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Abstract 
Recent advances in virtual reality (VR) technology and AI-driven speech de-
tection have opened new avenues for cognitive screening. This study inte-
grates the Mini-Mental State Examination (MMSE) within a VR environment, 
coupled with AI-based speech detection, to enhance diagnostic accuracy and 
patient engagement in detecting early signs of Alzheimer’s disease. Eighteen 
participants diagnosed with early symptoms of Alzheimer’s disease were as-
sessed using both traditional and VR-based MMSE methods. The VR system 
included immersive environments, motion tracking, and electrophysiological 
sensors to provide a comprehensive and interactive assessment. AI-based 
speech metrics, including speech latency, frequency of speech errors, and re-
sponse completeness, were automatically extracted and compared with tradi-
tional MMSE scoring. Statistical analysis using intraclass correlation coeffi-
cients (ICCs) demonstrated excellent agreement between traditional and VR-
based MMSE scores. The results indicate that the VR-based approach, com-
bined with AI-driven speech detection, offers reliable and accurate cognitive 
assessments, supporting its potential for early detection of Alzheimer’s dis-
ease. This innovative approach promises to transform cognitive screening by 
providing a more engaging and standardized testing environment. 
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Alzheimer’s Disease, Mini-Mental State Examination (MMSE) 

 

1. Introduction 

VR technology provides an immersive and interactive platform that can simulate 
real-world environments, making cognitive assessments more engaging for pa-
tients [1]-[3]. By creating a controlled and consistent testing environment, VR can 
reduce external distractions and provide a standardized setting for administering 
the MMSE. This approach not only improves the reliability of the test results but 
also makes the experience more enjoyable for patients, potentially increasing their 
willingness to participate in regular cognitive screenings. 

AI-driven speech detection further enhances this integration by providing real-
time transcription and analysis of patient responses. Recent studies have demon-
strated the effectiveness of AI [4]-[7] models in predicting the progression of cog-
nitive impairment to Alzheimer’s disease with high accuracy. By analyzing speech 
patterns, language structure, and other linguistic features, AI can offer valuable 
insights into a patient’s cognitive state. This automated analysis can complement 
traditional cognitive tests, providing a more comprehensive assessment of cogni-
tive function. 

Combining VR and AI technologies in cognitive screening represents a signifi-
cant advancement in the early detection of Alzheimer’s disease [5] [8]. This inno-
vative approach aims to improve diagnostic accuracy, enhance patient engagement, 
and provide a more holistic understanding of cognitive health. As research in this 
field continues to evolve, the integration of these technologies holds promise for 
transforming cognitive assessments and improving outcomes for individuals at risk 
of Alzheimer’s disease. 

Exposure therapy is a well-established psychological treatment used to manage 
anxiety disorders [9]-[11], phobias [12], and posttraumatic stress disorder (PTSD) 
[13] [14]. As well as Covid-19 [15]. Traditionally, it involves exposing patients to 
anxiety-provoking stimuli in real-world settings or through guided imagination, 
helping them gradually face and diminish their fears. However, recent technolog-
ical advancements have introduced innovative approaches that enhance the effec-
tiveness and engagement of exposure therapy. One such technology is VR, which 
creates immersive, three-dimensional environments that simulate real-life scenar-
ios. This allows patients to confront their fears in a controlled and safe setting, of-
fering significant advantages over traditional methods by providing a highly cus-
tomizable and repeatable therapeutic experience. 

Additionally, integrating motion tracking technology enables precise monitor-
ing of a patient’s physical responses during therapy sessions [16]. This real-time 
feedback allows therapists to adjust treatments to better suit the patient’s needs 
and track their progress more accurately. Electrophysiological sensors, such as elec-
troencephalography (EEG) and Heart Rate Variability (HRV) monitors [17] [18], 
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further enhance this approach by measuring neural and cardiovascular activity. 
These sensors provide objective data on the patient’s arousal and emotional state, 
enabling a comprehensive assessment and facilitating more effective, personalized 
interventions [19]. The combination of VR, motion tracking [20] [21], and elec-
trophysiological sensors offers a multidisciplinary approach that promises to im-
prove exposure therapy outcomes and expand its applicability to various mental 
health disorders. 

Prior research has explored the use of virtual reality (VR) and artificial intelli-
gence (AI) individually in cognitive assessment and Alzheimer’s detection. For ex-
ample, VR has been employed to simulate realistic environments for evaluating 
memory, spatial navigation, and executive function, providing an immersive alter-
native to traditional cognitive tests. Similarly, AI—particularly natural language 
processing (NLP) and acoustic analysis—has shown promise in analyzing speech 
for early signs of cognitive decline, often using datasets of spoken responses from 
standard cognitive tests. However, most of these studies treat VR and AI as sepa-
rate tools, and few have attempted to integrate them into a unified framework. More-
over, existing studies often rely on scripted tasks or retrospective datasets, limiting 
ecological validity and real-time interactivity. In contrast, our study uniquely com-
bines a VR-administered MMSE with real-time AI-driven speech detection within 
an interactive, immersive clinical scenario. This integration allows not only for dy-
namic, context-sensitive cognitive testing but also for the automated extraction of 
nuanced speech metrics—such as latency, error frequency, and completeness—
that are evaluated alongside traditional MMSE scores. By bridging these technol-
ogies, our work addresses limitations in engagement, scalability, and standardiza-
tion found in previous approaches, offering a more holistic and modernized cog-
nitive screening solution. 

We hypothesize that integrating the Mini-Mental State Examination (MMSE) 
within a virtual reality (VR) environment, coupled with AI-driven speech detection, 
will enhance the diagnostic accuracy and patient engagement in cognitive screen-
ing for early signs of Alzheimer’s disease. Specifically, we expect that the VR-based 
MMSE will show high agreement with traditional MMSE scoring methods, as 
measured by intraclass correlation coefficients (ICCs). Additionally, we anticipate 
that the AI-based speech metrics, including speech latency, frequency of speech 
errors, and response completeness, will provide valuable insights into cognitive 
function, further supporting the reliability and validity of this innovative approach. 
This hypothesis is grounded in the potential of VR to create immersive and con-
trolled testing environments and the capability of AI to analyze speech patterns 
with high precision. 

One of the key contributions of this study is the development of a fully inte-
grated VR-based platform for administering the Mini-Mental State Examination 
(MMSE), which aims to enhance both the ecological validity and user engagement 
of cognitive assessments. Traditional paper-based MMSE tests, while widely used, 
may lack contextual immersion and interactive features that support real-world 
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applicability. By embedding the MMSE within a virtual environment, our system 
offers a more naturalistic and immersive experience, potentially reducing test anx-
iety and improving participant compliance. This innovation not only modernizes 
cognitive screening practices but also facilitates remote and repeatable testing, 
which is particularly valuable in monitoring early signs of Alzheimer’s disease in 
aging populations. 

2. Materials and Methods 
2.1. Hardware Configuration 

The system was powered by a high-performance desktop setup, which included 
an NVIDIA GeForce GTX 1070 graphics card, an AMD Ryzen 7 2700X processor, 
and 16 GB of G.Skill TridentZ DDR4 RAM. The setup featured HDMI 1.3 video 
output along with multiple USB ports (three USB 3.0 and one USB 2.0) to support 
external peripherals. To facilitate an immersive VR experience, we utilized an Oc-
ulus Rift headset, complemented by a Plantronics Blackwire audio system for high-
quality sound input and output [22]. 

2.2. Software Framework 

The VR environment was built using a combination of industry-standard software 
tools. The system ran on Windows 11, configured with the necessary Oculus Rift 
drivers. Unity 3D served as the core development platform, integrating various 
hardware components such as sensors, controllers, and tracking systems. To de-
sign 3D models, animations, and textures, we employed Blender 3D for asset cre-
ation and Adobe Photoshop for image enhancements. The OVR Plugin enabled 
seamless integration of the Oculus Rift headset with Unity. For the speech-pro-
cessing component, we incorporated the Speechmatics API, enabling real-time 
verbal interactions between the system and the user. Additionally, ChatGPT was 
utilized to analyze and process dialogue-based responses. Data extraction and 
analysis were conducted using Python within the JupyterLab environment, while 
a PowerShell script was implemented to synchronize and manage automation pro-
cesses efficiently. 

2.3. System Workflow and Automation Loop 

The proposed system involves several interconnected components to provide real-
time interaction. A general visualization of the workflow is depicted in Figure 1. 
The entire system operates in a loop, executing every 15 seconds. During each 
cycle, the files dialogn.txt and answer.txt are overwritten with new data, ensuring 
that the system remains up-to-date with the latest dialogue. A timer is implemented 
to trigger the loop every 15 seconds using a PowerShell script. 

2.4. Speech Recognition and Natural Language Processing 

Using Flow by Speechmatics, a speech recognition API, real-time audio dialogue 
is captured and transcribed using automatic speech recognition (ASR). The  
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Figure 1. Illustrating the system architecture of the proposed VR-MMSE diagnostic platform. It includes the VR-based 
interaction layer, speech recognition and natural language processing modules, real-time scoring engine, and data 
storage for clinician access. The figure has been updated to reflect all key components and data flows. 

 
transcribed data is saved to dialogn.txt. A Python script reads the latest content, 
parses user intent, and submits it to the ChatGPT API. The API’s structured re-
sponse is written to answer.txt, formatted and timestamped for downstream pro-
cessing. 

2.5. Virtual Reality Interaction Pipeline 

Within Unity, a C++ script continuously reads the contents of answer.txt and parses 
the AI response to determine the required interaction. This may include display-
ing text, triggering animations, or validating object presence. Conditional logic en-
sures that the virtual world updates in real time, accurately reflecting user inputs 
and AI interpretations. 

2.6. Simulation Design 

Initial Simulation: This phase begins by asking the participant for their name to 
establish familiarity. It then assesses basic orientation (person, place, time) and recog-
nition of five virtual objects. Following this, users complete simple mathematical 
calculations to assess problem-solving skills and short-term memory. 

Object Verification Simulation: Participants are presented with questions about 
virtual objects within the environment and are asked to verbally identify them. 
The system matches their responses with the presence and identity of displayed 
3D models (Figure 2). 

Mathematical Calculation Simulation: Participants perform a verbal serial sub-
traction task (e.g., subtracting 5 from 100 repeatedly). Their responses are cap-
tured and logged (Figure 3). This simulation is used to evaluate attention, work-
ing memory, and numerical fluency. An overview of the processing function of 
this system is visually represented in Figure 4. 

Participants: From a pool of 18 applicants, participants were selected and  
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Figure 2. Simulation 1; the users are required to answer verbally about the object that they see. 

 

 
Figure 3. Simulation 2; the users are required to answer verbally about the result that occurs every time they subtract 5 from the 
result of the immediately previous subtraction, starting from the initial calculation 100 minus 5. 
 

 
Figure 4. The flow of the system. The Windows kernel and PowerShell scripts execute the Python screens. The first one is a Python 
script that operates the Speechmatics SDK, and the second one is the ChatGPT SDK. Data are stored in the txt files dialog and answer, 
respectively, and those data are updated every 15 seconds. 
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diagnosed with early symptoms of Alzheimer’s disease based on the criteria of the 
Diagnostic and Statistical Manual of Mental Disorders (DSM-5). Personal inter-
views were conducted by an experienced psychiatrist who was trained in the ap-
plication of the Structured Clinical Interview for DSM Disorders (SCID) by the 
author who validated the SCID in Greek populations [23]. All 18 participants pro-
vided written informed consent prior to their involvement in the study. Inclusion 
Criteria: Individuals aged 65-85 with suspected mild cognitive impairment, fluent 
in the test language, with normal or corrected-to-normal vision suitable for VR 
headsets. Exclusion Criteria: Severe visual, hearing, or motor impairments that pre-
vent VR usage; history of motion sickness or other conditions exacerbated by VR; 
acute psychiatric conditions. 

Procedure: The experiment was conducted at the National and Kapodistrian 
University of Athens. The study was approved by the Ethics Committee of the 
Clinic with protocol number 35/2025, Agioi Anargyroi General Oncological Hos-
pital of Kifisia, Psychiatric Clinic. Each of the 18 participants participated in a 
one-session simulation. The total duration of each session was 15 minutes, divided 
as follows: 5 minutes for a screening test and placement of the equipment, 2 minutes 
for the initial simulation, 4 minutes for the VR simulation, and 4 minutes for re-
covery from the VR simulation and a quick screening test to check for any com-
plications during the VR simulation. In more detail, each participant was given 
specific instructions about the procedure of the simulation, the duration, and the 
differences between simulations, as well as instructions. The participants were in-
formed about the study goals and were asked to sit comfortably on a chair to avoid 
hand movements, preventing potential movement artifacts during the simulation. 
Then, the appropriate equipment was placed on each participant [24]. At all times, 
a clinician had control of the simulation to intervene if something unexpected 
happened. 
• Briefing (5 minutes): Participants are given a brief explanation of VR equip-

ment and the study purpose. They are fitted with the VR headset and oriented 
to the virtual environment. 

• Virtual Environment Familiarization (2 minutes): The participant navigates 
or looks around the virtual clinic to reduce novelty and anxiety. 

• MMSE Administration (10-15 minutes): 
o Orientation Questions: Displayed as floating text prompts; participant 

answers verbally. AI records speech for analysis. 
o Registration: The VR environment cues participants to repeat named ob-

jects displayed as 3D models (e.g., an apple, pen, table). 
o Attention: A visual prompt instructs participants to subtract 7 from 100 

repeatedly or spell “WORLD” backward. 
o Recall: 3D icons of the objects appear if needed; participant must recall 

their names verbally. Naming virtual objects (e.g., a pencil, a watch) shown 
in 3D. 

• Post-Test Debrief (5 minutes): Assess for any discomfort or side effects from 
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VR. Gather qualitative feedback on the experience. 
Assessment of Confounding Variables: Potential confounding factors, includ-

ing participants’ prior experience with virtual reality (VR), VR-induced anxiety, 
and motion sickness, were carefully assessed and monitored. Participants completed 
a pre-study questionnaire documenting any previous exposure to VR technolo-
gies. Immediately following the VR assessment, anxiety levels were evaluated through 
brief self-report scales, and structured post-session interviews were conducted to 
identify and record any motion sickness or discomfort. Recognizing that anxiety, 
motion sickness, or unfamiliarity with VR could potentially influence cognitive 
performance by increasing cognitive load or reducing engagement, these factors 
were explicitly considered in our analysis and interpretation of the cognitive screen-
ing results. 

Ethical Considerations: Participant confidentiality and data security were strictly 
maintained throughout the study. All participants provided written informed con-
sent prior to participation. Speech recordings and related participant data were 
encrypted and securely stored within protected digital databases, accessible solely 
to authorized research personnel. Data handling procedures adhered to the Gen-
eral Data Protection Regulation (GDPR) guidelines. Additionally, ethical approval 
was granted by the Institutional Review Board (IRB), ensuring compliance with 
ethical standards as established by the Declaration of Helsinki. 

3. Results 

The data analysis for the 18 participants involved in the VR-based cognitive screen-
ing simulations was conducted using a combination of AI-based speech metrics, 
MMSE scoring comparisons, and statistical analysis to evaluate the effectiveness 
and accuracy of the VR-based approach (Figure 5). The data collected encom-
passed AI-extracted speech features, traditional and AI-generated MMSE scores, 
and demographic covariates, ensuring a comprehensive assessment of cognitive 
performance [25] [26]. 

The AI-based speech metrics included speech latency, frequency of speech er-
rors, and response completeness, all automatically extracted from participants’ ver-
bal responses during the VR simulations. Speech latency, a continuous variable, 
was measured as the time taken by participants to respond to prompts. The fre-
quency of speech errors was recorded as count data, representing the number of 
incorrect or incomplete responses per participant. Response completeness was 
evaluated on an ordinal scale, categorizing responses as incomplete, partially com-
plete, or fully complete. These speech-derived parameters were analyzed to ex-
plore their relationship with MMSE performance and cognitive impairment se-
verity [27] [28]. 

For MMSE scoring, traditional clinician-administered MMSE scores were com-
pared with AI-generated MMSE results derived from natural language processing 
(NLP) algorithms. The traditional MMSE was manually scored by experienced 
clinicians, whereas the AI-based approach utilized predefined linguistic and  
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Figure 5. Data analyses workflow. 

 
cognitive criteria to assign scores. The goal of this comparison was to determine 
the reliability and consistency of AI-driven scoring in relation to the established 
clinical standard [29]. 

To assess the level of agreement between traditional clinician-administered 
MMSE scores and AI-generated MMSE scores, Intraclass Correlation Coefficients 
(ICCs) were calculated using a two-way mixed-effects model with absolute agree-
ment. The resulting ICC was 0.83 (95% CI: 0.65 - 0.93), indicating excellent agree-
ment between the two scoring methods. According to established guidelines, ICC 
values above 0.75 reflect strong consistency, supporting the reliability of the AI-
based scoring system. Additionally, a Bland-Altman plot was generated to visually 
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examine the level of agreement and detect any systematic bias between the two 
methods. The mean difference between traditional and AI scores was 0.44 points, 
with 95% limits of agreement ranging from −2.3 to +3.2. While most differences 
fell within the limits, a slight trend toward underestimation of scores by the AI 
system at higher MMSE values was observed, suggesting the need for minor cali-
bration in future AI models. 

To evaluate whether there were significant differences between the traditional 
MMSE scores and AI-generated scores, data distribution was first assessed using 
the Shapiro-Wilk test. Results indicated that the score differences were normally 
distributed (p = 0.21). Accordingly, a paired t-test was conducted, revealing no 
significant difference between the two scoring approaches (t (17) = 1.29, p = 0.21). 
The mean traditional MMSE score was 23.8 (SD = 2.8), while the mean AI-based 
score was 23.4 (SD = 3.1). The small mean difference of 0.44 points was not sta-
tistically or clinically significant. 

A two-way mixed-effects model with absolute agreement was chosen for the 
ICC calculation because it assumes fixed raters (clinician and AI) and accounts 
for both rater and subject variability, which is appropriate for assessing agreement 
between a specific set of measurement methods [30]; an ICC value of 0.83 indicates 
excellent agreement based on their guideline, which defines values above 0.75 as 
good and above 0.90 as excellent. 

To evaluate the predictive value of AI-extracted speech features on cognitive 
performance, a multiple linear regression analysis was conducted with traditional 
MMSE scores as the dependent variable. Independent variables included speech 
latency (in seconds), number of speech errors, response completeness (percentage), 
and participant age, sex, and education level. The regression model was statisti-
cally significant, F (6, 11) = 5.21, p < 0.01, indicating that the combination of speech 
and demographic variables significantly predicted traditional MMSE scores. The 
model explained approximately 72% of the variance in MMSE scores (R2 = 0.72). 
Among the predictors: 
• Speech latency had a significant negative association with MMSE scores (β = 

−0.58, p = 0.02), suggesting that increased response time was associated with 
lower cognitive performance. 

• Response completeness positively predicted MMSE scores (β = 0.41, p = 0.03), 
indicating that more complete verbal responses were linked to higher cognitive 
functioning. 

• Speech error frequency was negatively related to MMSE scores, though this 
trend did not reach statistical significance (β = −0.27, p = 0.09). 

• Age, sex, and education level were included as control variables; however, their 
contributions were not statistically significant in the presence of speech-based 
features. 

These results support the hypothesis that real-time speech features extracted 
through AI algorithms can reliably predict cognitive performance, aligning closely 
with clinical assessments. The findings highlight the potential of integrating speech 
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detection into VR-based cognitive screening tools for early detection of Alzheimer’s-
related impairment. 

4. Discussion 

The findings from this study underscore the potential of integrating VR and AI 
technologies for cognitive screening [26] [31], particularly in the early detection 
of Alzheimer’s disease. The high level of agreement between traditional and VR-
based MMSE scores indicates that the VR environment does not compromise the 
validity of cognitive assessments. The AI-driven speech metrics provide valuable 
insights into participants’ verbal responses, enhancing the overall evaluation pro-
cess. This innovative approach offers a more engaging and standardized method 
for cognitive screening, which could lead to improved patient compliance and more 
accurate assessments. 

This study notably contributes to the field by introducing a sophisticated, yet 
practical application of immersive virtual reality combined with advanced AI-
driven speech detection. The integration of VR and AI technologies addresses crit-
ical challenges in traditional cognitive assessments, such as environmental varia-
bility and subjective scoring biases. By employing automated speech metrics, in-
cluding speech latency and error frequency, this system achieves a higher degree 
of precision and consistency. Moreover, the interactive nature of VR significantly 
enhances patient engagement, making cognitive screening less burdensome and 
potentially encouraging more frequent monitoring. These factors combined high-
light the approach’s promise for broader clinical application, particularly in rou-
tine screening and early intervention programs for Alzheimer’s disease. 

This study distinguishes itself from prior work by combining VR immersion 
with real-time AI-driven speech detection to administer and evaluate the MMSE. 
While previous approaches have used VR or AI independently, our integration al-
lows not only automated scoring but also contextual understanding of verbal re-
sponses within an immersive environment. 

Additionally, VR platforms enable the simulation of engaging, naturalistic cog-
nitive challenges while maintaining a controlled experimental environment, thereby 
increasing ecological validity in cognitive assessments. This immersive approach 
allows for the replication of real-world scenarios, providing a more accurate eval-
uation of an individual’s cognitive abilities in everyday contexts [32]. Secondly, AI-
driven speech detection has emerged as a powerful tool in detecting cognitive de-
cline. Recent studies have demonstrated that automatic speech detection can serve 
as objective assessment tools for individuals with cognitive impairments, offering 
a non-invasive and efficient method for early detection. By analyzing speech pat-
terns, AI can identify subtle linguistic markers associated with Alzheimer’s pro-
gression, facilitating timely intervention strategies [33]. 

While the findings are encouraging, certain limitations must be considered: 
• Small Sample Limitations: The relatively small sample size (n = 18) and the 

cross-sectional nature of this pilot study limit the generalizability of our find-
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ings. While the high ICC value (0.83) between VR-MMSE and traditional MMSE 
is promising, future work will require larger and more diverse samples with 
longitudinal follow-up to assess test-retest reliability and sensitivity to cogni-
tive decline progression over time. This small sample size of 18 participants 
limits the generalizability of the findings. Future research should involve larger 
and more diverse populations to validate these results further. The primary 
objective of this research is to evaluate the technological usability and feasibil-
ity of integrating VR and AI-driven speech detection in cognitive screening, 
rather than to establish the system’s diagnostic accuracy at this stage. This 
proof-of-concept study aims to assess the practicality, user experience, and po-
tential benefits of immersive cognitive assessments, setting the groundwork 
for future large-scale validation studies. The small sample size (N=18) reflects 
the study’s exploratory nature, focusing on initial usability insights rather than 
broad generalizability. Additionally, given the complexity of VR-based cogni-
tive testing, our study prioritizes in-depth qualitative observations and system 
refinement over statistical significance in diagnostic outcomes. Resource con-
straints, including access to specialized AI models, VR equipment, and eligible 
participants, further influenced the sample size. Future research will expand 
participant diversity, incorporate a power analysis for sample size determina-
tion, and validate the system across different demographics and clinical stages 
to enhance its diagnostic reliability and generalizability. 

• VR limitations: reliance on VR technology could create accessibility barriers 
for individuals with severe visual, auditory, or motor impairments [34]. Addi-
tionally, VR usage may induce motion sickness or other discomforts, poten-
tially affecting participant performance; these effects require careful monitor-
ing and mitigation strategies. 

• Model Training Limitations: In this study, we did not train the speech detec-
tion model or the LLM ourselves. Instead, we integrated pre-trained models 
via their respective APLs through libraries like Chatbot, leveraging their exist-
ing capabilities. This approach ensures robustness and reliability while allow-
ing us to focus on effective implementation and analysis rather than model 
training. 

• Ethical Biases Limitations: AI models can inherently exhibit biases due to the 
nature of their training data, algorithmic design, or implementation context. 
In this study, we acknowledge the potential biases that may arise, particularly 
in speech detection and language processing, where model accuracy can vary 
based on demographic factors, accents, and contextual nuances. To mitigate 
these concerns, we ensured that the AI models used were industry-standard, 
pre-trained systems that have undergone extensive testing. Additionally, we 
implemented diverse test cases to assess performance across different scenar-
ios and carefully analyzed outputs for any significant discrepancies. While this 
study is exploratory in nature, future implementations involving direct user in-
teractions would require a more comprehensive ethical framework to address 
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bias-related concerns proactively. 
• While this study primarily compares VR-MMSE with the traditional MMSE, 

we acknowledge the importance of evaluating its performance against other 
modern diagnostic methods. AI-driven diagnostic tools, such as speech detec-
tion systems and machine learning models trained on large datasets, have shown 
promise in cognitive assessment. These approaches leverage NLP and acoustic 
analysis to detect early signs of cognitive decline. Compared to these methods, 
VR-MMSE offers an interactive, immersive environment that engages patients 
in real-time tasks, potentially improving test sensitivity and patient experience. 
However, further research is needed to directly compare VR-MMSE with AI-
based diagnostic models to assess their respective strengths, limitations, and 
applicability across different patient populations. 

• Lastly, this study’s cross-sectional design precludes analysis of longitudinal 
changes and the cognitive assessments’ long-term efficacy. 

The AI components leveraged pretrained APIs for semantic parsing and Speech-
matics for speech-to-text transcription. While these services offer high accuracy 
and scalability, their use raises questions about adaptability and bias. The models 
were not fine-tuned on clinical or dementia-specific datasets, and thus their re-
sponses may reflect limitations when applied to nuanced cognitive impairments. 
Future iterations of this system will involve custom model training and bench-
marking against clinically validated NLP frameworks to ensure precision and fair-
ness in diagnostic inference. 

Potential confounding variables, including VR-induced anxiety, participant fa-
miliarity with VR technology, and motion sickness, were systematically monitored 
throughout the study. These factors could influence cognitive performance by in-
creasing cognitive load or reducing overall comfort during the assessments. While 
efforts were made to mitigate their impact, such as providing pre-assessment VR 
acclimatization and ensuring breaks when necessary, their effects cannot be en-
tirely ruled out. Participants with prior VR experience may have adapted more 
quickly, whereas those unfamiliar with the technology might have experienced 
heightened anxiety or disorientation. Future research should further investigate 
these confounding variables by incorporating larger sample sizes, control groups, 
and alternative VR calibration methods to enhance the reliability and validity of 
VR-based cognitive screening tools. 

While the current study benchmarks VR-MMSE against the traditional MMSE, 
a comparison with other AI-based cognitive assessment tools would offer further 
context. Preliminary results suggest that VR-MMSE may provide advantages in 
user engagement and ecological validity, yet systematic comparisons with tools like 
Cognetivity, Altoida, or AI-driven speech classifiers will be necessary to confirm 
its diagnostic value and scalability. 

Future Research Future research should focus on expanding the sample size and 
including participants from various demographic backgrounds to enhance the 
generalizability of the findings. Longitudinal studies are needed to assess the long-
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term efficacy and reliability of VR-based cognitive screening. Additionally, ex-
ploring the integration of other AI-driven tools and technologies, such as machine 
learning algorithms for predictive modeling, could further enhance the accuracy 
and utility of cognitive assessments. Investigating the potential for VR-based in-
terventions to improve cognitive function and slow the progression of Alzheimer’s 
disease is another promising area for future research. 

In future clinical applications, the platform is envisioned as a semi-autonomous 
screening tool that could be used with minimal clinician supervision, especially in 
primary care or community settings, while allowing for clinician oversight when 
needed. Although the current study focused on Alzheimer’s detection, the sys-
tem’s modular design and use of generalized AI-driven speech metrics make it 
adaptable for other neurocognitive disorders such as Parkinson’s disease or mild 
cognitive impairment. While formal usability testing was not conducted, partici-
pant feedback and in-session monitoring indicated that users were able to navi-
gate and understand the VR environment intuitively, with minimal instruction or 
technical issues. 

5. Conclusion 

In conclusion, this proof-of-concept study demonstrates that a VR-based admin-
istration of the MMSE, combined with AI-driven speech detection, is both feasible 
and comparable in accuracy to traditional methods. The immersive and standard-
ized VR environment, coupled with automated speech metrics, enhances cogni-
tive screening by improving patient engagement and minimizing scoring variabil-
ity. We recommend future studies with larger, more diverse cohorts to validate 
these findings, explore longitudinal outcomes, and assess integration into clinical 
workflows. The system’s adaptability and scalability highlight its potential for broader 
use in early Alzheimer’s detection and cognitive monitoring programs. 
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