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Abstract

This study investigated the potential of voice signal analysis for the early detection of
cognitive impairment in community-dwelling older adults. The “Voice Sensor” technolo-
gy, integrated into the “Malg-eun Village” platform, was evaluated by comparing its pre-
dictions with traditional cognitive assessments, including the Korean Mini-Mental State
Examination-2. Between January 22, 2024, and May 31, 2024, voice data were collected
from 200 participants in Jecheon City, comprising 100 individuals with cognitive impair-
ment and 100 cognitively normal individuals. Voice recordings were gathered through
bi-weekly caregiver calls and weekly Al-driven calls. The cognitive status was assessed
based on the cumulative voice scores. Statistical analysis included sensitivity, specificity,
positive predictive value (PPV), and negative predictive value (NPV). A t-test was con-
ducted to compare the voice scores between groups, and correlation analysis validated
the relationship between the voice sensor results and cognitive assessment scores. The
voice sensor showed moderate sensitivity (72.41%) and specificity (63.46%) in detect-
ing cognitive impairment. In particular, it showed a high NPV (89.19%), highlighting its
ability to rule out cognitive decline. Nevertheless, its PPV (35.59%) and specificity reveal
areas for refinement. These findings suggest that voice signal analysis is a promising,
non-invasive, and scalable tool for early cognitive screening in community settings.
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INTRODUCTION

social and economic burdens associated with these conditions
[2, 3]. Traditional diagnostic methods, such as the Mini—

The growing prevalence of cognitive impairment and de—
mentia in aging populations presents a significant challenge
to public health. According to the World Health Organization,
over 55 million people globally are living with dementia, a
number projected to double every 20 years as populations
age [1]. Early detection and intervention in cognitive decline
are critical for improving patient outcomes and managing the
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Mental State Examination (MMSE) [4-6], are widely used
but can be time—consuming and resource—intensive, partic—
ularly when applied to large populations [7-9].

Recent technological advancements have introduced non—
invasive and cost—effective approaches to cognitive screen—
ing. One promising development is the use of voice signal
analysis for early detection of cognitive impairment [10-13].
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Aging has been shown to significantly affect auditory pro—
cessing, which is closely linked to cognitive functions, mak—
ing voice—based screening a particularly relevant approach
[14]. Voice analysis leverages artificial intelligence (AI) and
machine learning to detect subtle changes in speech patterns
that may indicate cognitive decline [15-18]. This approach
offers the potential for widespread, accessible screening,
particularly in community settings. The current study ex—
plores the effectiveness of the “Voice Sensor” technology
developed by Baikal Al, integrated into the “Malg—eun Vil-
lage” platform, as a tool for screening cognitive impairment
in older adults. This platform not only allows for efficient
data collection through voice analysis but also incorporates
multiple physiological signals such as heart rate and oxygen
saturation. Considering that modifiable risk factors play a
crucial role in cognitive decline, a multi-modal approach like
this can provide valuable insights into preventive strategies
for dementia [19]. By evaluating the predictive accuracy of
the voice—based screening tool against standard cognitive
assessments like the MMSE, this research aims to validate
the tool’s usefulness in real-world applications.

This study focuses on a population of elderly individuals in
the city of Jecheon, where both voice data and physiological
signals were collected to assess the effectiveness of the
multi-modal screening approach. The goal is to determine
whether the voice signals can provide a reliable, non—inva—
sive method for early cognitive health screening, thus offer—
ing a scalable solution for community—based care.
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MATERIALS AND METHODS

1. Study Design and Participants

This study was conducted between January 22, 2024, and
May 31, 2024, to assess the effectiveness of a voice sig—
nal-based screening tool, “Voice Sensor,” developed by Bai—
kal Al integrated into the “Malg—eun Village” platform
(Figure 1). The primary goal was to evaluate the ability of
this tool to screen for cognitive impairment in elderly indi—
viduals and compare its results with standard cognitive as—
sessments such as the Korean Mini—-Mental State Examina—
tion—2 (K-MMSE-2) and its variant, the K-MMSE-KC, a
subtest from the Korean version of the Consortium to Es—
tablish a Registry for Alzheimer’s Disease Assessment
Packet (CERAD-K) battery. The study targeted older adults
residing in Jecheon City, a community setting with a signifi—
cant elderly population.

A total of 200 participants were recruited, with 100 indi—
viduals predicted to have cognitive impairment and 100
identified as cognitively normal. The classification was based
on prior clinical assessments using MMSE scores. Cognitive
impairment was defined as an MMSE score below 21, while
normal cognitive function was indicated by an MMSE score
above 25. Participants were further classified into cognitive
impairment prediction groups and normal cognition predic—
tion groups based on their voice signal data.
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Figure 1. Voice/biomarker processing
workflow for cognitive impairment de-
tection in Malg-eun Village.
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2. Cognitive Assessments

For cognitive evaluation, the K-MMSE—2 was used as the
primary assessment tool for all participants. Additionally, the
K-MMSE-KC, a subtest within the CERAD-K battery, was
employed to assess a subset of the participants to validate
the voice sensor predictions [7]. This included 19 partici—
pants tested with K-MMSE-2 and 81 participants tested
with K-MMSE-KC.

All cognitive assessments were administered by trained
personnel from Jecheon Welfare Foundation and Jecheon
Dementia Care Center. These personnel had completed rele—

vant training on the cognitive tools used in this study.
3. Voice Data Collection

Voice Sensor technology was used to collect and analyze
voice data. The voice data collection was integrated into the
Malg—eun Village platform, where participants engaged in
regular phone conversations. Voice data was recorded
through two mechanisms as below.

1) Caregiver Calls
Caregivers placed bi—-weekly calls to elderly participants as
part of the personalized care service, and the conversations

were automatically recorded via the Malg—eun Village app.

2) Al Care Calls

An Al system placed weekly automated calls to the par—
ticipants, and these calls were also recorded and analyzed by
the platform.

Voice data were collected over several weeks, with partic—
ipants averaging 7.3 calls, each lasting about 79 seconds.
The data focused on features such as voice clarity, fluency,
and pitch, which the Voice Sensor analyzed to predict cogni—
tive impairment by identifying speech irregularities that
could correlate with cognitive decline.

4. Statistical Analysis

Statistical analyses were conducted using R software (ver—
sion 4.3.1; R Development Core Team). To assess the effica—
cy of the voice sensor technology, we employed a series of
statistical measures aimed at determining the accuracy of

this tool in identifying cognitive impairment among the el—
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derly. Specifically, we calculated sensitivity, specificity, posi—
tive predictive value (PPV), and negative predictive value
(NPV) as follows: 1) the proportion of actual cognitive im—
pairment cases correctly identified by the voice sensor (sen—
sitivity); 2) the proportion of cognitively normal participants
correctly classified as normal by the voice sensor (specifici—
ty); 3) the proportion of participants predicted to have cog—
nitive impairment who were confirmed as impaired based on
standard cognitive assessments (PPV); and 4) the propor—
tion of participants predicted to be cognitively normal who
were confirmed as normal (NPV).

A t—test was performed to compare the mean voice scores
between the cognitively impaired group and the cognitively
normal group. A P—value less than 0.05 was considered sta—
tistically significant. Additionally, a correlation analysis be—
tween voice sensor results and K-MMSE—-2/K-MMSE-KC
scores was conducted to validate the predictive accuracy of
the voice sensor technology.

5. Ethical Considerations

All participants provided written informed consent prior to
participation in the study. The study protocol was approved
by the Institutional Review Board (IRB) of Korea National
University of Transportation. Confidentiality and anonymity
of all participants were strictly maintained throughout the
study. Participants were informed of their right to withdraw
from the study at any point without consequence.

RESULTS

1. Participant Demographics

A total of 200 participants were included in the study, di—
vided equally between two groups: 100 individuals predicted
to have cognitive impairment, and 100 individuals predicted
to be cognitively normal based on the Voice Sensor analysis.
The mean age of the cognitively normal prediction group
was 74.26 years (+7.54), while the mean age of the cogni—
tive impairment prediction group was 78.49 years (+6.40).
The cognitively normal prediction group consisted of 35
males and 65 females, while the cognitive impairment pre—
diction group consisted of 44 males and 56 females. Table 1
provides a summary of the participants demographics.

www.kjcls.org
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2. Cognitive Assessment Results

The cognitive status of the participants was confirmed us—
ing the K-MMSE-2 and K-MMSE-KC assessments. In the
cognitive impairment prediction group (n=100), 21 partici—
pants were confirmed to have cognitive impairment (MMSEX21),
while 38 participants were classified as cognitively normal
(MMSE>25). In the cognitively normal prediction group
(n=100), 66 participants were confirmed to be cognitively
normal (MMSE>25), while 8 participants were identified as
cognitively impaired (MMSEX21). These results are summa-—
rized in Table 2.

3. Voice Sensor Predictive Accuracy

The Voice Sensor technology demonstrated a moderate
ability to predict cognitive impairment: the voice sensor cor—
rectly identified 21 of the 29 participants with confirmed
cognitive impairment, demonstrating a sensitivity of 72.41%.
This indicates that the tool was able to accurately detect
cognitive impairment in most cases. Of the participants pre—

dicted to be cognitively normal by the voice sensor, 66 out of

Table 1. Demographic characteristics and comparison between cogni-
tively normal and cognitive impairment prediction groups

Cognitively Cognitive
Group normal impairment
prediction prediction
Total participants 100 100
Age (yn** 74.26+7.54 78.49+6.40
Sex distribution (male, female) 35,65 44,56
Years of education* 7.18+4.97 5.80+4.66

n or mean=SD.
*P<0.05, **P<0.001.

Table 2. Confirmation of cognitive status based on K-MMSE-2 and
K-MMSE-KC assessments

Cognitive Cognitively
Group impairment normal
(MMSE<21)  (MMSE>25)
Cognitive impairment prediction 21 38
Cognitively normal prediction 8 66

104 were correctly identified as normal, yielding a specificity
of 63.46%. Among the participants predicted to have cogni—
tive impairment, 35.59% were confirmed to have cognitive
impairment based on the K-MMSE-2 and K-MMSE-KC
assessments. Among the participants predicted to be cogni—
tively normal by the voice sensor, 89.19% were confirmed to
be cognitively normal based on the K-MMSE-2 and
K-MMSE-KC results. This high NPV suggests that the tool
is more reliable in confirming normal cognitive status. These
results are presented in Table 3.

4, Statistical Analysis and Summary of Key Findings

A t—test was conducted to compare the mean voice scores
between the two groups: the cognitive impairment prediction
group and the cognitively normal prediction group. The cog—
nitive impairment prediction group had a significantly lower
mean voice score (mean=55.3, standard error [SE]=11.5)
compared to the cognitively normal prediction group
(mean=59.4, SE=13.8), with a P-value less than 0.05, indi—
cating a statistically significant difference between the two
groups (Table 4). Additionally, a correlation analysis between
the Voice Sensor results and the K-MMSE-2/K-MMSE-KC
scores revealed a moderate positive correlation (r=0.501,
P<0.05). This finding suggests that the voice sensor technol—
ogy provides a reasonable approximation of cognitive func—
tion as measured by standard cognitive tests.

The voice signal-based screening tool demonstrated mod—
erate sensitivity and specificity in predicting cognitive im—

Table 3. Performance of the “Malg-eun Village” platform in predicting
cognitive status

Measure Result (%)
Sensitivity 7241
Specificity 63.46
Positive predictive value 35.59
Negative predictive value 89.19

Table 4. Comparison of mean voice scores between cognitive impair-
ment prediction and cognitively normal groups

Abbreviations: K-MMSE-2, Korean Mini-Mental State Examination-2;
K-MMSE-KC, Mini-Mental State Examination in the Korean Version
of the CERAD Assessment Packet; CERAD, Consortium to Establish
a Registry for Alzheimer’s Disease; MMSE, Mini-Mental State Exami-
nation.

www.kjcls.org

Cognitive impairment  Cognitively normal

Analysi P-val
nalysts prediction group prediction group value
Voice score 553+11.5 59.4+13.8 <0.05
Mean+SE.
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pairment. Notably, the tool’s high NPV (89.19%) underscores
its potential utility in ruling out cognitive impairment in
large—scale screenings. Furthermore, the integration of voice
and physiological signals showed promise in enhancing pre—
dictive accuracy, although additional research is necessary to
refine this multi-modal approach.

The results collectively indicate that while the Voice Sen—
sor technology exhibits potential for large—scale, non—-inva—
sive cognitive screening, further development is needed to
improve its PPV and overall diagnostic accuracy.

DISCUSSION

The final research subject aimed to evaluate the effective—
ness of voice signal analysis technology in the early detection
of cognitive impairment among community—dwelling older
adults. This study utilized the “Voice Sensor” technology in—
tegrated into the “Malg—eun Village” platform and compared
its predictive performance with standard cognitive assess—
ment tools such as the K-MMSE-2 and K-MMSE-KC. A
total of 200 elderly participants residing in Jecheon City
were enrolled, with 100 classified as cognitively impaired and
100 as cognitively normal. Data collection involved voice sig—
nal recordings gathered through bi—weekly caregiver calls
and weekly Al-driven calls, as well as physiological data,
such as heart rate and oxygen saturation, employing a
multi-modal screening approach. The analysis focused on
predicting cognitive impairment based on voice signal data,
validated against K-MMSE results. Statistical metrics, in—
cluding sensitivity, specificity, PPV, and NPV, were used to
assess performance. Additionally, a t—test compared the
mean voice scores between groups, and a correlation analy—
sis examined the predictive accuracy of the voice sensor in
relation to K-MMSE scores.

This study evaluated the effectiveness of the voice sig—
nal-based cognitive screening tool, “Voice Sensor,” in pre—
dicting cognitive impairment among older adults. The results
indicate that the tool provides a useful and non—invasive
method for early detection of cognitive decline, particularly
in community settings. However, while the tool showed
promise, several key findings and limitations must be ad-
dressed to fully understand its potential in practical applica—

tions.
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The Voice Sensor demonstrated a sensitivity of 72.41%,
indicating that the tool successfully identified most cases of
cognitive impairment. This suggests that the technology is
capable of detecting early signs of cognitive decline, which is
essential for timely intervention. However, the specificity of
63.46% highlights the tool’s limitations in correctly identify—
ing cognitively normal individuals. This relatively moderate
specificity suggests that a significant proportion of partici—
pants without cognitive impairment were incorrectly flagged
as at-risk. These false positives may lead to unnecessary
follow—up assessments or interventions, increasing the bur—
den on healthcare systems and individuals.

The PPV was found to be 35.59%, meaning that when the
tool predicted cognitive impairment, the likelihood of the
participant truly having cognitive impairment was only
35.59%. This relatively low PPV indicates that a considerable
number of participants were incorrectly identified as cogni—
tively impaired. On the other hand, the NPV was high, at
89.19%, suggesting that the tool was highly effective in rul-
ing out cognitive impairment. In clinical and community set—
tings, this high NPV is advantageous because it can reliably
identify individuals who are not at risk, reducing unneces—
sary interventions for those without cognitive decline.

The findings of this study support the potential of voice
signal analysis as an accessible and scalable solution for cog—
nitive screening, particularly in community—based settings.
The Voice Sensor technology offers the benefits of being
non—invasive, cost—effective, and suitable for large popula—
tions, making it an ideal tool for early detection in elderly
populations who may not have easy access to traditional
cognitive assessments [20—22]. The integration of this tool
with platforms such as the Malg—eun Village app, which fa—
cilitates regular caregiver and Al—-driven calls, enhances its
practicality by enabling continuous monitoring of cognitive
health.

This study differs from previous research on voice—based
cognitive impairment detection in key ways. Earlier studies
often focused on the feasibility of voice signal analysis in
controlled settings with small-scale datasets. Hajjar et al [23]
examined voice biomarkers for early Alzheimer’s detection
in clinical environments, showing promising results but lack—
ing real-world validation and integration into healthcare
platforms. In contrast, our study integrates Voice Sensor

www.kjcls.org
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technology into the Malg—eun Village platform, applying it in
a community—based setting with a significant elderly popula—
tion. By utilizing caregiver—initiated and Al—-driven calls, this
study emphasizes continuous monitoring and naturalistic data
collection, reflecting older adults’ daily experiences.

However, the moderate specificity and low PPV suggest
that the Voice Sensor should not be used as a standalone di—
agnostic tool. Instead, it may serve as a preliminary screen—
ing method, which can identify individuals for further cogni—
tive testing using standardized tools such as the K-MMSE-2
or K-MMSE-KC. By combining voice analysis with conven—
tional cognitive assessments, healthcare providers can im—
prove the accuracy of cognitive decline detection and reduce
the rate of false positives.

Several limitations of this study should be considered.
First, the sample size, while sufficient for an initial assess—
ment, may limit the generalizability of the findings to broader
populations. Future research should include larger and more
diverse samples to validate the tool’s performance across
different demographic groups. Additionally, the integration of
physiological data from devices like the Vital Ring showed
potential for enhancing predictive accuracy, but further re—
search is needed to optimize the combination of voice and
physiological signals for more accurate predictions.

Another area for improvement is the development of more
sophisticated algorithms for voice analysis. The current
model demonstrated moderate predictive accuracy, but the
inclusion of more advanced machine learning techniques
could enhance the tool’s sensitivity and specificity. Future
studies should explore how incorporating additional voice
features, such as prosody and fluency, could improve the
prediction of cognitive impairment.

Despite its widespread use, the MMSE has its limitations.
It is not designed to provide a definitive diagnosis but rather
to screen for potential cognitive impairment. The test may
not accurately reflect the cognitive abilities of individuals
with sensory impairments or those with limited English pro—
ficiency. Moreover, while it can indicate the presence of cog—
nitive decline, it cannot determine the underlying cause,
which requires a more comprehensive clinical assessment.

Lastly, further investigation into the relationship between
specific voice patterns and cognitive function is warranted.
This would help refine the voice analysis models and in—

www.kjcls.org

crease the tool’s diagnostic precision, particularly in distin—
guishing between different types of cognitive impairments,
such as mild cognitive impairment and Alzheimer’s disease.

In conclusion, this study demonstrated that voice signal
analysis, as implemented through the Voice Sensor technol-
ogy, holds promise for early detection of cognitive decline in
older adults. The tool’s high NPV indicates its utility in iden—
tifying individuals unlikely to have cognitive impairment,
while the moderate sensitivity suggests its potential for early
screening. However, the relatively low PPV and moderate
specificity highlight the need for further refinement of the
technology.

Future research should focus on improving the tool’s ac—
curacy through larger sample sizes, better integration of
physiological data, and the development of more advanced
algorithms. With these improvements, the Voice Sensor has
the potential to become a valuable component of communi—
ty—based cognitive health screening programs, helping to
identify at-risk individuals and facilitate timely interventions.
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