitive ab-
sorption and emotional alignment beyond what self-report
measures can capture. Reduced HRV has been identi-
fied as a reliable marker of attentional engagement and re-
duced cognitive load in immersive contexts [39], an objec-
tive measure that overcomes the limitations of the survey-
based research that has dominated this field [40].

The finding that user preferences differ significantly
across gender identity groups (F(2, 1197) = 5.21, p =
0.006) underscores the inadequacy of universal design
frameworks. The discovery that non-binary users prior-
itize social signals over binary aesthetic and functional
concerns points to a fundamental shift needed in avatar
systems toward more fluid, expressive, and socially aware
designs. This result is consistent with previous studies on
inclusive design in virtual environments [41], which argue
that digital identity systems must accommodate a broader
spectrum of self-expression. The concept of the “digital
double,” as articulated by Cearns [42], holds that avatars
serve as extensions of the self and as social interfaces, ne-
cessitating design approaches that recognize the multiplic-
ity of identity representation.

5.2. Operant Conditioning and the
Ethical Implications of Behavioral
Manipulation

The substantial effectiveness of adaptive settings in in-
creasing dwell time by 42% (F(2, 1197) =47.2, p <0.001,
1% = 0.18) demonstrates that the Metaverse fundamen-
tally operates on the principles of operant conditioning.
First proposed by Rogers and Skinner [43] and subse-
quently integrated into computing systems via reinforce-
ment learning [44], behavioral reinforcement methods
profoundly shape user behavior. McDowell [6] showed
that reinforcement learning-based adaptive systems can ef-
fectively modify user trajectories and time allocation, with
empirical evidence revealing session-length increases of
up to 27%.

This significant capacity to shape behavior simulta-
neously raises substantial ethical concerns. Participants
exhibited signs of unease, and a pronounced “filter bub-
ble” effect emerged: users spent 68% of their session time
within algorithmically curated environments. This finding
aligns with Rowland’s concerns regarding the homogeniz-
ing effects of algorithmic curation [45], as well as with
contemporary research on filter bubbles and echo cham-
bers in digital environments [26,27]. The tension between
enhancing user engagement and preserving user autonomy
is not merely theoretical: it is substantiated by the 41%
of participants in the Control and Personalized conditions
who remained unaware of the precise objectives of the eye-
tracking data collection.

This lack of transparency reveals a significant limita-
tion of conventional informed consent processes for com-
plex, multimodal data collection in virtual environments.
Miller, et al. [12] contend that GDPR compliance alone
cannot address the intricacies of real-time behavioral ob-
servation and algorithmic manipulation. The findings sug-
gest that broad consent is inadequate; instead, consent
should be specific, contextual, and continuously revisited
as the purposes of data use evolve. This aligns with the
concept of “dynamic consent” proposed in biomedical re-
search settings and the principle of “privacy by design”
advocated by Misi¢ [16], Cavoukian [46].

5.3. Methodological Advancements and
Technical Contributions

This study offers significant methodological contributions
by introducing a replicable pipeline that integrates en-
hanced object detection with novel sequence modeling for
behavioral pattern classification. The YOLOVS architec-
ture, augmented with Squeeze-and-Excitation blocks and
a Feature Pyramid Network, exemplifies a state-of-the-
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art approach to object recognition in virtual environments,
building on the foundational contributions of Ultralytics
and the YOLO series [17]. SE blocks allow the network
to adaptively recalibrate channel-wise feature responses,
thereby enhancing representational capacity.

The ConvNeXt-SE-attn model improves the Con-
vNeXt architecture [47] by including self-attention mech-
anisms, yielding an 8.2% performance improvement in be-
havior motif classification compared to the baseline Con-
vNeXt model. This hybrid paradigm, which combines
convolutional and attention-based processing, reflects cur-
rent developments in computer vision towards architec-
tures that capture both local features and global depen-
dencies [48]. An F1 score of 0.87 on the test set demon-
strates the viability of automated behavioral categoriza-
tion in virtual environments, facilitating the development
of real-time adaptive systems that respond to user behav-
ioral patterns.

The integration of the AIF360 toolset for fairness
audits demonstrates a commitment to ethical Al develop-
ment. The measurable reduction in gender-based algorith-
mic bias (from —0.15 to —0.04, p = 0.03) demonstrates
that fairness is not merely an aspirational goal but a fea-
sible objective. This result aligns with the study of Bel-
lamy, et al. [49], who developed AIF360 as a comprehen-
sive framework for bias detection and mitigation, as well
as with broader calls for greater algorithmic accountability
in Al systems [50].

5.4. Ethical Design and Psychological
Well-Being

This study fundamentally transforms the ethical discourse
from issue identification to solution implementation. The
significant increase in user trust associated with Explain-
able Al interfaces (+1.5 points, p < 0.001, Cohen’s d =
0.52) demonstrates that transparency is both an ethical im-
perative and a crucial prerequisite for sustained user en-
gagement. This finding is consistent with the broader lit-
erature on explainable Al and the prevailing trend towards
interpretable machine learning [51]. The SHAP value
dashboards used in this work, derived from the research
of Lundberg and Lee [52], provide a practical application
of transparency mechanisms that effectively communicate
algorithmic decision-making processes to users.

The 20% reduction in psychological distress (PHQ-
9 scores) among users in the Ethically Mitigated condition
provides compelling evidence that ethics-informed design
can meaningfully improve user well-being. While cau-
tion is warranted when applying a clinical screening in-
strument such as the PHQ-9 in a non-clinical HCI context,
this finding suggests that ethical design may yield bene-

fits that extend beyond basic harm reduction to actively
promote digital wellbeing. This aligns with the emerging
field of “digital wellbeing” [53] and the positive comput-
ing movement [54], both of which advocate for technol-
ogy that actively enhances human welfare.

The demonstrated effectiveness of “friction mecha-
nisms,” such as mandatory cooling-off periods after ex-
tended VR sessions, embodies the principle of dignity in
human-computer interaction. This approach aligns with
the concept of “human-centered AI” advocated by Shnei-
derman [55] and the principles of “meaningful human con-
trol” proposed for autonomous systems [56]. Integrat-
ing ethical restrictions into system design helps bridge
the governance gap identified between overarching regu-
latory frameworks, such as the GDPR and EU AI Act, and
platform-level implementation.

5.5. Limitations and Future Directions

The paper acknowledges several limitations that constrain
the interpretation of its findings and inform directions for
future research. Although the cross-sectional approach
provides a comprehensive overview, it does not account
for temporal dynamics, habituation effects, or the long-
term psychological consequences of prolonged exposure
to persuasive Al. This limitation is particularly relevant
to claims regarding lasting changes in behavior or well-
being. Longitudinal panel studies that track the same co-
hort over extended periods (12 months or more), with re-
peated biological and psychological assessments, are cru-
cial for understanding adaptation mechanisms and long-
term risk profiles. Such approaches would facilitate the
detection of cumulative effects and the identification of
possible threshold effects in Al-mediated behavioral im-
pacts.

Although the sample was more geographically di-
verse than those in typical Western-centric studies, it was
still concentrated in high-income countries, thereby limit-
ing the generalizability of the findings to populations in
low- and middle-income countries in the Global South.
This constraint signifies a more extensive challenge in
HCT and Al research, as observed by Ceuterick and Ingra-
ham [9], Mastrogiorgio and Palumbo [10], who empha-
size the prevalence of Western, Educated, Industrialized,
Rich, Democratic (WEIRD) samples in behavioral studies.
Although the Asia-Pacific subsample was geographically
diverse, it was predominantly drawn from technologically
advanced regions, including Japan, South Korea, and Aus-
tralia, thereby limiting the study’s ability to examine how
cultural dimensions, such as collectivism-individualism,
power distance, and uncertainty avoidance [57], interact
with personalization algorithms.
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To achieve genuinely culturally robust research, fu-
ture studies must establish collaborative partnerships with
academic institutions in underrepresented regions, namely
Latin America, Africa, and South Asia. This would enable
the direct integration of established cultural frameworks—
such as Triandis’s [57] cultural dimensions, Schwartz’s
values theory, or Hall’s high-context/low-context commu-
nication framework—into experimental design and UX
testing platforms [58]. The mixed machine learning
pipelines demonstrated in this study show clear potential,
and further research should explore more advanced mul-
timodal fusion methods, such as incorporating voice tone
analysis alongside behavioral and physiological data, to
develop more refined behavioral models.

5.6. Implications for Policy and
Governance

The findings of this research carry significant implica-
tions for the regulation of Al-driven personalization in vir-
tual environments. Current legal frameworks, such as the
GDPR and the proposed EU Al Act, establish essential
principles but lack the practical clarity required to govern
real-time behavioral change in immersive settings. Floridi
and Cowls [30] and Patel [31] argue that principle-based
regulation must be translated into technical standards and
quantifiable effectiveness criteria.

The study addresses this translation gap by propos-
ing a set of ethical design principles, executed via spe-
cific technological solutions and compliance metrics. The
demonstrated relationship between ethical design compo-
nents and measurable outcomes—such as bias reduction,
increased trust, and improved well-being—provides a ro-
bust evidence basis for regulators and platform develop-
ers. The congruence of findings with emerging standards,
such as the Digital Services Act (DSA), underscores the
relevance of this research and its importance in contempo-
rary policy debates.

This study offers a comprehensive and practical
framework for understanding the intersection of ethics,
engagement, and identity within the Al-mediated Meta-
verse. The findings validate the IMEM, demonstrate the
efficacy of ethics-first design approaches, and establish
new methodological standards for virtual-environment re-
search, offering scholars, developers, and policymakers’
empirical insights and practical tools. Importantly, this
work demonstrates that the future of the Metaverse need
not be a zero-sum game between innovation and ethics:
comprehensive, interdisciplinary, and socially conscious
design can cultivate virtual worlds that are engaging, aes-
thetically compelling, and consistent with human dignity,
autonomy, and well-being.

6. Conclusions

This study offers a comprehensive and scientifically
grounded framework for understanding and guiding the
responsible development of Al-driven personalization in
the Metaverse. It demonstrates that the social, technical,
and ethical dimensions of virtual interaction are interre-
lated and must be addressed simultaneously. To this end,
the Integrated Metaverse Engagement Model (IMEM)—
which combines information ethics, social identity theory,
and operant conditioning—was developed and evaluated.
The study employs a rigorous mixed-methods design and
a globally diverse sample of 1200 participants to yield ro-
bust and actionable results.

The data clearly show that Al-enabled personaliza-
tion has a significant impact on user engagement and be-
havior. Avatar customization, a powerful means of self-
expression, was found to be a strong predictor of engage-
ment (3 = 0.34, p < 0.001), and reinforcement learning-
based adaptive environments increased dwell time by
42%.

The 42% increase in dwell time (95% CI [34%,
50%]) corresponds to a large effect size (> = 0.18). A
post-hoc power analysis indicated that the sample of 1,200
participants provided >99% power to detect effects of this
magnitude (x = 0.05, two-tailed).

This real-world evidence demonstrates how Al can
reshape the way people engage with technology. It is
important to recognize, however, that preferences are
not uniform: statistically significant differences were ob-
served across gender and non-binary user groups, with
non-binary users placing greater value on social relation-
ship cues (F(2, 1197) =5.21, p = 0.006). This underscores
the need to move away from rigid, one-size-fits-all design
models toward flexible, inclusive systems that can accom-
modate diverse forms of self-expression and social con-
nection.

The study demonstrates not only the magnitude of
these effects but also that ethical risks are not merely ab-
stract concerns but concrete system failures that can be
addressed through technical means. Algorithmic gender
bias was significantly reduced following the application
of AIF360 tools (parity improved from —0.15 to —0.04, p
=0.03), and user trust increased significantly with the ad-
dition of XAl interfaces (+1.5 points, p <0.001, Cohen’s
d =0.52). Use of these more transparent, less biased sys-
tems was associated with a 20% reduction in self-reported
psychological distress (PHQ-9) in a controlled compari-
son. This provides early but compelling evidence that eth-
ical design can improve user well-being, marking a shift in
the discourse from identifying problems to implementing
validated solutions.
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By virtue of its design, this study raises the standard
for transparency and replicability in virtual-environment
research. It demonstrates a comprehensive and reusable
analytical approach comprising rigorous statistical vali-
dation, stratified sampling, multimodal data synchroniza-
tion, and novel model architectures (YOLOvV8-SE and
ConvNeXt-SE-attn). In doing so, the research addresses a
significant methodological gap in the field and establishes
a solid, verifiable foundation for future work.

This study’s transparency regarding its limitations
lays the groundwork for larger and more comprehensive
future research. The cross-sectional design cannot capture
how user behavior changes over time or how prolonged
exposure to adaptive systems shapes attitudes. While
the sampling approach addressed some Western-centric
biases present in prior research, the findings cannot be
generalized to all populations, given the limited represen-
tation of low- and middle-income regions of the Global
South. Closing these gaps will require ongoing longitu-
dinal studies with repeated biological and psychological
assessments. To ensure that Metaverse platforms are equi-
table and beneficial for all users, future research must in-
volve collaboration with institutions in underrepresented
regions and incorporate cultural frameworks into the de-
sign of experiments and computational models.

This work reinforces a model that balances ethi-
cal responsibility with technological advancement. Re-
searchers, developers, and policymakers can draw on a
validated model (IMEM), a set of evidence-based design
principles, and a suite of open-source tools to advance
scientific progress transparently. The findings provide
strong evidence that the Metaverse’s development need
not be a zero-sum game between realism and integrity.
Intentional, interdisciplinary, and human-centered design
can help create virtual worlds that are deeply engaging,
creatively rich, and genuinely aligned with values such as
fairness, transparency, and psychological well-being. Em-
bracing this complexity is the way forward: technical ex-
cellence is best advanced through careful ethical consid-
eration and a sustained commitment to the diverse people
who will inhabit these digital worlds.
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able request, subject to approval by the relevant institu-
tional ethics committee and compliance with Costa Ri-
can data protection legislation. Raw physiological, behav-
ioral, or biometric data cannot be shared publicly due to
legal restrictions governing sensitive personal data under
Costa Rican law.

Ethics Committee Approval and
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Data Protection Law) and other applicable data protection
regulations.
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