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Abstract

Background: Alzheimer disease (AD) is increasingly conceptualized as a disorder of large-scale brain network disruption rather
than isolated regional dysfunction. Immersive virtual reality (VR) may provide a controlled sensory challenge for neurophysiological
assessment, but its association with whole-brain electroencephalography (EEG) functional network organization across AD and
mild cognitive impairment (MCI) remains insufficiently characterized.

Objective: This study examined whether immersive VR exposure was associated with state-dependent changes in EEG-derived
functional network organization among older adults with AD, MCI, and normal cognition (NC).

Methods: This exploratory single-session, 3-group repeated-measures EEG study included 60 older adults: 20 with AD, 20
with MCI, and 20 participants with NC. During a single visit, participants underwent repeated within-session EEG recordings
during pre-VR resting, immersive VR exposure, and post-VR resting states. VR was delivered through a head-mounted display
presenting a passive first-person roller-coaster environment. Functional connectivity was quantified using phase-locking value
(PLV) across multiple frequency bands, and global efficiency (GE), modularity, and nodal strength were calculated to characterize
network topology. Between-group differences within each state were assessed using 1-way ANOVA with post hoc pairwise
comparisons, whereas within-group state changes were evaluated using paired-sample 2-tailed t tests. Benjamini-Hochberg false
discovery rate (FDR) correction was applied to inferential graph-theoretical analyses. PLV matrices, nodal strength maps, and
connectivity graphs were interpreted descriptively.

Results: In the broadband range, GE was higher in the AD group than in the NC group during the pre-VR resting state (raw
P=.009; FDR-adjusted P=.04), whereas the AD-NC difference was not statistically significant during VR exposure or the post-VR
resting state. Baseline modularity was also higher in AD than in NC and remained significant after FDR correction; no significant
between-group modularity differences were detected during VR exposure. Within-group analyses showed an FDR-corrected
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increase in GE from pre-VR to VR in NC participants and from pre-VR to post-VR in participants with MCI. No within-group
GE change in AD remained significant after FDR correction. Descriptive PLV, nodal strength, and connection maps suggested
state-associated changes in hemispheric distribution and high-frequency connectivity patterns. However, high-frequency GE
findings did not remain significant after FDR correction and were therefore interpreted as exploratory.

Conclusions: In this exploratory single-session, 3-group repeated-measures EEG study, immersive VR exposure was associated
with short-term, state-dependent changes in PLV-derived EEG functional network organization among older adults with AD,
MCI, and NC. Graph-theoretical analysis demonstrated the feasibility of using repeated within-session VR-EEG measurements
to characterize acute network responsiveness across cognitive groups. However, descriptive connectivity maps were not treated
as confirmatory evidence, and the absence of a non-VR comparison condition and concurrent cognitive or clinical outcomes
precludes conclusions regarding causality or therapeutic efficacy. Larger controlled and longitudinal studies are needed to establish
the reproducibility and clinical relevance of these findings.

(JMIR Serious Games 2026;14:e95160) doi: 10.2196/95160
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Introduction

Alzheimer disease (AD) is an insidious and progressive
neurodegenerative disorder and the leading cause of dementia
[1-3]. It is clinically characterized by progressive cortical
atrophy, cognitive decline, and behavioral dysfunction [4,5].
More than 60 million people worldwide currently live with AD,
and projections suggest this number will approach 80 million
by 2030. AD remains incurable and predominantly affects older
adults, with an average life expectancy of only 4 to 8 years after
diagnosis [6]. Pharmacological therapies remain the standard
approach for slowing disease progression, yet supportive care
alone often fails to preserve quality of life [5,7]. Identification
of effective nonpharmacological interventions therefore remains
essential. Virtual reality (VR) technology has advanced
substantially, and immersive neural stimulation may exert
distinct modulatory effects on functional brain connectivity
[8,9]. This study aims to characterize brain network differences
among AD, mild cognitive impairment (MCI), and normal
cognition (NC) groups and to investigate whether VR
stimulation is associated with alterations in functional brain
network organization [10,11]. Electroencephalography (EEG),
which records cortical oscillations using scalp electrodes with
high temporal resolution, provides a robust tool for this
investigation [12-16].

Previous studies have identified hallmark network abnormalities
in AD and MCI, including altered phase synchrony, reduced
global efficiency (GE), disrupted modular organization, and
interhemispheric connectivity imbalance [17,18]. Phase-based
metrics such as phase-locking value (PLV) show reduced
synchronization in AD, especially across long-range
connections, indicating impaired large-scale coordination. GE
measures show more complex patterns. Healthy aging typically
correlates with reduced efficiency, whereas AD may show
paradoxically increased resting-state GE, which may reflect
pathological overintegration or loss of modular constraints rather
than enhanced processing. Modularity analyses further indicate
that AD networks become excessively segregated, with rigid
community boundaries that restrict flexible reconfiguration
[1,19,20].

MCI represents a transitional stage between healthy aging and
dementia and is characterized by heterogeneous and often
delayed network responses. Evidence shows that MCI exhibits
network properties that are intermediate between those of NC
and AD groups, but with significantly reduced dynamic
adaptability [21,22]. Most existing EEG studies rely on
resting-state recordings, which limit understanding of how
pathological networks respond to external stimulation or
cognitive engagement.

VR represents a promising nonpharmacological approach for
modulating brain function in older adults and neurodegenerative
populations. Through immersive, multisensory input, VR can
simultaneously engage distributed perceptual, attentional, and
sensorimotor networks. Neuroimaging studies suggest that VR
stimulation may influence neuroplastic processes, alter
hemispheric activity patterns, and promote functional
reorganization [23-25]. However, the mechanisms through
which VR dynamically modulates large-scale EEG networks
in AD and MCI, particularly across frequency bands and
temporal stages, remain poorly defined [26,27].

A key unresolved question is whether immersive VR exposure
is associated with measurable changes in EEG functional
network organization in AD and MCI and whether the observed
within-session patterns differ descriptively from those in
cognitively normal older adults. To address this question, we
conducted an exploratory, single-session, 3-group
repeated-measures EEG study using pre-VR resting, immersive
VR exposure, and post-VR resting states. By integrating
multiband PLV-derived connectivity with graph-theoretical
metrics, we aimed to characterize group-related network
organization, examine state-associated network changes, and
evaluate the feasibility of VR-EEG as an experimental
framework for assessing acute neurophysiological
responsiveness [28-30]. We hypothesized that immersive VR
exposure would be associated with state-dependent changes in
EEG-derived functional networks and that the 3 diagnostic
groups would show distinct within-session response patterns.
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Methods

Ethical Considerations
This study was conducted in accordance with the Declaration
of Helsinki and was approved by the Institutional Review Board
(IRB) of Kwangwoon University, Republic of Korea, under
IRB number 7001546-202300614-HR(SB)-005-01. Written
informed consent was obtained from all participants before
enrollment.

Participant confidentiality was strictly protected throughout the
study. All EEG recordings and demographic information were
anonymized and deidentified before analysis. No personally
identifiable information was included in the study database, and
no identifiable participant images are presented in this
manuscript.

Participants were recruited on a voluntary basis and did not
receive financial compensation for participation.

Study Design and Setting
This was an exploratory, nonrandomized, single-session, 3-group
repeated-measures EEG study. Participants with AD, MCI, and
NC underwent repeated EEG measurements during pre-VR
resting, immersive VR exposure, and post-VR resting states
within 1 experimental session. Diagnostic group constituted the
between-participant factor, and experimental state constituted
the within-participant repeated-measures factor. All participants
underwent the same VR procedure. No randomization, treatment
allocation, separate non-VR comparison condition, or
longitudinal follow-up was included. The study was designed
to characterize short-term EEG functional network responses
rather than to evaluate therapeutic efficacy.

Sampling Procedures
Participants were recruited through advertisements at Chuncheon
Sacred Heart Hospital within 1 month before the experimental
sessions. Patients with AD and individuals with MCI were
recruited from hospital patients whose diagnoses and clinical
status were confirmed by experienced clinicians. Older adults
with NC were recruited from the same hospital-based
recruitment setting and were screened for the absence of
neurological or psychiatric disorders.

Inclusion and Exclusion Criteria
Inclusion criteria were being aged 60 to 70 years, completion
of at least secondary-school education, ability to complete EEG

recording, and ability to tolerate VR stimulation. For the AD
and MCI groups, participants were required to have a clinical
diagnosis established by experienced clinicians. For the NC
group, participants were required to have no history of
neurological or psychiatric disorders.

Exclusion criteria included severe visual impairment preventing
VR participation, inability to complete EEG recordings, severe
psychiatric disorders, major neurological diseases other than
AD or MCI, and intolerance to VR stimulation. Participants
were instructed to avoid medications or substances that could
acutely affect EEG activity for at least 24 hours before the
experiment whenever clinically appropriate.

Participant Characteristics
A total of 60 older adults participated in this study, including
20 patients diagnosed with AD, 20 individuals with MCI, and
20 participants with NC. All participants were aged 60 to 70
years and had completed at least a secondary-school level of
education. Sex distribution was balanced across groups, with
10 male and 10 female participants in each group.

Diagnoses of AD and MCI were established according to
standard clinical diagnostic criteria by experienced clinicians.
Although standardized cognitive screening scores such as the
Mini-Mental State Examination (MMSE) were not available
for all participants, the clinical recruitment process ensured that
participants within each diagnostic group had comparable
clinical presentations based on hospital assessment.

Prior to the formal experiment, all participants completed a
1-minute VR familiarization session using VR content different
from that used during the main experiment. This procedure was
performed to evaluate tolerance to VR stimulation and minimize
adaptation effects. No participant reported dizziness,
cybersickness, or other adverse reactions during the
familiarization procedure. Visual function was screened prior
to enrollment. All participants were able to complete the VR
procedure without corrective eyewear and reported no visual
difficulties during VR stimulation.

A participant flow diagram summarizing recruitment, eligibility
screening, group allocation, VR-EEG recording, and final
analysis is provided in Multimedia Appendix 1. Available
demographic and clinical characteristics are summarized in
Table 1.
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Table 1. Demographic and clinical characteristics of the study participants.

NCc groupMCIb groupADa groupCharacteristic

202020Sample size, n

60-7060-7060-70Age (years), range

Secondary school or aboveSecondary school or aboveSecondary school or aboveEducation level

10/1010/1010/10Sex (male/female), n

Chuncheon Sacred Heart HospitalChuncheon Sacred Heart HospitalChuncheon Sacred Heart HospitalRecruitment source

Control participants with NCComparable clinical presentation
within the MCI group based on
hospital assessment

Comparable clinical presentation
within the AD group based on hos-
pital assessment

Clinical comparability

No severe visual impairment pre-
venting VR participation

No severe visual impairment pre-
venting VR participation

No severe visual impairment pre-
venting VR participation

Visual function for VRd participa-
tion

Not used during VR stimulationNot used during VR stimulationNot used during VR stimulationCorrective eyewear during VR

Completed 1-minute VR familiariza-
tion without adverse reaction

Completed 1-minute VR familiariza-
tion without adverse reaction

Completed 1-minute VR familiariza-
tion without adverse reaction

VR familiarization

202020Final inclusion for EEGe network
analysis, n

aAD: Alzheimer disease.
bMCI: mild cognitive impairment.
cNC: normal cognition.
dVR: virtual reality.
eEEG: electroencephalography.

Sample Size, Power, and Precision
Because this was an exploratory single-session, 3-group
repeated-measures EEG study, no formal a priori power
calculation was performed. The sample size was determined
based on participant availability during the recruitment period
and the feasibility of simultaneous VR-EEG recordings in older
adults with cognitive impairment. The final sample included
20 participants in each diagnostic group, allowing balanced
group-level exploratory comparisons of EEG-derived network
metrics.

Experimental Design and VR Stimulation
EEG data were collected using a 3-phase experimental paradigm
consisting of a pre-VR resting state, a VR stimulation state, and
a post-VR resting state.

VR stimulation was delivered using a PICO 4 head-mounted
display (PICO Technology). Participants viewed an immersive
3D roller-coaster environment from a first-person perspective.
The VR environment consisted of a passive first-person
roller-coaster scenario that provided dynamic visual motion
cues within an immersive 3D space. The paradigm was designed
to provide visual and vestibular-like motion stimulation through
optic flow, but participants were not required to perform motor
responses, make decisions, or complete memory tasks. The VR
stimulation lasted approximately 5 minutes. Participants
remained seated comfortably in an upright position throughout
the experiment.

Participants were monitored for discomfort, dizziness, and
cybersickness during both the familiarization procedure and the
main VR stimulation session. No participant discontinued the

experiment because of VR-related discomfort. After the removal
of the VR stimulus, a post-VR resting state was conducted to
evaluate subsequent changes in brain activity. Each phase lasted
approximately 5 to 6 minutes, and a 15-minute interval was
provided between phases to minimize potential carryover effects.

The pre-VR, VR, and post-VR recordings were repeated
within-session experimental states and did not represent
longitudinal follow-up assessments.

Measures and Covariates
The primary neurophysiological measures were EEG-derived
graph-theoretical metrics, including GE, modularity, and nodal
strength, calculated from PLV-based functional connectivity
networks. Diagnostic group and experimental state were the
main grouping variables. Standardized cognitive screening
scores, such as MMSE, were not available for all participants
and were therefore not included as covariates in the statistical
analyses.

EEG Data Acquisition
EEG signals were recorded using a HydroCel Geodesic Sensor
Net (Electrical Geodesics) coupled with an EGI NetAmps 300
amplifier (Electrical Geodesics). A total of 64 electrodes were
placed according to the International 10-20 system. Signals
were sampled at 1000 Hz, and Cz was used as the reference
electrode throughout acquisition.

Electrode impedance was maintained within clinical recording
standards during data acquisition. Participants were instructed
to remain seated, relaxed, and to minimize head, facial, and
limb movements throughout recording. EEG data were collected
during all 3 experimental states: pre-VR resting, VR stimulation,
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and post-VR resting. During the pre-VR and post-VR resting
states, participants remained awake and visually fixated without
active task performance. During VR stimulation, the headset
was positioned carefully to avoid excessive pressure on the EEG
electrodes and to minimize mechanical artifacts during
simultaneous VR-EEG recording [31,32].

EEG Preprocessing
EEG preprocessing was performed using EEGLAB. Raw EEG
data were imported from EGI MFF files, and electrode locations
were assigned using a 68-electrode channel-location file. Before
independent component analysis (ICA), the data were high-pass
filtered at 1 Hz. The data were then rereferenced using T7 and
T8 as reference channels; if the specified reference channels
were unavailable or failed validation, average referencing was
used instead.

ICA-based artifact correction was performed using the extended
runica algorithm in EEGLAB. To account for rank reduction
after rereferencing, ICA decomposition was performed with
principal component analysis (PCA) dimensionality reduction,
using up to 64 principal components. Independent components
were classified using ICLabel. Components classified as muscle,
eye, heart, line-noise, or channel-noise artifacts with a
probability of 0.90 or higher were automatically flagged and
removed, whereas components classified as brain or other were
not automatically rejected. Across the analyzed ICA-cleaned
EEG recordings, the number of removed independent
components was 7.68 (SD 7.32) per recording, with a median
of 6 and a range of 0 to 32 components. After ICA-based artifact
correction, the data were low-pass filtered at 70 Hz and saved
as ICA-cleaned EEG datasets.

Following artifact correction, EEG signals were decomposed
into multiple frequency bands, including δ (1-4 Hz), θ (4-8 Hz),
α (8-13 Hz), β (13-32 Hz), γ (32-70 Hz), and a full-spectrum
band (1-70 Hz) [33]. After preprocessing, artifact-free 1-second
epochs were extracted for further analysis. For each participant
and experimental phase, 30 clean epochs were selected and used
for subsequent functional connectivity analysis.

Functional Connectivity Analysis
Functional connectivity was quantified using the PLV, which
measures the consistency of phase differences between 2 signals
over time. For channels i and j, PLV was computed as:

where ϕi(t) and ϕj(t) denote instantaneous phases obtained using
the Hilbert transform. PLV values range from 0 (no phase
synchronization) to 1 (perfect synchronization) [34].

Network Construction and Thresholding
Functional brain networks were constructed based on PLV
connectivity matrices derived from the preprocessed EEG
signals. In the resulting network representation, each node
corresponded to an EEG recording channel, and edges
represented the PLV-based functional connectivity strength
between pairs of channels.

For descriptive network visualization, a proportional
thresholding approach was applied to the group-averaged PLV
connectivity matrices. Specifically, only the top 5% of the
strongest PLV connections were retained in the visualization
graphs, while weaker connections were not displayed. This
thresholding step was used to improve the interpretability of
the network maps and to highlight the dominant spatial
distribution of strong functional connections.

The 5% proportional threshold was selected as a
literature-informed and visualization-oriented threshold.
Previous EEG graph-theoretical studies have displayed only
the strongest subset of functional connections to improve the
interpretability of network topology and connection changes.
For example, Liang et al [35] visualized only the upper 30% of
mutual information values in a 19-channel EEG network to
better illustrate network connection changes. In the present
study, the number of EEG nodes and possible pairwise
connections was substantially larger. Therefore, retaining higher
proportions of connections, such as 20% or 10%, produced
dense and visually cluttered graphs, with many overlapping
edges that obscured the dominant spatial connectivity patterns.
The 5% threshold provided the clearest visualization of the
strongest PLV connections and regional network differences.
Therefore, the top 5% of strongest PLV connections were
retained only for network visualization and descriptive
connectivity mapping. GE and modularity were calculated from
weighted PLV matrices, whereas the top 5% proportional
threshold was applied only to descriptive network visualizations.

Graph-Theoretical Measures

Overview
Graph-theoretical metrics were calculated to characterize the
topological properties of the constructed brain networks. In
particular, GE was used to evaluate the efficiency of information
integration across the entire network.

GE quantifies the capacity of a network to support parallel
information transfer between distributed brain regions and is
defined as:

where    represents the number of nodes in the network and Lij

denotes the shortest path length between nodes i and   . A higher
GE value indicates a more efficient network organization with
stronger global integration and more effective communication
between brain regions [36].

Modularity
Modularity measures the extent to which a network can be
partitioned into densely connected modules with sparse
intermodule connections. It is defined as:

where Aij represents the edge weight between nodes i and j, ki

denotes node strength, W is the total edge weight, and δ(ci,cj)
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equals 1 when 2 nodes belong to the same module and 0
otherwise [37]. For modularity estimation, the Louvain
algorithm was repeated 30 times, and the highest Q value was
retained for each epoch.

Nodal Strength
Nodal strength was calculated as the sum of the weights of all
edges connected to a given node, reflecting the overall level of
connectivity of that node within the network [38].

Visualization and Statistical Analysis
Brain network visualizations were generated to illustrate the
spatial distribution of functional connectivity and to highlight
long-range and interhemispheric connection patterns across
experimental conditions. Connectivity graphs were projected
onto scalp topography to provide an intuitive representation of
network organization for each group and experimental state
[35,39].

For statistical evaluation, graph-theoretical metrics were
compared across diagnostic groups (AD, MCI, and NC) and
experimental states (pre-VR resting, VR stimulation, and
post-VR resting). Between-group differences within each
experimental state were first assessed using 1-way ANOVA.
When significant group effects were detected, post hoc pairwise
comparisons using independent-sample 2-tailed t tests were
performed to identify specific between-group differences.

Within-group comparisons across experimental states were
performed using paired-sample t tests. These statistical analyses
were conducted to determine whether VR stimulation was
associated with measurable modulation of brain network
topology across the different cognitive states [40,41]. When
reported, 95% CIs were calculated using the t distribution based
on the corresponding group sample size.

Statistical significance was initially defined as P<.05. To control
for multiple comparisons, P values were adjusted using the
Benjamini-Hochberg false discovery rate (FDR) procedure [42].
FDR correction was applied separately within each
graph-theoretical metric and comparison family. Specifically,
between-group comparisons within the same experimental state
and within-group comparisons across experimental states were
treated as separate comparison families. Both raw P values and
FDR-adjusted P values are reported where applicable.

Missing Data
No participant-level data were missing in the final dataset.
During EEG preprocessing, artifact-contaminated segments
were removed according to the predefined quality-control
procedures. For each participant and experimental condition,
30 artifact-free epochs were retained for subsequent analyses,
ensuring an equal number of observations across groups and
experimental states. The overall VR-EEG experimental and
functional network analysis workflow is shown in Figure 1.

Figure 1. Virtual reality (VR)–based electroencephalography (EEG) network analysis workflow in AD. (A) Experimental paradigm and participants:
EEG was recorded from AD, MCI, and NC groups during 3 stages: pre-VR resting, VR stimulation, and post-VR resting. (B) Data preprocessing: raw
EEG signals were cleaned using preprocessing and independent component analysis (ICA) filtering, followed by frequency-band decomposition. (C)
Network construction: functional brain networks were constructed using phase-locking value (PLV)–based connectivity, and graph metrics (global
efficiency, modularity, and nodal strength) were calculated. (D) Group- and state-related network patterns: descriptive network differences between
AD and NC were analyzed to illustrate VR-associated changes in connectivity distribution.
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Results

Overview
Unless otherwise specified, inferential statistical conclusions
were based on graph-theoretical metrics, including GE and
modularity. PLV matrices, nodal strength distributions, and
node connection graphs were used primarily as descriptive
visualizations to illustrate spatial connectivity patterns and to
support interpretation of the quantitative network results.

PLV Matrix
The PLV connectivity matrices were used as descriptive
visualizations to illustrate broadband functional connectivity
patterns across diagnostic groups and experimental states. In
the pre-VR resting state, the NC group visually showed stronger
broadband coupling, whereas the AD group showed weaker and

less distributed connectivity patterns, with the MCI group
showing intermediate features.

During VR stimulation, the PLV matrices suggested a change
in broadband connectivity organization, particularly in the NC
and AD groups. In the NC group, broadband PLV patterns
appeared less globally dense during VR stimulation, whereas
the AD group showed relatively limited changes in overall
coupling strength. In the post-VR resting state, visual differences
among the 3 groups appeared less pronounced than those
observed at baseline.

Because these PLV matrices were intended primarily for
visualization, formal statistical interpretation was based on
subsequent graph-theoretical metrics, including GE and
modularity. These descriptive PLV patterns provide spatial
context for the quantitative network changes reported below.
The broadband PLV connectivity matrices across diagnostic
groups and experimental states are shown in Figure 2.

Figure 2. Phase-locking value (PLV)–based functional connectivity matrices across experimental stages. (A) PLV matrices of the normal cognition
(NC) group. (B) PLV matrices of the Alzheimer disease (AD) group. (C) PLV matrices of the mild cognitive impairment (MCI) group. For each group,
connectivity matrices are shown for 3 experimental stages: (1) pre–virtual reality (pre-VR) resting state, (2) during VR stimulation, and (3) post-VR
resting state. The matrices represent functional connectivity in the full frequency band (1-70 Hz), where warmer colors indicate stronger phase
synchronization between electroencephalography (EEG) channels.
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GE Values
Figure 3 illustrates GE values across frequency bands and
experimental states in the NC, MCI, and AD groups.
Descriptively, GE values tended to be higher in the 13 to 32 Hz
range than in lower-frequency and higher-frequency bands
across several groups and experimental states. This pattern

suggests that beta-band activity may contribute to large-scale
network integration in the present EEG dataset. However,
because frequency-band comparisons were primarily descriptive,
this observation should be interpreted cautiously and not as
confirmatory evidence of a frequency-specific network
mechanism.

Figure 3. Global efficiency across frequency bands and experimental states. (A) Global efficiency values of the normal cognition (NC) group across
frequency bands during the 3 experimental states: pre–virtual reality (pre-VR) resting, VR stimulation, and post-VR resting. (B) Global efficiency values
of the mild cognitive impairment (MCI) group across the same frequency bands and experimental states. (C) Global efficiency values of the Alzheimer
disease (AD) group across the 3 states.

In the broadband frequency range (1-70 Hz), between-group
differences in GE were most evident during the pre-VR resting
state. In the pre-VR condition, patients with AD exhibited higher
GE than both NC participants (AD: 0.425, SD 0.036, 95% CI
0.408-0.442; NC: 0.337, SD 0.081, 95% CI 0.299-0.375; raw
P=.009; FDR-adjusted P=.04) and patients with MCI (MCI:
0.343, SD 0.064, 95% CI 0.313-0.373; raw P=.003;
FDR-adjusted P=.03). During VR stimulation, the difference
in GE between the AD and NC groups was no longer significant
(AD: 0.411, SD 0.033, 95% CI 0.396-0.426; NC: 0.412, SD
0.065, 95% CI 0.382-0.442). GE in the AD group was higher
than that in the MCI group during VR stimulation in the
uncorrected analysis (MCI: 0.355, SD 0.071, 95% CI
0.322-0.388; raw P=.04); however, this comparison did not
remain significant after FDR correction (FDR-adjusted P=.12)
and was therefore interpreted as an exploratory trend. In the
post-VR state, GE values in the AD and NC groups converged,

and no significant difference was observed between the 2
groups.

A comparable descriptive trend was observed in the
high-frequency band (32-70 Hz); however, no between-group
or within-group state comparison in this frequency band
remained significant after FDR correction. Therefore,
high-frequency GE findings were interpreted as exploratory
patterns rather than confirmatory statistical effects. Across all
experimental states, the MCI group generally exhibited
intermediate GE values between the AD and NC groups,
accompanied by moderate state-dependent variations. These
results suggest that VR stimulation was associated with dynamic
changes in network integration, with reduced AD-NC group
differences in GE during and after VR stimulation. Each panel
shows the distribution of GE values for the 3 diagnostic groups,
illustrating group-level differences in network integration under
different VR conditions in Figure 4.
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Figure 4. Group comparisons of global efficiency (GE) across experimental states. (A) GE comparisons among Alzheimer disease (AD), mild cognitive
impairment (MCI), and normal cognition (NC) groups across the 3 experimental states (pre–virtual reality [pre-VR], VR stimulation, and post-VR) in
the broadband frequency range (1-70 Hz). (B) Global efficiency comparisons among the 3 groups across the same experimental states in the gamma
frequency band (32-70 Hz).

These findings suggest distinct patterns of GE modulation across
the clinical groups. At baseline, patients with AD exhibited
elevated GE, suggesting altered or dysregulated network
integration. During VR stimulation, GE in the AD group showed
a decreasing trend; however, within-group GE changes in the
AD group did not remain significant after FDR correction.

In contrast, participants in the NC group demonstrated a
significant increase in GE during VR stimulation (pre-VR:
0.337, SD 0.081, 95% CI 0.299-0.375; VR: 0.412, SD 0.065,
95% CI 0.382-0.442; raw P=.007; FDR-adjusted P=.04). This
increase suggests state-dependent upregulation of large-scale
functional integration in response to sensory stimulation. The
MCI group did not show an immediate increase in GE during
the VR phase; instead, GE increased from pre-VR resting to

the post-VR state after FDR correction (raw P=.009;
FDR-adjusted P=.04), suggesting a delayed network response
following stimulation.

This temporal pattern suggests that network responsiveness in
MCI may be partially preserved compared with AD, but that
the dynamic regulation of global integration may occur more
slowly. Taken together, these findings suggest a possible
continuum of network dysfunction from NC to MCI to AD,
characterized by rapid GE modulation in NC, delayed GE
changes in MCI, and limited within-group GE modulation in
AD. Each panel illustrates the distribution of GE values across
experimental states, highlighting state-dependent modulation
of network integration within the AD, MCI, and NC groups in
Figure 5.
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Figure 5. State-dependent changes in global efficiency (GE) within each clinical group. (A) GE across the 3 experimental states—pre–virtual reality
(pre-VR) resting, VR stimulation, and post-VR resting—within each group (Alzheimer disease [AD], mild cognitive impairment [MCI], and normal
cognition [NC]) in the broadband frequency range (1-70 Hz). (B) Global efficiency across the same experimental states within each group in the
high-frequency band (32-70 Hz).

Modularity
Modularity analysis revealed a robust baseline group difference
and descriptive state-dependent patterns across clinical groups,
partially paralleling the patterns observed for GE [43]. In the
pre-VR resting state, patients with AD exhibited higher
modularity than NC participants, and this difference remained
significant after FDR correction (AD: 0.446, SD 0.036; NC:
0.273, SD 0.120; raw P=.001; FDR-adjusted P=.01), while the
MCI group showed intermediate values (0.363, SD 0.146).

During VR stimulation, modularity values converged across
the 3 groups, and no significant between-group differences were
observed after FDR correction. In the post-VR state, modularity
values in the AD and MCI groups were comparable, and both
were numerically higher than those of the NC group. The
MCI-NC difference was significant in the uncorrected analysis
but did not remain significant after FDR correction (raw P=.02;
FDR-adjusted P=.07); therefore, this result was interpreted as
an exploratory trend, as shown in Figure 6.
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Figure 6. Comparison of modularity values across groups and experimental states. Modularity values are compared across the 3 experimental states
(pre–virtual reality [pre-VR], VR, and post-VR) and the 3 clinical groups (Alzheimer disease [AD], mild cognitive impairment [MCI], and normal
cognition [NC]). Boxplots illustrate state-dependent changes within each group and group differences within each experimental state. Only the baseline
AD–NC modularity difference remained significant after false discovery rate (FDR) correction; the remaining group and state patterns are presented
descriptively.

Within-group comparisons across experimental states showed
descriptive temporal modulation patterns, but no within-group
state comparison remained significant after FDR correction. In
the AD group, modularity numerically decreased during VR
stimulation, suggesting a possible reduction of the highly
segregated network organization observed at baseline. The MCI
group showed minimal numerical change during VR but
exhibited higher modularity in the post-VR phase, suggesting
a possible delayed network reconfiguration pattern. In contrast,
participants in the NC group showed a numerical increase in
modularity during VR stimulation followed by a reduction in
the post-VR state. These within-group modularity patterns

should therefore be interpreted as descriptive trends rather than
confirmatory statistical effects.

Nodal Strength
This study investigated alterations in EEG-based nodal
connection strength during the pre-VR and VR conditions,
illustrating VR-associated changes in functional brain network
patterns in patients with AD. As shown in Figure 7, during the
pre-VR resting state, the AD group exhibited pronounced
right-lateralized connectivity, with higher nodal strength in the
right hemisphere than in the left, whereas the NC group showed
relatively balanced interhemispheric connectivity patterns.
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Figure 7. Regional node strength distribution and connectivity patterns in the Alzheimer disease (AD) and normal cognition (NC) groups. The upper
panel shows the AD group, and the lower panel shows the NC group. For each group, node strength values are presented for 2 experimental states:
pre–virtual reality (pre-VR) resting (left) and VR stimulation (right). Bars represent node strength for individual electroencephalography (EEG) channels.
Node labels are color-coded by anatomical region: blue indicates left-hemisphere nodes, green indicates midline (central) nodes, and pink indicates
right-hemisphere nodes. The brain network diagrams on the right illustrate the corresponding connectivity patterns for each group.

During VR stimulation, the AD group demonstrated a
bidirectional modulation pattern: most nodes in the left
hemisphere showed increased connection strength, while several
nodes in the right hemisphere displayed decreased strength.
This “left-up and right-down” pattern suggested a shift in
interhemispheric connectivity distribution during VR
stimulation, with the AD connectivity pattern appearing more
balanced than in the pre-VR resting state.

Analysis of key midline hub nodes (Pz, POz, Fz, and Oz) further
revealed that the NC group exhibited variable changes with
generally higher nodal strength, whereas the AD group showed
consistent increases in nodal strength across these central regions
during VR stimulation. As illustrated in Figure 7, these changes
appeared to reduce visual group differences in these core
integration nodes.

Taken together, these descriptive nodal strength patterns suggest
that VR stimulation was associated with a shift in nodal
connectivity distribution in AD, characterized by increased
left-hemisphere and midline involvement and reduced apparent
right-lateralized dominance. Because nodal strength maps were
used primarily for descriptive visualization, these findings
should be interpreted as spatial patterns of regional connectivity
rather than evidence of therapeutic efficacy or functional
improvement. These descriptive findings provide spatial context
for the quantitative GE and modularity results, which indicated
state-dependent changes in large-scale network organization.

Node Connection Graph
Node connection graphs were used as descriptive visualizations
of the top 5% strongest PLV connections and were not treated
as independent inferential statistical tests or threshold-sensitivity
analyses. Using preprocessed EEG data in the .set format and
retaining the top 5% of strongest connections, the NC group
showed stronger and more spatially distributed retained PLV
connections than the MCI and AD groups, with relatively
balanced interhemispheric organization. During VR stimulation,
the retained connections in the NC group appeared more
selective and spatially distributed across the network, suggesting
a descriptive shift in the organization of strong PLV connections
under sensory stimulation [44].

In contrast, the AD group exhibited marked hemispheric
asymmetry at rest, with connectivity predominantly concentrated
in the right hemisphere, particularly in central and centroparietal
regions. This central and centroparietal concentration may reflect
compensatory reliance on sensorimotor integration hubs and
midline relay regions when distributed long-range coordination
is reduced, consistent with more locally constrained coupling
in disease. During VR stimulation, hemispheric asymmetry
decreased, and the network adopted a more symmetric
configuration, suggesting a state-associated shift toward a more
bilateral distribution of retained connections and redistributed
connectivity away from an overly lateralized resting-state
pattern. The MCI group showed intermediate features between
NC and AD but lacked a stable configuration across states,
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consistent with a transitional and heterogeneous network
phenotype.

Overall, VR stimulation was associated with a more selective
and spatially balanced distribution of retained connections in

NC networks. In AD, VR stimulation was associated with
reduced apparent resting-state lateralization and a more bilateral
distribution of retained connections. These connectivity
reorganization patterns across groups and states are illustrated
in Figure 8.

Figure 8. Brain network connectivity differences across groups and experimental states. The panels correspond to 3 frequency ranges: broadband (1-70
Hz), gamma band (32-70 Hz), and alpha band (8-13 Hz). For descriptive visualization, each network displays the top 5% of the strongest phase-locking
value (PLV) connections. The maps were not treated as independent inferential evidence. (A) Connectivity difference maps obtained by subtracting the
Alzheimer disease (AD) group from the normal cognition (NC) group across the 3 experimental states. (B) Connectivity difference maps obtained by
subtracting the NC group from the AD group across the 3 experimental states. (C) Connectivity differences between the VR stimulation state and the
resting state within the AD group.

To further evaluate VR-related network changes in AD,
differential connectivity maps were generated by subtracting
the pre-VR network from the VR-state network within the AD
group across frequency bands. In the broadband range (1-70
Hz) and in the mid-frequency band (8-13 Hz), VR-related
connectivity increases were mainly localized to the left
hemisphere, with prominent involvement of central and
centroparietal regions. This pattern contrasts with the
right-hemisphere dominance observed at rest and suggests a

state-associated shift toward more bilateral hemispheric
distribution.

In the high-frequency band (32-70 Hz), descriptive maps showed
a different spatial distribution of retained long-range connections
during VR stimulation. Because high-frequency GE findings
did not remain significant after FDR correction, this pattern
should be interpreted as visualization-based spatial context
rather than confirmatory evidence of enhanced high-frequency
communication.
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Taken together, the node connection graphs descriptively
suggested that VR stimulation was associated with a shift in
AD connectivity patterns from a more lateralized resting-state
configuration toward a more bilateral distribution. These
visualization-based observations should be interpreted together
with the quantitative GE and modularity findings rather than as
independent statistical evidence. Overall, the connectivity maps
provide spatial support for the interpretation that VR stimulation
was associated with short-term changes in large-scale functional
network organization.

Discussion

Across the 3 within-session experimental states, this exploratory
single-session, 3-group repeated-measures EEG study identified
FDR-corrected baseline group differences in broadband GE and
modularity, together with FDR-corrected within-group changes
in GE in the NC and MCI groups. Descriptive connectivity
maps also suggested state-associated changes in hemispheric
distribution and high-frequency connectivity; however, the
corresponding high-frequency GE findings did not survive FDR
correction and were therefore treated as exploratory.
Collectively, these results support the feasibility of using
immersive VR as a controlled challenge for examining acute
EEG network responsiveness, while not establishing a
therapeutic effect.

At baseline, the AD group showed elevated GE and modularity
relative to the NC group, indicating altered organization of
network integration and segregation. Prior EEG network studies
and reviews have similarly reported disease-related changes in
synchronization, coherence, efficiency, modular organization,
and hub connectivity in AD and MCI [20,45-47]. During VR
exposure, the apparent separation between groups was reduced
for some measures; however, the absence of a statistically
significant difference should not be interpreted as normalization,
equivalence, or functional recovery.

Although higher GE is commonly interpreted as greater network
integration, elevated GE in AD does not necessarily represent
beneficial or more efficient neural processing. In a disrupted
neurodegenerative network, greater apparent integration may
reflect altered synchronization, compensatory recruitment,
reduced modular constraints, or pathological overintegration
[20,36,45-47]. Accordingly, the elevated baseline GE observed
in AD is interpreted as altered network organization rather than
enhanced functional performance.

Descriptive maps suggested that the spatial distribution of strong
connections became more bilateral during VR exposure than
during the pre-VR resting state. Previous work has linked AD
and MCI to hemispheric imbalance and disrupted
interhemispheric coordination [40,41,45]. Because the present
maps were descriptive and dependent on the selected display
threshold, they provide spatial context for the quantitative
findings rather than confirmatory evidence of hemispheric
rebalancing.

Descriptive high-frequency maps suggested state-associated
redistribution of strong connections; however, high-frequency
GE findings did not remain significant after FDR correction.

Task-based and connectivity-focused EEG literature supports
the possibility that cognitive or sensory challenges may reveal
neurophysiological features not evident during resting-state
recording [46-49]. Nevertheless, the present high-frequency
observations should be considered hypothesis-generating rather
than evidence of a confirmed frequency-specific mechanism.

The NC and MCI groups showed FDR-corrected within-group
GE changes at different phases of the experiment, whereas no
within-group change in AD remained significant after correction.
These findings may indicate group-related differences in acute
network responsiveness, consistent with the heterogeneity
described across NC, MCI, and AD [21,22,45-47,49]. However,
without a direct group-by-state interaction test, the observed
patterns should not be interpreted as a confirmed progression
continuum or as proof that one group responded more strongly
than another.

A contribution of the present study is the application of a
common graph-theoretical framework across 3 clinical groups
and 3 within-session experimental states. Prior EEG studies
have demonstrated the relevance of spectral and connectivity
measures for identifying cognitive decline in MCI and AD
[46-52], whereas VR studies in older adults have primarily
emphasized cognition, usability, training outcomes, or regional
activation [10,11,23-25]. The present work extends this literature
by examining acute, large-scale EEG network organization
during and after immersive VR exposure.

Because concurrent cognitive, behavioral, functional, and
clinical outcomes were not collected, the observed EEG changes
cannot be directly linked to cognitive improvement, symptom
severity, daily functioning, or therapeutic benefit. The practical
significance of the study therefore lies in demonstrating the
feasibility of combining immersive VR with EEG
graph-theoretical analysis as an experimental challenge
paradigm for characterizing short-term neurophysiological
responsiveness. Future controlled and longitudinal studies should
test whether these network measures are associated with
standardized cognitive and everyday-functioning outcomes
[10,11,23-25,49].

Methodological factors may also contribute to the observed
connectivity patterns. PLV-based connectivity can be influenced
by volume conduction, common-reference effects, signal
leakage, filtering, and preprocessing decisions [34].
Graph-theoretical findings may further depend on edge
weighting, node and edge definitions, network density, and
proportional threshold selection [35,53]. The top 5% threshold
was used only for descriptive visualization; because formal
threshold-sensitivity analysis was not performed, the spatial
maps should not be interpreted as threshold-independent
biomarkers. Replication using multiple network densities,
alternative connectivity estimators, and independent datasets is
required.

Several limitations should be considered. First, the modest
sample and convenience recruitment may limit generalizability,
and complete individual-level demographic and standardized
cognitive data were unavailable for all participants. Second, the
study used a single-session repeated-measures design without
a separate non-VR comparison condition; therefore, VR-specific

JMIR Serious Games 2026 | vol. 14 | e95160 | p. 14https://games.jmir.org/2026/1/e95160
(page number not for citation purposes)

Yao et alJMIR SERIOUS GAMES

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


effects cannot be separated from repeated recording, visual
stimulation, novelty, arousal, fatigue, or other time-related
influences. Third, connectivity was estimated using PLV, which
can be affected by volume conduction, reference selection, and
signal leakage [34]. Fourth, the top 5% proportional threshold
was used only for descriptive visualization, and formal
threshold-sensitivity analysis was not performed [53]. Fifth, a
standardized cybersickness questionnaire was not administered,
so mild discomfort or vestibular symptoms could not be
quantified. Finally, no concurrent cognitive, behavioral,
functional, or clinical outcomes or longitudinal follow-up were
available. These limitations support interpreting the findings as
exploratory and hypothesis-generating.

In conclusion, this exploratory single-session, 3-group
repeated-measures EEG study identified short-term,
state-associated changes in PLV-derived EEG functional
network organization across older adults with AD, MCI, and
NC. The findings support the feasibility of combining immersive
VR with EEG graph-theoretical analysis to characterize acute
network responsiveness. However, the descriptive connectivity
maps were not treated as confirmatory evidence, and the lack
of a non-VR comparison condition and concurrent cognitive or
clinical outcomes precludes conclusions regarding causality,
functional benefit, or therapeutic efficacy. Larger controlled
and longitudinal studies are required to determine the
reproducibility, functional significance, and potential clinical
value of these network responses.

Acknowledgments
The authors would like to thank the staff of Chuncheon Sacred Heart Hospital for their assistance with participant recruitment
and clinical coordination. We also sincerely thank all participants and their families for their time and cooperation.

The authors declare the use of generative AI (GenAI) in the research and writing process. According to the GAIDeT (Generative
AI Delegation Taxonomy; 2025), the following task was delegated to GenAI tools under full human supervision: translation using
ChatGPT (OpenAI).

Responsibility for the final manuscript lies entirely with the authors. GenAI tools are not listed as authors and do not bear
responsibility for the final outcomes. No GenAI tools were used to generate scientific data, perform analyses, interpret results,
or draw conclusions.

Funding
This work was supported by the Basic Science Research Program through the National Research Foundation of Korea (NRF),
funded by the Ministry of Education (grant number RS-2018-NR031063), and by the Ministry of Science and ICT (MSIT),
Republic of Korea (grant numbers RS-2023-00302751, RS-2024-00343686, and RS-2024-00440975). Additional support was
provided through the Research Grant of Kwangwoon University (2023). This project was also supported by KBL Co, Ltd. In
addition, some authors received support from the National Natural Science Foundation of China under grant number
CSC202509290022.

Data Availability
Electroencephalography data and derived network metrics, including global efficiency, modularity, and nodal strength, are
available upon reasonable request and with approval from the Institutional Review Board (IRB) of Kwangwoon University, Seoul,
Republic of Korea, under IRB number 7001546-202300614-HR(SB)-005-01.

Authors' Contributions
YHY contributed to conceptualization, methodology, software, formal analysis, data curation, investigation, writing—original
draft, and writing—review and editing. SBX and ESK contributed to conceptualization, methodology, software, formal analysis,
data curation, investigation, and writing—original draft. YXW and EAK contributed to formal analysis, writing—review and
editing, and supervision. DHK, YKS, HSK, and JGL contributed clinical data and writing—review and editing. NYK contributed
to conceptualization (original idea suggestion), funding acquisition, and supervision.

Conflicts of Interest
ESK is employed by KBL Co, Ltd. However, this affiliation did not influence the objectivity of the experimental design, data
collection, analysis, or the interpretation of the results presented in this study. The remaining authors declare that the research
was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of
interest.

Multimedia Appendix 1
Participant flow diagram summarizing recruitment, eligibility screening, group allocation, and final analysis.
[PNG File , 123 KB-Multimedia Appendix 1]

References

JMIR Serious Games 2026 | vol. 14 | e95160 | p. 15https://games.jmir.org/2026/1/e95160
(page number not for citation purposes)

Yao et alJMIR SERIOUS GAMES

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=games_v14i1e95160_app1.png&filename=a0cadd8ae1093b87e6b00cfdbfcb4622.png
https://jmir.org/api/download?alt_name=games_v14i1e95160_app1.png&filename=a0cadd8ae1093b87e6b00cfdbfcb4622.png
http://www.w3.org/Style/XSL
http://www.renderx.com/


1. Cassani R, Estarellas M, San-Martin R, Fraga FJ, Falk TH. Systematic review on resting-state EEG for Alzheimer’s disease
diagnosis and progression assessment. Dis Markers. 2018;2018:5174815. [FREE Full text] [doi: 10.1155/2018/5174815]
[Medline: 30405860]

2. Jeong J. EEG dynamics in patients with Alzheimer's disease. Clin Neurophysiol. 2004;115(7):1490-1505. [doi:
10.1016/j.clinph.2004.01.001] [Medline: 15203050]

3. Rodrigues PM, Bispo BC, Garrett C, Alves D, Teixeira JP, Freitas D. Lacsogram: a new EEG tool to diagnose Alzheimer's
disease. IEEE J Biomed Health Inform. Sep 2021;25(9):3384-3395. [doi: 10.1109/JBHI.2021.3069789] [Medline: 33784628]

4. Marceglia S, Mrakic-Sposta S, Rosa M, Ferrucci R, Mameli F, Vergari M, et al. Transcranial direct current stimulation
modulates cortical neuronal activity in Alzheimer's disease. Front Neurosci. 2016;10:134. [FREE Full text] [doi:
10.3389/fnins.2016.00134] [Medline: 27065792]

5. McDermott B, Porter E, Hughes D, McGinley B, Lang M, O'Halloran M, et al. Gamma band neural stimulation in humans
and the promise of a new modality to prevent and treat Alzheimer's disease. J Alzheimers Dis. 2018;65(2):363-392. [FREE
Full text] [doi: 10.3233/JAD-180391] [Medline: 30040729]

6. Morabito FC, Ieracitano C, Mammone N. An explainable artificial intelligence approach to study MCI to AD conversion
via HD-EEG processing. Clin EEG Neurosci. 2023;54(1):51-60. [doi: 10.1177/15500594211063662] [Medline: 34889152]

7. Gandelman-Marton R, Aichenbaum S, Dobronevsky E, Khaigrekht M, Rabey JM. Quantitative EEG after brain stimulation
and cognitive training in Alzheimer disease. J Clin Neurophysiol. 2017;34(1):49-54. [doi: 10.1097/WNP.0000000000000301]
[Medline: 28045857]

8. Peng T, Song J, Ren Y, Yang J, Zhang Y, Chi A. Study on the effects of exercise intervention combined with virtual reality
technology on emotions and brain networks in secondary school students with depressive symptoms. Front Psychiatry.
2026;16:1728197. [FREE Full text] [doi: 10.3389/fpsyt.2025.1728197] [Medline: 41694126]

9. Chang C, Lane H, Lin C. Brain stimulation in Alzheimer's disease. Front Psychiatry. 2018;9:201. [FREE Full text] [doi:
10.3389/fpsyt.2018.00201] [Medline: 29910746]

10. Scribano Parada MDLP, González Palau F, Valladares Rodríguez S, Rincon M, Rico Barroeta MJ, García Rodriguez M,
et al. Preclinical cognitive markers of Alzheimer disease and early diagnosis using virtual reality and artificial intelligence:
literature review. JMIR Med Inform. 2025;13:e62914. [FREE Full text] [doi: 10.2196/62914] [Medline: 39881486]

11. Yang Q, Zhang L, Chang F, Yang H, Chen B, Liu Z. Virtual reality interventions for older adults with mild cognitive
impairment: systematic review and meta-analysis of randomized controlled trials. J Med Internet Res. 2025;27:e59195.
[FREE Full text] [doi: 10.2196/59195] [Medline: 39793970]

12. Tsolaki A, Kazis D, Kompatsiaris I, Kosmidou V, Tsolaki M. Electroencephalogram and Alzheimer's disease: clinical and
research approaches. Int J Alzheimers Dis. 2014;2014:349249. [FREE Full text] [doi: 10.1155/2014/349249] [Medline:
24868482]

13. Smailovic U, Jelic V. Neurophysiological markers of alzheimer's disease: quantitative EEG approach. Neurol Ther.
2019;8(Suppl 2):37-55. [FREE Full text] [doi: 10.1007/s40120-019-00169-0] [Medline: 31833023]

14. Moretti DV, Babiloni C, Binetti G, Cassetta E, Dal Forno G, Ferreric F, et al. Individual analysis of EEG frequency and
band power in mild Alzheimer's disease. Clin Neurophysiol. 2004;115(2):299-308. [doi: 10.1016/s1388-2457(03)00345-6]
[Medline: 14744569]

15. Vecchio F, Babiloni C, Lizio R, Fallani FV, Blinowska K, Verrienti G, et al. Resting state cortical EEG rhythms in
Alzheimer's disease: toward EEG markers for clinical applications: a review. Suppl Clin Neurophysiol. 2013;62:223-236.
[doi: 10.1016/b978-0-7020-5307-8.00015-6] [Medline: 24053043]

16. Niso G, Romero E, Moreau JT, Araujo A, Krol LR. Wireless EEG: a survey of systems and studies. Neuroimage.
2023;269:119774. [FREE Full text] [doi: 10.1016/j.neuroimage.2022.119774] [Medline: 36566924]

17. Kwak YT. Quantitative EEG findings in different stages of Alzheimer's disease. J Clin Neurophysiol. 2006;23(5):456-461.
[doi: 10.1097/01.wnp.0000223453.47663.63] [Medline: 17016157]

18. Li G, Huang S, Xu W, Jiao W, Jiang Y, Gao Z, et al. The impact of mental fatigue on brain activity: a comparative study
both in resting state and task state using EEG. BMC Neurosci. 2020;21(1):20. [FREE Full text] [doi:
10.1186/s12868-020-00569-1] [Medline: 32398004]

19. Bennys K, Rondouin G, Vergnes C, Touchon J. Diagnostic value of quantitative EEG in Alzheimer's disease. Neurophysiol
Clin. 2001;31(3):153-160. [doi: 10.1016/s0987-7053(01)00254-4] [Medline: 11488226]

20. Wu S, Zhan P, Wang G, Yu X, Liu H, Wang W. Changes of brain functional network in Alzheimer's disease and
frontotemporal dementia: a graph-theoretic analysis. BMC Neurosci. 2024;25(1):30. [FREE Full text] [doi:
10.1186/s12868-024-00877-w] [Medline: 38965489]

21. Petersen RC. Mild cognitive impairment as a diagnostic entity. J Intern Med. 2004;256(3):183-194. [FREE Full text] [doi:
10.1111/j.1365-2796.2004.01388.x] [Medline: 15324362]

22. Jessen F, Wolfsgruber S, Wiese B, Bickel H, Mösch E, Kaduszkiewicz H, et al. AD dementia risk in late MCI, in early
MCI, and in subjective memory impairment. Alzheimers Dement. 2014;10(1):76-83. [doi: 10.1016/j.jalz.2012.09.017]
[Medline: 23375567]

JMIR Serious Games 2026 | vol. 14 | e95160 | p. 16https://games.jmir.org/2026/1/e95160
(page number not for citation purposes)

Yao et alJMIR SERIOUS GAMES

XSL•FO
RenderX

https://europepmc.org/abstract/MED/30405860
http://dx.doi.org/10.1155/2018/5174815
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30405860&dopt=Abstract
http://dx.doi.org/10.1016/j.clinph.2004.01.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15203050&dopt=Abstract
http://dx.doi.org/10.1109/JBHI.2021.3069789
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33784628&dopt=Abstract
https://air.unimi.it/handle/2434/502844
http://dx.doi.org/10.3389/fnins.2016.00134
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27065792&dopt=Abstract
https://journals.sagepub.com/doi/10.3233/JAD-180391?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
https://journals.sagepub.com/doi/10.3233/JAD-180391?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.3233/JAD-180391
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30040729&dopt=Abstract
http://dx.doi.org/10.1177/15500594211063662
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34889152&dopt=Abstract
http://dx.doi.org/10.1097/WNP.0000000000000301
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28045857&dopt=Abstract
https://doi.org/10.3389/fpsyt.2025.1728197
http://dx.doi.org/10.3389/fpsyt.2025.1728197
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=41694126&dopt=Abstract
https://europepmc.org/abstract/MED/29910746
http://dx.doi.org/10.3389/fpsyt.2018.00201
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29910746&dopt=Abstract
https://medinform.jmir.org/2025//e62914/
http://dx.doi.org/10.2196/62914
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39881486&dopt=Abstract
https://www.jmir.org/2025//e59195/
http://dx.doi.org/10.2196/59195
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39793970&dopt=Abstract
https://europepmc.org/abstract/MED/24868482
http://dx.doi.org/10.1155/2014/349249
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24868482&dopt=Abstract
https://europepmc.org/abstract/MED/31833023
http://dx.doi.org/10.1007/s40120-019-00169-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31833023&dopt=Abstract
http://dx.doi.org/10.1016/s1388-2457(03)00345-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=14744569&dopt=Abstract
http://dx.doi.org/10.1016/b978-0-7020-5307-8.00015-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24053043&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1053-8119(22)00895-3
http://dx.doi.org/10.1016/j.neuroimage.2022.119774
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36566924&dopt=Abstract
http://dx.doi.org/10.1097/01.wnp.0000223453.47663.63
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17016157&dopt=Abstract
https://bmcneurosci.biomedcentral.com/articles/10.1186/s12868-020-00569-1
http://dx.doi.org/10.1186/s12868-020-00569-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32398004&dopt=Abstract
http://dx.doi.org/10.1016/s0987-7053(01)00254-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11488226&dopt=Abstract
https://bmcneurosci.biomedcentral.com/articles/10.1186/s12868-024-00877-w
http://dx.doi.org/10.1186/s12868-024-00877-w
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38965489&dopt=Abstract
https://onlinelibrary.wiley.com/resolve/openurl?genre=article&sid=nlm:pubmed&issn=0954-6820&date=2004&volume=256&issue=3&spage=183
http://dx.doi.org/10.1111/j.1365-2796.2004.01388.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15324362&dopt=Abstract
http://dx.doi.org/10.1016/j.jalz.2012.09.017
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23375567&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


23. Clay F, Howett D, FitzGerald J, Fletcher P, Chan D, Price A. Use of immersive virtual reality in the assessment and treatment
of Alzheimer's disease: a systematic review. J Alzheimers Dis. 2020;75(1):23-43. [FREE Full text] [doi: 10.3233/JAD-191218]
[Medline: 32280091]

24. Zhao Y, Yu J, Liu J, Chen Z, Xiang W, Zhu S, et al. Cognitive rehabilitation via head-mounted virtual reality technology
in patients with Alzheimer's disease: a systematic review. Digit Med. 2022;8:5. [doi: 10.4103/digm.digm_42_21]

25. Tortora C, Di Crosta A, La Malva P, Prete G, Ceccato I, Mammarella N, et al. Virtual reality and cognitive rehabilitation
for older adults with mild cognitive impairment: a systematic review. Ageing Res Rev. 2024;93:102146. [FREE Full text]
[doi: 10.1016/j.arr.2023.102146] [Medline: 38036103]

26. Sohrabpour A, Sarovic D, Zetterberg H, Hämäläinen MS, Baillet S, Khan S. Tracking electrophysiological signatures of
Alzheimer's disease: a systematic review of multimodal studies. Alzheimers Dement. 2025;21(11):e70835. [doi:
10.1002/alz.70835] [Medline: 41216912]

27. Bi J, Wang F, Hu F, Han S, Wang Y, Fu Z, et al. The EEG analysis and identification of Alzheimer's disease: a review.
Front Aging Neurosci. 2025;17:1686628. [FREE Full text] [doi: 10.3389/fnagi.2025.1686628] [Medline: 41446370]

28. Yang S, Hwang HS, Zhu BH, Chen J, Enkhzaya G, Wang ZJ, et al. Evaluating the alterations induced by virtual reality in
cerebral small-world networks using graph theory analysis with electroencephalography. Brain Sci. 2022;12(12):1630.
[FREE Full text] [doi: 10.3390/brainsci12121630] [Medline: 36552090]

29. Thapa N, Park HJ, Yang J, Son H, Jang M, Lee J, et al. The effect of a virtual reality-based intervention program on cognition
in older adults with mild cognitive impairment: a randomized control trial. J Clin Med. 2020;9(5):1283. [FREE Full text]
[doi: 10.3390/jcm9051283] [Medline: 32365533]

30. Williams C, Anik FI, Hasan MM, Rodriguez-Cardenas J, Chowdhury A, Tian S, et al. Advancing brain-computer interface
closed-loop systems for neurorehabilitation: systematic review of AI and machine learning innovations in biomedical
engineering. JMIR Biomed Eng. 2025;10:e72218. [FREE Full text] [doi: 10.2196/72218] [Medline: 41191851]

31. Trambaiolli LR, Biazoli CE. Resting-state global EEG connectivity predicts depression and anxiety severity. Annu Int Conf
IEEE Eng Med Biol Soc. 2020;2020:3707-3710. [doi: 10.1109/EMBC44109.2020.9176161] [Medline: 33018806]

32. Sharma R, Meena HK. Emerging trends in EEG signal processing: a systematic review. SN Comput Sci. 2024;5(4):415.
[doi: 10.1007/s42979-024-02773-w]

33. Chen J, Liu C, Peng CK, Fuh JL, Hou F, Yang AC. Topological reorganization of EEG functional network is associated
with the severity and cognitive impairment in Alzheimer's disease. Phys A Stat Mech Appl. 2019;513:588-597. [doi:
10.1016/j.physa.2018.09.043]

34. Jian W, Chen M, McFarland DJ. EEG based zero-phase phase-locking value (PLV) and effects of spatial filtering during
actual movement. Brain Res Bull. 2017;130:156-164. [doi: 10.1016/j.brainresbull.2017.01.023] [Medline: 28161192]

35. Liang J-G, Kim N-Y, Ko A, Kim HD, Lee D. Changes in functional brain network topology after successful and unsuccessful
corpus callosotomy for Lennox-Gastaut syndrome. Sci Rep. Feb 21, 2018;8(1):3414. [doi: 10.1038/s41598-018-21764-5]
[Medline: 29467376]

36. de Pasquale F, Della Penna S, Sporns O, Romani GL, Corbetta M. A dynamic core network and global efficiency in the
resting human brain. Cereb Cortex. 2016;26(10):4015-4033. [FREE Full text] [doi: 10.1093/cercor/bhv185] [Medline:
26347485]

37. Del Felice A, Storti SF, Manganotti P. Sleep affects cortical source modularity in temporal lobe epilepsy: a high-density
EEG study. Clin Neurophysiol. 2015;126(9):1677-1683. [FREE Full text] [doi: 10.1016/j.clinph.2014.12.003] [Medline:
25666728]

38. Courtens S, Colombet B, Trébuchon A, Brovelli A, Bartolomei F, Bénar CG. Graph measures of node strength for
characterizing preictal synchrony in partial epilepsy. Brain Connect. 2016;6(7):530-539. [FREE Full text] [doi:
10.1089/brain.2015.0397] [Medline: 27140287]

39. Liang J-G, Lee D, Youn SE, Kim HD, Kim N-Y. Electroencephalography network effects of corpus callosotomy in patients
with Lennox-Gastaut syndrome. Front Neurol. 2017;8:456. [FREE Full text] [doi: 10.3389/fneur.2017.00456] [Medline:
28928710]

40. Lubben N, Ensink E, Coetzee GA, Labrie V. The enigma and implications of brain hemispheric asymmetry in
neurodegenerative diseases. Brain Commun. 2021;3(3):fcab211. [FREE Full text] [doi: 10.1093/braincomms/fcab211]
[Medline: 34557668]

41. Sun YY, Wu JJ, Zheng MX. Hemispheric imbalance in mild cognitive impairment: a graph-theoretical analysis of multimodal
brain networks. Ann Med. 2026;58(1):2606548. [doi: 10.1080/07853890.2026.2606548]

42. Benjamini Y, Hochberg Y. Controlling the false discovery rate: a practical and powerful approach to multiple testing. J R
Stat Soc Series B Stat Methodol. 1995;57(1):289-300. [doi: 10.1111/j.2517-6161.1995.tb02031.x]

43. Joyce KE, Laurienti PJ, Burdette JH, Hayasaka S. A new measure of centrality for brain networks. PLoS One.
2010;5(8):e12200. [FREE Full text] [doi: 10.1371/journal.pone.0012200] [Medline: 20808943]

44. Vicchietti ML, Ramos FM, Betting LE, Campanharo ASLO. Computational methods of EEG signals analysis for Alzheimer's
disease classification. Sci Rep. 2023;13(1):8184. [FREE Full text] [doi: 10.1038/s41598-023-32664-8] [Medline: 37210397]

45. Fischer MHF, Zibrandtsen IC, Høgh P, Musaeus CS. Systematic review of EEG coherence in Alzheimer's disease. J
Alzheimers Dis. 2023;91(4):1261-1272. [doi: 10.3233/JAD-220508] [Medline: 36641665]

JMIR Serious Games 2026 | vol. 14 | e95160 | p. 17https://games.jmir.org/2026/1/e95160
(page number not for citation purposes)

Yao et alJMIR SERIOUS GAMES

XSL•FO
RenderX

https://journals.sagepub.com/doi/10.3233/JAD-191218?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.3233/JAD-191218
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32280091&dopt=Abstract
http://dx.doi.org/10.4103/digm.digm_42_21
https://linkinghub.elsevier.com/retrieve/pii/S1568-1637(23)00305-7
http://dx.doi.org/10.1016/j.arr.2023.102146
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38036103&dopt=Abstract
http://dx.doi.org/10.1002/alz.70835
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=41216912&dopt=Abstract
https://doi.org/10.3389/fnagi.2025.1686628
http://dx.doi.org/10.3389/fnagi.2025.1686628
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=41446370&dopt=Abstract
https://www.mdpi.com/resolver?pii=brainsci12121630
http://dx.doi.org/10.3390/brainsci12121630
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36552090&dopt=Abstract
https://www.mdpi.com/resolver?pii=jcm9051283
http://dx.doi.org/10.3390/jcm9051283
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32365533&dopt=Abstract
https://biomedeng.jmir.org/2025//e72218/
http://dx.doi.org/10.2196/72218
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=41191851&dopt=Abstract
http://dx.doi.org/10.1109/EMBC44109.2020.9176161
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33018806&dopt=Abstract
http://dx.doi.org/10.1007/s42979-024-02773-w
http://dx.doi.org/10.1016/j.physa.2018.09.043
http://dx.doi.org/10.1016/j.brainresbull.2017.01.023
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28161192&dopt=Abstract
http://dx.doi.org/10.1038/s41598-018-21764-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29467376&dopt=Abstract
https://europepmc.org/abstract/MED/26347485
http://dx.doi.org/10.1093/cercor/bhv185
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26347485&dopt=Abstract
https://hdl.handle.net/11368/2979294
http://dx.doi.org/10.1016/j.clinph.2014.12.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25666728&dopt=Abstract
https://hal.archives-ouvertes.fr/hal-01322604
http://dx.doi.org/10.1089/brain.2015.0397
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27140287&dopt=Abstract
https://europepmc.org/abstract/MED/28928710
http://dx.doi.org/10.3389/fneur.2017.00456
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28928710&dopt=Abstract
https://europepmc.org/abstract/MED/34557668
http://dx.doi.org/10.1093/braincomms/fcab211
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34557668&dopt=Abstract
http://dx.doi.org/10.1080/07853890.2026.2606548
http://dx.doi.org/10.1111/j.2517-6161.1995.tb02031.x
https://dx.plos.org/10.1371/journal.pone.0012200
http://dx.doi.org/10.1371/journal.pone.0012200
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20808943&dopt=Abstract
https://doi.org/10.1038/s41598-023-32664-8
http://dx.doi.org/10.1038/s41598-023-32664-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37210397&dopt=Abstract
http://dx.doi.org/10.3233/JAD-220508
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36641665&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


46. Jiao B, Li R, Zhou H, Qing K, Liu H, Pan H, et al. Neural biomarker diagnosis and prediction to mild cognitive impairment
and Alzheimer's disease using EEG technology. Alzheimers Res Ther. 2023;15(1):32. [FREE Full text] [doi:
10.1186/s13195-023-01181-1] [Medline: 36765411]

47. Chetty CA, Bhardwaj H, Kumar GP, Devanand T, Sekhar CSA, Aktürk T, et al. EEG biomarkers in Alzheimer's and
prodromal Alzheimer's: a comprehensive analysis of spectral and connectivity features. Alzheimers Res Ther. 2024;16(1):236.
[FREE Full text] [doi: 10.1186/s13195-024-01582-w] [Medline: 39449097]

48. Paitel ER, Otteman CBD, Polking MC, Licht HJ, Nielson KA. Functional and effective EEG connectivity patterns in
Alzheimer's disease and mild cognitive impairment: a systematic review. Front Aging Neurosci. 2025;17:1496235. [FREE
Full text] [doi: 10.3389/fnagi.2025.1496235] [Medline: 40013094]

49. Tripanpitak K, Wolf A, Kapitonova M, Umeda S, Ball T, Otake-Matsuura M. Biomarkers for Alzheimer's disease and mild
cognitive impairment: recent advances in task-based EEG. J Alzheimers Dis. 2026;110(1):58-73. [FREE Full text] [doi:
10.1177/13872877251413700] [Medline: 41636372]

50. Meghdadi AH, Stevanović Karić M, McConnell M, Rupp G, Richard C, Hamilton J, et al. Resting state EEG biomarkers
of cognitive decline associated with Alzheimer's disease and mild cognitive impairment. PLoS One. 2021;16(2):e0244180.
[FREE Full text] [doi: 10.1371/journal.pone.0244180] [Medline: 33544703]

51. Modir A, Shamekhi S, Ghaderyan P. A systematic review and methodological analysis of EEG-based biomarkers of
Alzheimer's disease. Measurement (Lond). 2023;220:113274. [doi: 10.1016/j.measurement.2023.113274]

52. Yuan Y, Zhao Y. The role of quantitative EEG biomarkers in Alzheimer's disease and mild cognitive impairment: applications
and insights. Front Aging Neurosci. 2025;17:1522552. [FREE Full text] [doi: 10.3389/fnagi.2025.1522552] [Medline:
40336944]

53. Adamovich T, Zakharov I, Tabueva A, Malykh S. The thresholding problem and variability in the EEG graph network
parameters. Sci Rep. 2022;12(1):18659. [FREE Full text] [doi: 10.1038/s41598-022-22079-2] [Medline: 36333413]

Abbreviations
AD: Alzheimer disease
EEG: electroencephalography
FDR: false discovery rate
GE: global efficiency
ICA: independent component analysis
IRB: Institutional Review Board
MCI: mild cognitive impairment
MMSE: Mini-Mental State Examination
NC: normal cognition
PCA: principal component analysis
PLV: phase-locking value
VR: virtual reality

Edited by S Brini; submitted 31.Mar.2026; peer-reviewed by L Nucci, M Chakit; comments to author 18.May.2026; revised version
received 11.Aug.2026; accepted 11.Aug.2026; published 04.Sep.2026

Please cite as:
Yao YH, XU SHIBO, Kim E-S, Kim E-A, Wang Y-X, Kim HS, Kim DH, Liang J-G, Shin Y-K, Kim N-Y
Electroencephalography Functional Network Responses to Immersive Virtual Reality in Alzheimer Disease and Mild Cognitive
Impairment: Exploratory Single-Session 3-Group Repeated-Measures Study
JMIR Serious Games 2026;14:e95160
URL: https://games.jmir.org/2026/1/e95160
doi: 10.2196/95160
PMID:

©Yi Hao Yao, SHIBO XU, Eun-Seong Kim, Eun-Ah Kim, Yan-Xiong Wang, Hyun Soo Kim, Do Hoon Kim, Jun-Ge Liang,
Young-Kee Shin, Nam-Young Kim. Originally published in JMIR Serious Games (https://games.jmir.org), 04.Sep.2026. This is
an open-access article distributed under the terms of the Creative Commons Attribution License
(https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work, first published in JMIR Serious Games, is properly cited. The complete bibliographic information, a
link to the original publication on https://games.jmir.org, as well as this copyright and license information must be included.

JMIR Serious Games 2026 | vol. 14 | e95160 | p. 18https://games.jmir.org/2026/1/e95160
(page number not for citation purposes)

Yao et alJMIR SERIOUS GAMES

XSL•FO
RenderX

https://alzres.biomedcentral.com/articles/10.1186/s13195-023-01181-1
http://dx.doi.org/10.1186/s13195-023-01181-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36765411&dopt=Abstract
https://alzres.biomedcentral.com/articles/10.1186/s13195-024-01582-w
http://dx.doi.org/10.1186/s13195-024-01582-w
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39449097&dopt=Abstract
https://doi.org/10.3389/fnagi.2025.1496235
https://doi.org/10.3389/fnagi.2025.1496235
http://dx.doi.org/10.3389/fnagi.2025.1496235
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40013094&dopt=Abstract
https://journals.sagepub.com/doi/10.1177/13872877251413700?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/13872877251413700
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=41636372&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0244180
http://dx.doi.org/10.1371/journal.pone.0244180
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33544703&dopt=Abstract
http://dx.doi.org/10.1016/j.measurement.2023.113274
https://doi.org/10.3389/fnagi.2025.1522552
http://dx.doi.org/10.3389/fnagi.2025.1522552
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40336944&dopt=Abstract
https://doi.org/10.1038/s41598-022-22079-2
http://dx.doi.org/10.1038/s41598-022-22079-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36333413&dopt=Abstract
https://games.jmir.org/2026/1/e95160
http://dx.doi.org/10.2196/95160
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

