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Abstract
Background: As the global population continues to age, the prevalence of geriatric conditions, including dementia and frailty,
is also increasing. Early identification of individuals at an elevated risk of these conditions, such as those presenting with
mild cognitive impairment (MCI) or prefrailty, can provide a critical window for prompt intervention aimed at preventing or
reversing disease progression. To promote such early identification, there is a burgeoning interest in the use of digital sensor
technology and predictive modeling.
Objective: This study aimed to use a continuous, home-based monitoring sensor system for older adults to distinguish those
exhibiting normal aging from those with MCI, early dementia, prefrailty, or frailty, and to predict their transition from normal
aging to one of these conditions.
Methods: This longitudinal cohort study will recruit 200 community-dwelling adults aged ≥65 years with normal cognition
or MCI at baseline. A multi-sensor system will be installed in participants’ homes, including passive infrared motion sensors,
door contact sensors, bed sensors, medication box sensors, wearable activity bands, and Bluetooth proximity beacons. These
devices will continuously capture spatiotemporal activity patterns, mobility indicators, sleep behaviors, and medication-taking
routines. Annual assessments will include standardized cognitive tests (eg, Montreal Cognitive Assessment, Mini-Mental
State Examination, Rey Auditory-Verbal Learning Test, digit span, Color Trails Test, semantic fluency, Stroop), frailty
measures (modified Fried phenotype, gait speed, grip strength), mental health scales, sleep quality, and psychosocial indicators.
Sensor-derived features—such as gait variability, activity regularity, sleep fragmentation, and medication adherence patterns—
will be integrated with clinical data to develop supervised machine learning models. Planned approaches include logistic
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regression, random forests, gradient boosting, and deep learning. Model performance will be evaluated using cross-validation
and independent test sets. Primary metrics will include area under the receiver operating characteristic curve, sensitivity,
specificity, precision, recall, and F1-score. Models will be benchmarked against gold-standard clinical diagnoses and validated
using temporal subsets of the dataset.
Results: Enrollment for this study started in November 2019 and will continue until March 2030. As of June 2025, we have
enrolled 138 participants. Full data analysis has yet to begin.
Conclusions: We aim to develop a reliable and effective sensor system for in-home use that will facilitate the early detection
of cognitive and physical decline. In so doing, it will add to our current understanding of digital biomarkers. It is common
for older adults to seek clinical intervention only when their cognitive impairment has already reached an advanced stage.
The implementation of readily deployable sensor systems within community settings presents us with opportunities for prompt
intervention, which holds the potential for delaying or reversing disease progression and allowing for a greater number of
functional and meaningful years.
International Registered Report Identifier (IRRID): DERR1-10.2196/79490
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Introduction
The global population is undergoing significant shifts in
its age demographics. By 2050, about 16.3% of the global
population will be 65 or older, a sharp increase from 10.0%
in 2023 [1]. This shift will pose significant challenges for
health care systems due to the economic and medical burdens
of providing care for older adults with physical and cognitive
limitations. Indeed, frailty and cognitive impairment are two
of the most prevalent conditions in the older adult population
[2,3].

Frailty, a major syndrome in geriatrics, is characterized
by deficits across multiple systems and reduced physiological
reserves, leading to increased vulnerability to acute stress
and adverse outcomes in older adults. It is associated with
a decline in quality of life, heightened disability, mortality,
and increased health care use [4]. In high-income countries,
the weighted prevalence of frailty was estimated to be 10.7%,
whereas the prevalence of prefrailty (PF), a prodromal risk
state that can be reversed, was estimated to be 41.6% [5].
Meanwhile, cognitive impairment refers to the deterioration
of intellectual abilities such as memory, reasoning, language,
and problem-solving. Although it is often observed in older
adults, its severity can vary from mild memory lapses to
severe dementia. More specifically, mild cognitive impair-
ment (MCI) describes the presence of cognitive decline
concomitant with a lack of severity to significantly affect
daily functioning [6,7]. MCI affects 6%‐20% of people aged
60‐89 years [8-10], and it is recognized as a prodromal
stage of dementia, with a high probability of progression to
dementia within 1 to 3 years [11,12].

The combination of early identification and interventions
targeting physical, social, and behavioral aspects of MCI
and PF can effectively prevent, delay, or even reverse
the progression of dementia and frailty, thereby enabling
older adults to age well and maintain a good quality of
life within their communities [13-24]. Indeed, screening
older adults living in the community and in primary care
settings more regularly could help in the identification of

symptoms of geriatric conditions at an early stage [25-27].
However, the epidemic of dementia in the aging population
cannot be tackled using conventional methods, as these either
require reliable informant caregivers or sporadic face-to-face
screening by primary health care providers [28].

The shortcomings of these conventional procedures have
given way to an increasing demand for the use of digital
biomarker technologies, some of which can be deployed
effectively and continuously in community settings where
older adults reside. There has also been a growing empha-
sis on the ability of these technologies to monitor cogni-
tive function, physical frailty, and mental health [29-32].
A promising approach related to such technologies for
monitoring older adults is the use of in-home sensor systems,
including passive infrared (PIR) sensors and door contact
magnetic sensors. A home-based study investigated the use of
PIR motion sensors and acceleration sensors for the con-
tinuous monitoring of activities of daily living [33]. This
study found that activities of daily living patterns visualized
through activity maps could discriminate between older adults
with healthy cognition and those with cognitive impairments.
Another study demonstrated that a multi-sensor system
including PIR motion sensors, magnetic contact sensors, and
bed sensors could detect decreased engagement in activities
of daily living and increased sleep interruptions in older
adults with MCI [26]. Additionally, a study that measured
heart rate and gait variability using wearable sensors found
that these measures could detect MCI in a cost-effective
manner under real-world conditions [34].

Two notable studies conducted by the Collaborative Aging
(in Place) Research Using Technology (also known as CART)
group used sensors in home-based settings to assess gait
speed and variability and identify cognitive decline [35,36].
The first study, which involved 93 participants, revealed
that the group with MCI had a coefficient of variation in
median walking speed twice that of the healthy group. Over
a follow-up period of approximately 2 years, the research-
ers identified 3 distinct trajectories of mean weekly walking
speeds (fast, moderate, and slow) and found that participants
with MCI were more likely to be in the slow-speed group.
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Additionally, the researchers identified 4 distinct trajectories
of walking variability, with nonamnestic MCI participants
being less likely to be in the stable coefficient of varia-
tion group, suggesting that walking speed variability may
serve as an early indicator of cognitive decline. In another
study conducted over around 2 years, 64 cognitively healthy
older adults were observed; those who developed MCI later
were more likely to open their pillboxes later in the day
and demonstrated more variability in their medication-tak-
ing habits than those who remained cognitively stable [37].
Furthermore, a recent meta-analysis revealed that sensors and
digital biomarker technologies could detect MCI and frailty
with sensitivities of 84% and 82%, respectively [38].

Despite the existing body of research, a systematic review
conducted by Piau et al [29] and the work by the Collabora-
tive Aging Research Using Technology group highlighted the
scarcity of literature on home-based, real-life evaluations [35,
36]. The review also underlined that the samples of extant
studies are predominantly homogenous, consisting mainly of
Caucasian, urban, educated individuals receptive to technol-
ogy. In addition, most of the studies used a limited approach
(eg, using a single device or technology) and were primar-
ily restricted to participants who lived alone. This proposed
study will aim to address these gaps by using various digital
biomarker technologies to observe and predict behavioral
patterns related to MCI, dementia, PF, and frailty, and
differentiate them from those associated with normal aging
in older adults living in their homes in Singapore.

This study will focus on using a continuous monitoring
sensor system within the homes of older adults (aged 65 years
and older) to observe changes in their behavioral patterns
over a period of 3 to 6 years. This proposed study extends
from a recently completed feasibility study that used a similar
home-based sensor setup to monitor behavior patterns in
community-dwelling senior citizens in Singapore [26]. The
study seeks to distinguish those exhibiting normal aging and
those with MCI, early dementia, PF, or frailty and to predict
the transition from normal aging to one of these conditions.

To achieve this goal, this study has the following aims:
• To monitor changes in behavior associated with the

execution of cognitive-related daily tasks and activities
among older adults, and to distinguish between changes
attributable to normal aging and those indicative of
MCI or early dementia.

• To monitor changes in behavior in performing physical
function-related daily tasks and activities among older
adults, and to distinguish between changes attributable
to normal aging and those indicative of PF or frailty.

• To develop and cross-validate machine learning
prediction models derived from clinical data and
sensor-based, spatiotemporal, daily activity data that
will be used to detect individuals at a high risk of
developing MCI, early dementia, PF, or frailty. The
performance of these prediction models will also be
evaluated against gold standard diagnostic outcomes
and cross-validated using subsets of the data.

Methods
Ethical Considerations
This study was approved by the SingHealth Centralised
Institutional Review Board and registered with the refer-
ence number 2019/2026. Written informed consent will be
obtained from all participants before enrollment in the study.
The study will be conducted in accordance with the Good
Clinical Practice guidelines.
Study Design
This study will use a longitudinal cohort design with 200
Singaporean older adults aged 65 years and older who either
reside alone or with others. The follow-up period for the
study will span 1 to 6 years, contingent on the continuity of
research funding. The daily activities of the participants will
be monitored using home-based sensors, in conjunction with
annual clinical and cognitive evaluations.
Sample Size Calculation
As described in the previous sections, an earlier study with
14 participants comparing walking time variability between
people with MCI and healthy controls using data obtained
continuously from sensors revealed a significant difference
between the groups [35]. A subsequent study was conducted
by the same research group with 54 and 39 people with
healthy cognition and with MCI, respectively, over a mean
follow-up time of around 2 years [36]; this subsequent study
identified 3 distinct trajectories of mean weekly walking
speeds.

Based on these findings on walking speeds and data from
the Singapore Longitudinal Aging Study Waves 1 and 2
(unpublished), we conservatively estimate an incidence of
MCI or dementia of 30% over a 3-year period. Given the
feasibility and budgetary constraints of the study, a sample
of 200 participants without dementia (expected 60+ incident
cases of MCI or dementia over the study period) will be
sufficient to produce a 2-sided 85% CI with a precision
of 5%. The sample size calculation is based on CIs for
one proportion from a finite population approach via the
exact Clopper-Pearson formula and performed using PASS
software (version 14; NCSS, LLC) [39].
Study Eligibility

Inclusion Criteria
To be included in the study, participants must (1) be at
least 65 years old, (2) have normal cognition or MCI, (3)
live independently in the community (ie, no difficulties with
any of the instrumental activities of daily living (IADL), see
below), and (4) be able to give written informed consent.

Exclusion Criteria
Individuals will be excluded from the study if they have a
diagnosis of (1) dementia, (2) any other psychiatric disorder,
or (3) any condition (eg, frailty, stroke, or Parkinson disease)
that results in limitations to perform basic activities of daily
living; individuals who are (4) unwilling to adhere to the use
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of wearables or to have sensors installed in designated areas
of their home, or (5) currently participating in a cognitive or
motor training intervention trial will be excluded.

Participant Recruitment and Study
Procedure
Participant recruitment will be conducted in various
community and hospital settings, including existing cohorts
such as the Singapore Longitudinal Aging Study (also
known as SLAS), SingHealth Memory clinics, partner senior
care agencies, silver generation offices, and word-of-mouth
referrals (Figure 1).

Eligible participants who meet the inclusion criteria will be
contacted via phone or in person at senior activity cen-
ters. Detailed information about the study will be provided
to potential participants, allowing them sufficient time to
consider their participation and discuss it with their fam-
ily members. Interested individuals will undergo a baseline
visit to provide informed consent and complete the screen-
ing procedures. The study will be thoroughly explained to
potential participants using a participant information sheet

before informed consent is obtained. In cases where a Chinese
translation of the participant information sheet is required,
a witness will be present to ensure comprehension by the
potential participant.

To determine eligibility for participation in the
study, trained research personnel will administer various
questionnaires and assessments to potential participants.
These will include basic demographic and health question-
naires, measures of executive functioning, and measures of
cognitive health. These measures will be repeated annually
for 3 years.

Upon successful completion of the screening process,
eligible participants will be enrolled in the study and undergo
further baseline assessments, including assessments of mental
health, sleep disturbances, and psychosocial health, which
have been associated with cognitive impairment. A brief
assessment of medication adherence will also be conducted.
All these assessments will be repeated annually. The home-
based sensors will be installed after the baseline assessment is
completed. Participants may drop out at any point in the study
and will be withdrawn if they are diagnosed with dementia.

Figure 1. Study design—Timeline and assessments. CFS: Clinical Frailty Scale; IADL: instrumental activities of daily living; MMSE: Mini-Mental
State Examination; MNA-SF: Mini Nutritional Assessment Short Form; MoCA: Montreal Cognitive Assessment. *These assessments are only
carried out if the participant’s Geriatric Depression Scale score is >5. **The following are included in the neuropsychological assessment battery: (A)
MoCA, (B) MMSE, (C) Clinical Dementia Scale (CDR), (D) Rey Auditory-Verbal Learning Test (RAVLT), (E) Digit Span Test, (F) Color Trails
Test (CTT), (G) Block Design Test, (H) Semantic Verbal Fluency (Animals) test, (I) Victoria Stroop Test (VST), (J) Common Objects Memory Test
(COMT).

JMIR RESEARCH PROTOCOLS Moon et al

https://www.researchprotocols.org/2026/1/e79490 JMIR Res Protoc 2026 | vol. 15 | e79490 | p. 4
(page number not for citation purposes)

https://www.researchprotocols.org/2026/1/e79490


Instruments

Measure of Functional Performance
The Lawton IADL scale will be used to assess independent
functional skills. These skills are considered more complex
than basic daily activities and are used to identify current
functional levels. The scale comprises 8 domains, each of
which ranges in score from 0 (low functioning and depend-
ent) to 4 (high functioning and independent), with the total
score ranging from 0 to 23. The scale has been used in
older adults as a measure of functioning level and is an
accurate tool for screening dementia [40,41]. The convergent
and divergent validity of the IADL was tested against known
strengths and group differences in Singapore. The IADL
as a whole explained 87.6% of the variance. The internal
consistency for the physical part of the IADL was 0.91, while
0.78 for the cognitive IADL [41].

The modified Barthel Index (MBI) of Activities of Daily
Living will be used to assess the basic activities one needs to
be independent at home. It has been widely used in various
large-scale studies, including studies conducted in Singapore
[42,43]. The scale comprises 10 areas: 6 items on feeding,
dressing, bladder, bowel, toilet use, and stair climbing are
scored using a 3-point scale (0, 1, or 2 points), 2 items
on transferring and mobility on a 4-point scale (0, 1, 2,
or 3 points), and the last 2 on bathing and grooming on
a 2-point scale. The maximum score is thus 20, and the
higher the score, the greater the independence [44]. The MBI
has been validated against assessments from occupational
therapists for older residents of long-term care facilities.
The Kappa coefficient of intra-rater reliability was 0.70‐1.00
for individual tasks; the Kappa coefficients for inter-rater
reliability were 0.72‐1.00. Cronbach coefficient alpha of
internal consistency was 0.93 [43].

Measures of Cognitive Health
The Montreal Cognitive Assessment (MoCA) is a brief
screening tool for detecting global cognitive changes in
patients with MCI and dementia. The effectiveness of the
MoCA in detecting MCI and dementia has been validated in
Singapore, and it has also been shown to exhibit diagnostic
utility in discriminating between mild and major neurocogni-
tive disorders with an area under the curve (AUC) of 0.77 and
0.99, respectively [45].

The Mini-Mental State Examination (MMSE) is the most
common screening tool for the early detection of MCI and
dementia worldwide. A localized Singapore version can
discriminate between older adults with and without dementia,
with a high sensitivity of 97.5% [46]. Normative data have
also been determined for Chinese older adults and are widely
used in Singapore [47]. With a cut-off point of 26, the MMSE
has been shown to have a sensitivity and specificity of 61%
and 84%, respectively, and a diagnostic accuracy, based on
AUC, of 0.78.

The Clinical Dementia Rating Scale is a semi-structured
dementia staging instrument that is completed on a 5-point
scale used to characterize 6 domains of cognitive and

functional performance. The rating for each domain will be
used to calculate a global score between 0 (normal) and
3 (severe dementia) and to determine dementia severity.
The scale has been shown to provide reliable and valid
assessments for community-dwelling older adults even in
the absence of an informant, and there was good agreement
between the Clinical Dementia Rating Scale and the clinical
assessment status of MCI and dementia (internal consistency
=0.82‐0.84; kappa coefficient =0.79) [48].

The Rey Auditory-Verbal Learning Test will be used
to evaluate immediate verbal memory, retention of delayed
information, learning strategies, proactive and retrospective
interference, and delayed recognition. This test has been used
to measure immediate and delayed memory performance in
older Chinese adults in Singapore [49]. The Rey Auditory-
Verbal Learning Test immediate and delayed recall subtests
were able to distinguish between converters and nonconvert-
ers to dementia with sensitivities of 83% and 85%, respec-
tively, AUCs of 0.75 and 0.76, respectively, and optimal
cut-off points of 1 and 2, respectively [50].

The digit span test is part of the Wechsler Adult Intelli-
gence Scale-Fourth Edition and requires participants to read
a string of numbers forward (ie, to assess efficiency and
capacity for paying attention) and backward (ie, to assess
executive function and working memory); its results can show
indications of short-term verbal memory. This test has been
widely used as a valid tool to discriminate between MCI and
dementia among older adults [51], and provided specificities
of 99% and 95%, respectively, for MCI and mild dementia,
with a cut-off score <4.

The Color Trails Test (CTT) 1 and 2 were designed
as culturally appropriate tests in comparison to the Trail
Making Test. The CTT 1 requires participants to join 25
numbers in sequence as quickly as possible, whereas CTT
2 requires participants to alternate between colors while
joining 25 numbers in sequence. They are used to measure
selective attention, processing speed, and cognitive flexibility.
Test-retest analysis was performed over a 4-week period to
determine the reliability of the CTT, and CTT 1 and CTT 2
showed a Pearson correlation r of 0.90 and 0.91, respectively
[52].

The block design test is also part of the Wechsler Adult
Intelligence Scale-Fourth Edition, requiring participants to
recreate a design shown to them using blocks with differ-
ent colored sides. The test assesses perceptual reasoning,
spatial visualization, and visuo-construction abilities. The
block design test has been used for epidemiologic studies
among older adults [53], and test performance declines with
age across the normative data [54].

The semantic verbal fluency (animals) test will also be
administered as a measure of executive function, access to
semantic memory, and lexical retrieval. A decline in semantic
fluency has been reported as an early indicator of demen-
tia, and it can be used to differentiate the development of
dementia from normal age-related cognitive decline [55]. A
normative study conducted for the tool showed its reliability,
as the number of animals named decreased with an advance
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in age older than 60 years, and it correlated (r=0.52) with
orthographic verbal fluency scores [56].

The Victoria Stroop Test will be used to measure response
inhibition and cognitive flexibility [57]. This test is divided
into 3 conditions and is composed of 24 items. In the first
condition, participants are required to name the colors of the
dots. In the second condition, they are required to identify
the color of the ink each word is printed in (eg, the word
Blue is printed in the blue color), while in the last condition,
colored words irrelevant to their printed color are presented.
The number of errors and the time taken to complete each
condition are recorded and scored. The Victoria Stroop Test is
reported to be sensitive to both MCI and dementia [58,59].

Age-related memory impairments were assessed using the
Common Objects Memory Test (COMT) [60]. The COMT
uses pictures of 10 common objects that participants should
be familiar with. It involves 3 learning trials with immediate
recall and 2 delayed recall trials, one after 5 minutes and
another after 30 minutes of distracted activities. The number
of objects correctly recalled is scored. The COMT test is not
affected by educational levels, language, or ethnicity, and it
could be culturally modified to suit the participants. It has
been validated in both Caucasian and Asian older adults with
dementia [60], and has been included within the Asian Cohort
for Alzheimer Disease Data Collection Packet [61].

Measures of Mental Health
The Zung Self-Rating Depression Scale and the 15-item
Geriatric Depression Scale will be used to determine the
level of depressive symptoms among participants. The
Zung Self-Rating Depression Scale comprises 20 items that
measure depressive symptoms, asking respondents how they
felt or behaved in the past week using a 4-point scale ranging
from 1 (a little of the time) to 4 (most of the time). A high
total score indicates worse depressive symptoms. This scale
has been validated among community-dwelling older adults
for detecting subsyndromal depression [62]. With cut-off
scores of 39 and 40, the scale also showed a sensitivity of
79.2% and an AUC of 0.85 among older adults [63].

The 15-item Geriatric Depression Scale is a shortened
form of the original Geriatric Depression Scale and contains
15 questions assessing depressive symptoms over the last 7
days. All 15 items are responded to using a yes-or-no scale,
and a score of 5 or above indicates possible depression. This
scale showed accuracy in screening for depression among
older adults in a meta-analysis, with a pooled sensitivity
and specificity of 86% and 76%, respectively, and diagnostic
accuracy, based on AUC, of 0.95 [64].

Self-reported anxiety will be captured using the Gener-
alized Anxiety Disorder-7. Participants will respond to 7
questions on how often, over the past 2 weeks, they worried
(eg, “Not being able to stop or control worrying,” “Wor-
rying too much about different things”) and experienced
somatic tension (eg, “Trouble relaxing”). A 4-point Likert
scale response (“0” denoting not at all, while “3” nearly
every day) is used. The maximum score is thus 21, while
the minimum score is 0, and scores greater than 10 usually

suggest a diagnosis of Generalized Anxiety Disorder. This
scale has a sensitivity of 89% and specificity of 82% [65].
It has been validated in both cognitively impaired [66] and
general populations [67,68], and has been used in Singapore
settings [69,70].

Measure of Sleep Disturbances
The Pittsburgh Sleep Quality Index is used to measure
subjective sleep patterns and quality. It includes 4 open-ended
questions and 14 frequency- and semantic-scaled questions
that assess sleep quality, latency, duration, disturbances,
daytime dysfunction, and sleep efficiency. It can be adminis-
tered verbally to participants, and a high global score of 5 or
more indicates poor sleep. Its suitability for use with older
adults in Singapore was demonstrated [71]. It showcased an
internal consistency of 0.83 and showed a correlation with
greater sleepiness on the Epworth Sleepiness Scale (r=0.13)
when applied among men [72].

Measures of Psychosocial Health
Social vulnerability, such as a lack of social networks,
loneliness, and limited social contact, has been shown to
predict cognitive decline among older adults [73]. Apathy
symptoms are also associated with the conversion from MCI
to dementia and incident dementia among community-dwell-
ing older adults [73]. This highlights the importance of
considering social networks and apathy when attempting to
understand cognitive decline. As such, the 6-item Friend-
ship Scale, Lubben Social Network Scale, and the Apathy
Inventory Clinician Version will be used to measure social
isolation and apathy.

The 6-item Friendship Scale measures important dimen-
sions contributing to social isolation and connectedness,
requiring participants to describe the frequency with which
they experience the situations in each question on a 5-point
Likert scale ranging from 1 (almost always) to 5 (not at all).
The scale has been shown to exhibit concurrent discrimi-
nant validity, suggesting its sensitivity to correlates of social
isolation among older adults [74]. It has also been validated
for use among older adults with a reliability of 0.83 and an
excellent internal structure, as the comparative fit index was
0.99 and the root mean square error of approximation was
0.02 [75].

The Lubben Social Network Scale consists of 2 sets of
3 questions aimed at evaluating kinship and nonkinship ties.
Total scores range from 0 to 30, with lower scores indicating
lower levels of social support. The scale has been validated in
past research, showing a Cronbach α of .74 and a conver-
gent validity of −0.3 [76]. It has been used in Singapore to
understand social isolation among community-dwelling older
adults [77].

The Apathy Inventory clinician version is a scale
operationalized into 3 dimensions, namely emotional
blunting, lack of initiative, and lack of interest. Items are
responded to on a yes-or-no scale to determine the presence
or absence of the behavior in the item; then, a 5-point Likert
scale ranging from 0 (no problem) to 4 (major problem) is
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used to determine the score for each dimension. Total scores
range from 0 to 12, with scores of 4 and above indicating
the presence of apathy. The scale has been validated in older
adults and showed a Cronbach α of 0.90 [78]. It has also been
applied to determine chronic behavioral changes in Alzheimer
disease [79].

Measures of Physical Health
Physical frailty will be assessed using the modified Fried
frailty phenotype, assessing 5 components: low hand grip
strength, slow walking speed, low physical activity, self-
reported exhaustion, and low BMI (18.5kg/m2) [80]. Those
who screen positive for at least 3 of these criteria are
considered frail, while those who meet 1‐2 criteria are
classified as prefrail. Participants with a Fried score of 0 are
deemed to be robust. Exhaustion will be assessed using the
Center for Epidemiological Studies-Depression Scale, which
asks how often participants felt the statements “everything
I did was an effort” and “I could not get going.” An affir-
mative answer to either or both questions is considered
positive for exhaustion. Grip strength will be measured using
a hand dynamometer (Jamar Plus+ Digital Hand Dynamom-
eter, USA), with 2 trials for each hand, and the maximum
value of 4 trials will be recorded. Gait speed will be assessed
using a 10-meter walk at usual pace, with the average of 2
trials recorded. We will adopt the Asian Working Group for
Sarcopenia 2019 cut-offs for defining weak hand grip strength
and slow gait speed [81]. Physical activity is self-reported

using the Physical Activity Vital Sign that quantifies time
spent on physical exercise and activities, and values below
the lowest quartile from a local community cohort will be
deemed physically inactive [82]. The Fried phenotype is
the most commonly used of measures for frailty [83]. The
frailty phenotype was operationalized using data from the
Cardiovascular Health Study, a large-scale study of over 5000
older adults in the United States [80]. It has been used in a
number of large-scale longitudinal studies, including one in
Singapore, to quantify physical frailty in community-dwelling
older adults [84-86].

Participants are also scored on the Clinical Frailty Scale
(CFS) for a global clinical assessment of frailty status. CFS
is a 9-point scale that ranges from 1 (very fit) to 9 (termi-
nally ill) [87,88]. Specifically, CFS has been highly recom-
mended as the instrument of choice for frailty screening in
the community and primary care [89]. The CFS has been
validated against the Frailty Index in hospitalized older adults
in Singapore with an AUC score of 0.91 (95% CI 0.87‐0.95;
P<.001) [90]. A classification tree had been introduced to
facilitate the reliable scoring of CFS [91], and this was
modified for our local context (Figure 2) [92]. This method
uses information gathered from other validated toolkits—
specifically the IADL, MBI, and SF-12 (Exhaustion)—to
classify physical frailty. This classification tree approach
to CFS will provide us with a more nuanced approach to
quantifying frailty in older residents living in the community.

Figure 2. Scoring CFS using the modified classification tree [91,92]. BADL: basic activities of daily living; CFS: Clinical Frailty Scale; IADL:
instrumental activities of daily living.
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Measures of Quality of Life
Health-related quality of life will be captured using the
EQ-5D-3L (Singapore version) questionnaire. This question-
naire has 2 parts: the descriptive system and the visual analog
scale (VAS). The descriptive system of the EQ-5D-3L has
5 dimensions: mobility, self-care, usual care pain/discom-
fort, and anxiety/depression. Each dimension has 3 levels
of impairment: no problems (level 1), some problems (level
2), and extreme problems (level 3). An EQ-5D summary
index (single utility index), which ranges between −1.00
(worst possible health state) and 1.00 (perfect health state), is
derived from the 5-digit health state profile using a weigh-
ted method. As for the VAS part, it has a visual scale
from 0 to 100, with 0 being the “worst health the partic-
ipant can imagine” while 100 being the “best health the
participant can imagine” [93]. The EQ-5D-3L is widely used
around the world and has been translated into more than 170
languages. Additionally, it has been validated among patients
with chronic noncommunicable diseases [94-96] as well as
persons with cognitive impairments. It has been validated
against the Health Utilities Index Mark 3 in dementia patients
in Singapore [97]. It has been validated against community-
dwelling older adults with cognitive impairment [98]. The
EQ-5D-3L was validated against corresponding assessment
scales: mobility against the Tinetti Index (correlation: 0.371),
self-care against the Barthel Index (0.340), usual activities
against the Lawton Index (0.628), pain against the VAS pain
scale (0.504), and anxiety against GDS (0.703). Reliability
(internal consistency) has been reported as 0.69 (Cronbach α).

The Mini Nutritional Assessment Short Form (MNA-SF)
is a 6-item questionnaire that has been used to evaluate
the nutritional status of older frail adults [99]. It has been
used in large cohort studies involving community-dwelling
older adults to investigate malnutrition and frailty [100,101].
The MNA-SF comprises 6 questions that cover anthropomet-
ric measurements (BMI and unintentional weight loss), diet
changes, neuropsychological problems, acute disease, and
mobility. Anthropometric measurements are scored between
0 and 3, while all the others range between 0 and 2. The
maximum total score for the MNA-SF is thus 14, and a
score of less than 7 indicates malnutrition, 8 to 11 indicates a
risk of malnutrition, while a score above 12 indicates normal

nutritional status [102]. The MNA-SF has been well-valida-
ted in a number of large-scale studies involving community-
dwelling older adults and has been included in studies that
investigated frailty in the Singapore context [99,103-105].
It has been validated against anthropometric measurements
and functional status (IADL) in Malaysian older adults—
sensitivity: 93.2%, specificity: 79.4% [106].

The 10-meter Walk Test assesses functional mobility and
gait speed. Participants will be instructed to walk at their
usual (self-selected) walking pace over a distance of 14
meters—2 meters are added at the beginning and at the end
of the test to account for the acceleration and deceleration
during the test. Participants will walk 3 times—for the first
2, participants will walk without talking, while for the third
walk, which is the dual-task gait speed trial, they will be
required to count upwards in multiples of 2, starting from the
number 16. A handheld stopwatch and a measuring tape will
be used to facilitate this test.
Sensor Setup and Behaviors/Activities
Captured
After the baseline assessments are completed, participants
will have their homes fitted with a network of sensors
(Table 1) for a period of up to 3 to 6 years. Each sen-
sor will regularly monitor the physical environment through-
out the day and then wirelessly transmit the collected data
to a gateway. The gateway will then send the combined
data to the backend server using secure cellular communica-
tions for monitoring and processing. A data analytics engine
will implement the algorithms for feature extraction of the
daily activities of older adults based on the raw sensor
data collected by home-based devices. A system monitoring
tool will be used to ensure reliable sensor data collection,
providing alerts for system downtime. Each data point will
only be identifiable through the sensor node identifier, and the
mapping between the identifier and location will be securely
stored and accessible only to the research project investiga-
tors.

The study aims to capture several behaviors of inter-
est using a sensor network. The primary behavior under
investigation is forgetfulness, along with in-home activity
levels, sleep quality, outings, and physical activity.
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Table 1. Home-based sensors to be deployed.
Type of sensor Location of sensor Data collected Interpretation
Gateway Device (n=1) (eg, Raspberry
Pi 4B + Wi-Fi dongle and Z-Wave
stick)

Living room Consolidation/Storage of all data
collected and retransmission to secure

N/Aa

Passive infrared sensor (n=3) (eg,
Aeotec motion sensor 5) for single-
occupancy homes only

Living room, bedroom,
and kitchen

Presence/absence of activities Activity levels (in-home/out-of-home/at sensor
locations)

BLEb Receivers (n=3) (eg, ESP32)
for multi-occupancy homes only

Living room, bedroom,
and kitchen

Presence/absence of activities Activity levels (in-home/out-of-home/at sensor
locations)

Door contact sensor (n=1) (eg, Aeotec
door sensor 7)

Main door Number of opening and closing of
main house door - per day, per week,
and per month

Duration participant spends time at home and out
of home

Medication box with contact sensor
(n=1) (eg, Aeotec door sensor 7)

Depends on user’s
preference

Number of opening and closing of
medication box - per day, per week,
and per month

Frequency of forgetfulness to take medication

Bed pressure mat + contact sensor
(n=1) (eg, Aeotec door sensor 7)

Bedroom Contact duration Sleep duration and sleep quality (sleep time, wake
time, number of sleep interruptions, and sleep
interruption duration)

Beacon tags (n=2) (eg, D15N) Key and wallet Locations of key/wallet within the
home or out of home

Duration participants spend time at home and out
of home. Frequency of forgetfulness to take keys
or/and wallet

Wearable sensor (n=1) (eg, Mi Band) On wrist of participant Step count and heart rate Physical activity levels of participant
aNot applicable.
bBLE: bluetooth low energy.

To measure forgetfulness, a combination of sensor data will
be used. Participants will be provided with a sensor-equipped
medication box (Figure 3, top-left) to store their prescription
medications. Data will be generated each time the box is
opened, and this, in combination with expected medication
frequency information obtained at baseline, will enable the
determination of the frequency of forgetting to take medica-
tion at the prescribed timing. Additionally, medication intake
timing variation will be trackable.

In-home activity levels and the frequency of outings for
individuals living alone will be inferred using door con-
tact sensors (Figure 3, top-middle) and PIR motion sensors
(Figure 3, top-right), which will detect the opening and
closing of a participant’s main door. A bed sensor (Figure
3, bottom-left) based on fiber optics technology will be
placed under the participant’s mattress to collect data on
sleep duration and quality. Participants will be requested to
wear a wearable activity band (Figure 3, bottom-middle) to
measure heart rate and daily steps. For individuals living
with family, the PIR motion sensors will be replaced by 3
signal receivers (such as ESP32) for tracking the location of
the individual carrying a wearable or personal beacon. This
specific configuration imposes the requirement for additional
power points for the 3 USB-powered Bluetooth low energy
(BLE) receivers and the participant wearing a smart band or
beacon at all times.

Proximity beacons (Figure 3, bottom-right) will be
attached to the personal belongings of participants, such as
keychains and wallets, allowing for the estimation of the
distance between the item and the home gateway. The use
of these beacons in conjunction with wearable, PIR motion,
and door contact sensors will allow us to determine whether a
participant has forgotten to bring these items with them when
leaving the home.

All in-home sensors are passive and unobtrusive in nature
—they do not require any form of input from the partici-
pants. However, future phases of this study could include
sensors that might require personalized nudges for the older
participants/caregivers. To facilitate this, we will incorporate
quick guides and standardize training packages that would be
completed by the older participants/caregivers.

To assess frailty, the study will collect data on step count,
percentage of sedentary time, percentage of active time,
number of outings, movement complexity, and heart rate.
Additionally, a new sensor—3DGait (CareCam, Singapore)—
will be piloted in this study to capture gait speed during the
yearly SPPB assessments. The 3DGait is a Food and Drug
Administration–approved innovative software solution that
captures human motions using an integrated video acquisition
system. It is able to accurately quantify angular, spatial, and
temporal parameters related to gait, using a single iPad Pro.
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Figure 3. Home-based sensors to be deployed: (A) Contact sensors attached to the medication box. (B) Door contact sensors. (C) Passive infrared
sensors. (D) Pressure sensors for beds. (E) Wearable activity band (Xiaomi Mi Band). (F) Proximity sensors on keys and wallets.

Privacy and Qualitative Aspects
None of the home-based sensors will have video-recording
capabilities. The motion sensors will detect only the presence
or absence of motion, and all other captured activities will
be inferred through the use of the various sensors mentioned
above. Being mindful of the ongoing conversations, which
are indeed much needed, in this field of health monitoring
and of concerns with intrusiveness, the researchers will elicit
feedback from the participants on their reasons for participat-
ing in the study, as well as their experiences with remote
monitoring systems.
Outcome Measures and Definitions
The primary outcome measures for this study are the
transition of cognitive state (ie, conversion from healthy
cognition to MCI or early dementia) and the transition from a
robust state to PF or frailty. The secondary outcome measure
is global cognitive function deterioration, as indicated by a
decline in scores for the MMSE and MoCA, and a composite
neuropsychological test battery [107].

MCI and dementia status will be assessed annually through
a clinical diagnostic review. An MCI diagnosis will be
determined based on the following criteria [108]: (1) self-
reported memory and cognitive difficulties or difficulties
observed by an informant/clinician; (2) impairment in one or
more domains of the MMSE, with a total score ranging from
24 to 27, or a decrease of ≥ 2 points in MMSE scores from

baseline; a score 1 to 2 SDs below the age and education-
adjusted mean values for at least one neurocognitive domain
(ie, attention, memory, executive function, and language or
visuospatial abilities), or a decrease of 0.5 SD (vs baseline)
during follow-up assessments; (3) a total score of ≥0.5 for
the Clinical Dementia Rating Scale; (4) being essentially
independent in performing basic activities of daily living; (5)
not being diagnosed with dementia.

A dementia diagnosis will require evidence of (1)
objective cognitive deficit (ie, a total score for MMSE≤23,
or scores for a neurocognitive domain 2 SDs less than the
mean values adjusted by age and education); (2) the presence
of functional disability (ie, requiring help with at least one
basic activity of daily living or a global score for the Clinical
Dementia Rating Scale≥1).

Frailty status will be assessed annually using the modified
Fried frailty phenotype. Incident PF/frailty will be defined
as progression from a state of robustness at baseline to PF/
frailty at follow-up. Progressive frailty will be defined as an
incremental Fried score at follow-up relative to baseline.

Additional questionnaires will be performed annually,
including the Mini Nutritional Assessment, a Global Physical
Activity questionnaire, and a count of the number of near
falls/falls over the past year. All assessments, including
questionnaires, can be done over separate sessions. Partic-
ipants have the option to do the assessments at separate
sittings if it is tiring for them. However, we will conduct
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all sessions within a timeframe of 7 days. Additionally,
cognitive assessments will be conducted first to avoid
physical assessments tiring the participant out.

To mitigate the challenge of high missing and NA rates,
daily biomarker values collected from a single participant will
be averaged over a weekly or monthly period. The averag-
ing process will produce fewer but higher-quality biomarker
records with more reliable values and lower missing/NA
rates.

Data Analysis

Sensor Data Processes and Biomarker
Extraction
Figure 4 shows the process of extracting digital biomarkers
from the raw sensor data. The key steps are elaborated below.

Figure 4. The process of extracting digital biomarkers from the raw sensor data.

• Biomarker feature extraction: Based on the intervals
of sensor readings, each daily biomarker feature is
extracted following some predefined pattern-matching
rules to detect the participant’s state of behavior. For
example, to obtain the number of lapses in taking
medication (forgetfulness), a rule is used to detect the
state that the participant does not take the medication
as prescribed based on the absence of readings from the
medication box sensor within a range of time intervals
in the day.

• Intermediate features preprocessing: Based on the valid
sensor data of every participant, each day is divided
into intervals of δ minutes (currently, we use δ = 5)
in sequential order. The number of sensor readings and
their values for every sensor type that occurred within
each interval are then recorded.

• Data purging: In this operation, valid raw sensor data
are selected based on the periods wherein the in-home
sensor gateway system was functional. This step is
necessary to filter away unusable sensor data captured
when a gateway is down for over a certain period of
time.

Daily biomarkers are considered missing when the corre-
sponding behavior states related to the biomarkers cannot be
determined. For example, the absence of readings from all
the motion sensors during the entire day causes the positional
state of the participant to be undetectable, leaving the activity
biomarkers of that day missing. Similarly, when the sleeping
and awake states cannot be detected because of a prolonged
absence of readings from the bed pressure sensor in a day, all
sleep biomarkers are considered missing.

On the other hand, biomarker values can be considered
as not applicable when the values are not relevant or
meaningful under specific circumstances. For example, the
sleep time biomarker is considered not applicable when the
sleep duration biomarker is 0; forgetting medication is not

applicable as well, when the participant does not have any
medication prescription.

Statistical Analysis
At baseline, descriptive statistics for demographic informa-
tion and psychometric scores will be analyzed and presented
for all participants. Baseline characteristics will be compared
between healthy participants and participants with MCI or
PF/frailty using 2 independent sample t-tests or Wilcoxon
rank sum tests (depending on the normality assumption) for
continuous variables, and Pearson chi-square tests or Fisher
exact tests (where appropriate) for categorical variables.

Group-based trajectory modeling will be used to classify
the study population into distinct subgroups based on the
patterns of the individual sensor-derived variables and the
coefficient of variations recorded over time. The analysis will
be conducted via SAS PROC TRAJ (SAS Inc, Cary, NC,
USA), which will be used to perform the analyses, a method
described by Jones et al [109] in their seminal work. This
procedure integrates 2 statistical models estimated simulta-
neously via maximum likelihood. The first model develops
trajectories for the different latent cohorts as a function of
time from the baseline. Quadratic or cubic functions of time
may be included if they improve model fitness, as deter-
mined by the Bayesian information criterion. The second
model is a multinomial regression model, which examines the
associations of participants’ baseline characteristics with the
probability of membership in the homogeneous latent groups.
To deal with missing values, complete case analysis is the
default method, but SAS PROC TRAJ also allows for the
use of multiple imputations to address missingness, where
necessary.

JMIR RESEARCH PROTOCOLS Moon et al

https://www.researchprotocols.org/2026/1/e79490 JMIR Res Protoc 2026 | vol. 15 | e79490 | p. 11
(page number not for citation purposes)

https://www.researchprotocols.org/2026/1/e79490


Artificial Intelligence Predictive Modeling
Methods
To detect individuals at high risk of developing MCI/
dementia or PF/frailty, machine learning prediction mod-
els will be developed and cross-validated according to the
extracted clinical data and spatiotemporal daily activity data
(from sensors). Model performance (ie, sensitivity, specific-
ity, and AUC) of these prediction models against gold-stand-
ard diagnostic outcomes. The models will undergo rigorous
cross-validation (CV) to ensure robustness, using subsets of
the data to prevent overfitting and ensure generalizability.
CV will involve partitioning the data into training and testing
sets, enabling the models to be trained on one portion while
performance is assessed on another. This approach ensures
that the models can reliably predict high-risk individuals
across different subsets of the population.

We will apply artificial intelligence (AI) methods,
namely spatial-temporal neural network models for predic-
tive modeling, using the sensor-derived data and clinical
assessment data to classify older adults’ behavioral change
patterns based on the outcomes assessed at the yearly visits
across the 3 participant groups (ie, healthy control, MCI/
early dementia, and PF/frailty groups). The goal here will
be to build predictive models using the longitudinal data
regarding specific daily activities (eg, particularly sleep state,
heart rate, medication intake, step count, outings, and room
transitions) as learning data for the spatiotemporal neural
network models, which will then capture the longitudinal
dynamics of the participants’ cognitive performance and
status.

Two classes of neural network models will be explored
and compared, that is, the hierarchical form of self-organ-
izing networks known as fusion adaptive resonance theory
(ART) models [110], and deep recurrent neural networks,
in particular, long short-term memory [111]. These two
neural network models have been shown to provide prom-
ising performance in sequence and temporal modeling. For
this project, we will formulate the prediction task as a
spatial-temporal classification problem, which can typically
be addressed via a supervised learning paradigm, wherein
sensor-derived data and clinical assessment data collected
over a period of time (window) are used as input pattern
features, while older adults’ cognitive states (ie, consider-
ing the healthy control, MCI, and early dementia groups)
are used as the output classes (labels). A key feature of
fusion ART models is the ability to perform online one-shot
learning, which is advantageous for learning from a small
number of training samples. This will be critical in our
study because of the technical challenge when using machine
learning methods, named as “small data problem,” which
is typically faced when working with user data collected
from real-world settings. The performance of the fusion ART
and long short-term memory–based models will be bench-
marked against the commonly used machine learning models
and methods, including k-nearest neighbor, support vector
machine, decision tree, random forest, and LightGBM.

AI Model Training and Validation
The AI-based predictive model will be built using data
collected from 200 older adults recruited in this project.
Then, considering a period of 3 years and using a sliding
prediction window of over 3×365 days, this study can yield
up to 1095 daily data points for each participant, together
with the cognitive and physical frailty status assessments. In
total, we expect to have 2,19,000 daily data points across 200
participants in a 3-year period.

Based on the collected daily data, a CV methodology
will be adopted to train and evaluate the performance of
the predictive model. For example, using 10-fold CV, 90%
of the full dataset will be used to train the model, while
the remaining 10% will be used to validate the classification
accuracy of the model. The evaluation is repeated 10 times
so that all data samples are used for validation once across
the 10 experiments. Also, CV evaluations will be further
performed in both the cross-sectional (ie, across different
participants over the entire time period) and temporal holdout
manners (ie, for the entire group of participants over different
time periods). Specifically, under cross-sectional CV, data
samples from 90% of the participants will be used to train
the model, while the data of the remaining 10% partici-
pants will be used for validation. This allows us to validate
the performance of the trained model on new and unseen
participants. For temporal holdout CV, the first 90% data
collected over time from all participants are used for training
the model, and the last 10% data are used for validation. This
enables us to validate the performance of the trained model
in predicting the cognitive classes of the existing cohort
in the future over time. Standard performance measures
for classification will be applied to assess the sensitivity,
specificity, and AUC of the predictive models against the
gold standard diagnostic outcomes.

CV experiments will be conducted using the data collected
in the first 2 to 3 years of the study. Data collected in the
subsequent stage of the project can be used as an external
validation set for evaluating the predictive models developed.

Results
Enrollment for this study started in November 2019 and
will continue until March 2030. As of June 2025, we have
enrolled 138 participants. Full data analysis has yet to begin.

Discussion
Principal Findings
We anticipate that continuous in-home monitoring using a
multi-sensor system will generate behavioral and functional
indicators capable of distinguishing normal aging from early
cognitive and physical decline. Based on prior evidence, we
expect that sensor-derived features—such as gait variabil-
ity, activity regularity, sleep patterns, and medication-tak-
ing behaviors—will differ meaningfully between individuals
who remain cognitively and physically stable and those
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who progress to MCI, early dementia, PF, or frailty. We
further hypothesize that supervised machine learning models
integrating these sensor-based features with annual clinical
assessments will demonstrate strong predictive performance
in identifying individuals at elevated risk of transition. These
anticipated findings would support the feasibility of unobtru-
sive, home-based sensing as a scalable approach for early
detection and risk stratification in community-dwelling older
adults.

This 6-year longitudinal study will be conducted to
monitor changes in behavioral patterns among older adults
using a home-based sensor system. Results and learning
points from this study will be used to develop a dependable
and efficient sensor system for in-home use that can detect
early signs of cognitive and physical decline. It is common
for older adults in Singapore to seek clinical intervention only
when their cognitive impairment has reached an advanced
stage. Considering this situation, the implementation of a
readily deployable sensor system in community settings
presents an opportunity for prompt intervention and holds
potential to help delay or even reverse disease progression.
The data collected by the sensor system can also be val-
uably used in supplementing the data from neurocognitive
and physical assessments, affording clinicians more relia-
ble information for making a diagnosis. The proposed AI
modeling method has several advantages over the methods
currently found in the literature. First, the selected behavio-
ral data will be measured using nonintrusive techniques and
will be used for building predictive models. While previous
studies typically made use of structural neuroimaging or
electroencephalogram measurements, our behavioral markers
will be collected using simple sensors/wearables and, hence,
will be innovative, unobtrusive, and have good potential
for upscaling. To our knowledge, this will be a first-of-
its-kind study, using longitudinal, sensor-derived behavioral
data from people in the community for building predictive
models. Second, most prior studies focused on recognizing
the cognitive states of participants at a single time point,
whereas this study will aim to attempt the more challenging
task of predicting the cognitive trajectories of participants
over a longer period. If successful, this could contribute to our
current understanding of prognostic markers.

This study is planned to evolve into a larger cohort
study incorporating serum and neuroimaging biomarkers. We
envision that an increasing number of homes will be equipped
with clinically studied smart sensors capable of continuously
monitoring various health indices related to aging, thereby
enabling older adults to enjoy more functional and meaning-
ful lives.
Anticipated Challenges

Privacy
The home-based sensor system that will be used in this study
does not have voice or video-recording capabilities. Specifi-
cally, PIR sensors can only detect the presence or absence
of motion, while the beacon tags lose their connection to the

gateway device once they are out of their homes; thus, they
do not have tracking capability.

In an earlier feasibility study, there were concerns that the
intrusiveness of the continuous monitoring procedures could
be an obstacle to recruitment [26]. However, the older adults
who lived alone in this cited study expressed enthusiasm
to have the system developed to assist them with cognitive
monitoring and did not express concerns about intrusiveness,
as long as there were no video cameras. Moreover, this
study proposal has measures to safeguard data confidential-
ity. Regardless of these efforts, we will gather qualitative
feedback from participants upon study conclusion to better
understand the usability and areas for improvement regarding
the monitoring system.

Maintenance
Since it is anticipated that the sensors need to run smoothly
and continuously (24-7) over an extended period of time,
we expect that there would be a need to mitigate hardware
failures (eg, issues with battery lifespan, faulty hardware), an
online dashboard system will be used to monitor the status of
all deployed sensors and to promptly alert our data engineers
for attention and necessary actions.

Maintenance visits will be scheduled periodically (every
3‐4 months) for battery replacement, when the participant
calls to inform about faulty devices, or when the study team
determines that the sensors require servicing. Maintenance
visits will be arranged as soon as the participant’s schedule
permits.

The research team will also provide participants with
regular reimbursements to mitigate the electricity costs of the
gateway device, which needs to be plugged into an electrical
outlet.

System Complexity Versus Adherence
Our current sensor configuration offers an elaborate setup,
consisting of a home gateway, motion sensors, door contact
sensors, medication box, a bed pressure mat, BLE beacons,
and wearables. As it may be too complex for low-tech literacy
homes to handle and create many failure points over the
years, a tiered deployment scheme (such as Base: Gateway+
PIR+door; Plus: Base+ beacons+medbox; and Full: Plus+
bed+wearable) could be considered, whereby the seniors
may elect to participate with a preferred level of deploy-
ment. Augmented with criteria to upgrade/downgrade per
household based on early adherence and living context, this
tiered deployment will help to reduce dropouts, wastage
in hardware, and effort of deployment/maintenance, while
preserving data quality.

Wearable Adherence and Contingencies
Long-term wristband use is typically the weakest link of
in-home sensing due to various issues such as skin irritation,
forgetting, and charging. Guidelines will be provided to the
participants regarding predefined minimum wear time KPIs
(eg,≥10 h/d on ≥70% of day). We will also provide accessory
options, such as spare straps and hypoallergenic bands, and

JMIR RESEARCH PROTOCOLS Moon et al

https://www.researchprotocols.org/2026/1/e79490 JMIR Res Protoc 2026 | vol. 15 | e79490 | p. 13
(page number not for citation purposes)

https://www.researchprotocols.org/2026/1/e79490


institute regular reminder routines to improve the data quality.
Critically, our data processing and AI predictive models
will also be designed to tolerate missing wearable-related
biomarkers and are still capable of learning a model from
readings of other sensors.

Medication Sensing Validity
Adherence to consistently taking medications from the
designated box is another challenge, as many elders may
decant pills into weekly organizers or multiple storage sites.
Possible measures to mitigate such risk include briefings
to participants and obtaining user acknowledgment during
deployment regarding proper use of medication boxes,
running calibration against prescriptions, and recording of
“not applicable” days operationally.

Beacon Practicality and False Positives
The use of key/wallet beacons assumes those items are
always attached to the items and carried by the older adults.
To mitigate the risk, such as adhesive failures and miss-
ing beacons, spare beacons and robust attachments will be
provided. In addition, a monthly self-check can be institu-
ted to remind elders of the importance of bringing beacons
with them outdoors. To reduce false alarms, the “forgetting”
features will be triangulated with the door/PIR patterns and
medication timing variability.

Multioccupancy Homes and Visitors
Our target expanded cohort will include people both living
alone and with others. As the PIR and door sensors are
unable to attribute movement to individuals, additional BLE
receivers will be installed in place of the PIR sensors to
monitor the whereabouts of the specific participants.

Data Completeness and Feasibility Endpoints
For measuring data completeness and quality, various
operational feasibility outcomes can be tracked and reported
quarterly, such as sensor uptime, proportion of analyzable
days per participant, mean devices online/day, time-to-alert-
triggered maintenance visit, and device-related complaint
rates. These metrics will help us assess real-world scalability
beyond a research setting.

Validation Splits and Label Sparsity
With ≈200 participants but up to 219,000 daily rows over 3
years, cross-validation must avoid leakage. We will replace
the generic 10-fold CV with participant-level grouped CV
and temporal holdouts (train on early windows, test on
later windows). In addition, we will also consider quarterly
intermediate labels derived from cognitive trajectories to
address annual label sparsity for temporal models.

Safety Monitoring and Privacy
To ensure the safety of the older adult participants who live
alone, we have incorporated algorithms within our dashboard

system to alert the research team if the sensors system does
not detect any expected movement (when it was expected,
ie, the algorithm “identifies that participant is at home”) for
a total of 24 h. Such cases are first checked against the
participants’ travel schedule and indoor/outdoor status based
on the prior sensor readings. The verified alert cases will
be elevated to the research team who will then contact the
participant, followed by caregivers/next of kin and commun-
ity partners to ensure that the participant is well and safe.

Data Management
Each participant will be assigned a unique participant
identifier number upon successful enrollment. Once assigned,
the participant will be followed up anonymously using
this unique number. Only the principal investigator and
the assigned study team member will have access to the
participant data link to the identifiers. All consent forms and
hardcopy data collection forms will be stored under lock and
key, and in areas of the hospital with restricted access. Data
will only be accessed by the principal investigator and the
assigned study team member.

All research data will be managed in accordance with
Good Clinical Practice standards. Study data will be entered
into a secure institutional electronic system that incorporates
controlled access and routine backups. Only authorized study
personnel will have access according to predefined roles.
Administrative files (eg, enrolment logs or scheduling sheets)
will be maintained in password-protected spreadsheets stored
on an encrypted, access-restricted institutional server. These
documents are operational in nature and do not constitute the
study’s primary research database.

Three levels of data monitoring will be used to secure data
accuracy. At the first level, research assistants will ensure that
the data entry and scoring on the hardcopy forms are accurate,
and they will also ensure accuracy in the transfer of the
hardcopy data to the electronic datasets. At the second level,
another research staff member will go through the hardcopy
forms and electronic datasets to ensure that the data comply
with each other.

Protocol Deviations
Serious adverse events and unanticipated problems will
be reported within 24 hours to the SingHealth Central-
ized Institutional Review Board from the day the principal
investigator becomes aware of the issue.

Dissemination
All findings from this study will be communicated to the
scientific community via peer-reviewed publications and
conferences. Key findings will be shared with the general
public via community workshops and media interviews.

JMIR RESEARCH PROTOCOLS Moon et al

https://www.researchprotocols.org/2026/1/e79490 JMIR Res Protoc 2026 | vol. 15 | e79490 | p. 14
(page number not for citation purposes)

https://www.researchprotocols.org/2026/1/e79490


Acknowledgments
The study team would like to acknowledge Allkin Active Aging Center, Anglican Active Aging Center, Asian Women’s
Welfare Association (Singapore), Chinatown Active Aging Center, Fei Yue Active Aging Center, Fernvale Community
Center, Lions Befrienders, Methodist Welfare Services, NTUC Health, People’s Association, Precious Active Aging Center,
Presbyterian Community Services, Silver Generation Office, Singapore Longitudinal Aging Studies (SLAS) study, Thye Hua
Kwan Moral Charities, and the Wellness Kampung for their kind support. We would also like to acknowledge the valuable
support from Mr Andy Chan Yong Ann, Ms Josephine Lee Sze Ching, Ms Audrey Ling, Ms Savannah Siew, Dr Budhitama
Subagdja, and Mr Tran Quang Thanh.
Funding
This research was supported by the Sengkang General Hospital, Singhealth Foundation, the National Medical Research
Council Transition Award (TA22jul-0012), the NMRC Centre Grant Programme (CG21APR3007), the SMU-A*STAR Joint
Lab in Social and Human-Centered Computing (grant number SAJL-2022-HAS001), and the Lee Kong Chian Professorship
awarded by Singapore Management University. The sponsors had no role in the design of the study, nor will they have any in
its conduct; they will also play no role in the collection, analysis, and interpretation of data; preparation of the manuscript; or
review or approval of the manuscript.
Data Availability
Data management and any sharing of study data will adhere to the NMRC Research Data Governance and Sharing Framework,
institutional data-management policies, and all applicable legislation governing personal and health information. In accordance
with NMRC requirements, anonymized Final Research Data and associated metadata will be deposited in the NMRC Research
Data Repository. Access to this data by external researchers will be governed by NMRC’s controlled access processes,
including submission of a data-request application and review by the Data Contributing Institution and relevant oversight
committees. No additional public data release is planned at this stage.
Authors’ Contributions
IR and AHT developed the study concept and designed the protocol framework. JPM, TCIT, IR, RM, LT, TPN, KAJ, YWY,
TST, LTS, TSM, WK, and AHT contributed to the development of study methods. TCIT and IR secured ethical approvals. IR
obtained institutional support and funding to support the study. IR and AHT provided overall guidance and oversight of the
protocol development. JPM, IR, TCIT, KAJ, and AHT prepared the initial manuscript draft. All authors have read and agreed
to the published version of the manuscript.
Conflicts of Interest
None declared.
Checklist 1
STROBE Checklist.
[PDF File (Adobe File), 150 KB-Checklist 1]
References
1. World population prospects 2024. United Nations Department of Economic and Social Affairs (DESA) Population

Division. 2019. URL: https://population.un.org/wpp/Download/Standard/Population [Accessed 2024-09-23]
2. Qiu Y, Li G, Wang X, et al. Prevalence of cognitive frailty among community-dwelling older adults: a systematic

review and meta-analysis. Int J Nurs Stud. Jan 2022;125:104112. [doi: 10.1016/j.ijnurstu.2021.104112]
3. Ofori-Asenso R, Chin KL, Mazidi M, et al. Global incidence of frailty and prefrailty among community-dwelling older

adults. JAMA Netw Open. Aug 2, 2019;2(8):e198398. [doi: 10.1001/jamanetworkopen.2019.8398]
4. Feng L, Zin Nyunt MS, Gao Q, Feng L, Yap KB, Ng TP. Cognitive frailty and adverse health outcomes: findings from

the Singapore longitudinal ageing studies (SLAS). J Am Med Dir Assoc. Mar 1, 2017;18(3):252-258. [doi: 10.1016/j.
jamda.2016.09.015] [Medline: 27838339]

5. Collard RM, Boter H, Schoevers RA, Oude Voshaar RC. Prevalence of frailty in community-dwelling older persons: a
systematic review. J Am Geriatr Soc. Aug 2012;60(8):1487-1492. [doi: 10.1111/j.1532-5415.2012.04054.x] [Medline:
22881367]

6. Allegri RF, Glaser FB, Taragano FE, Buschke H. Mild cognitive impairment: believe it or not? Int Rev Psychiatry. Aug
2008;20(4):357-363. [doi: 10.1080/09540260802095099] [Medline: 18925484]

7. Petersen RC, Negash S. Mild cognitive impairment: an overview. CNS Spectr. Jan 2008;13(1):45-53. [doi: 10.1017/
s1092852900016151] [Medline: 18204414]

JMIR RESEARCH PROTOCOLS Moon et al

https://www.researchprotocols.org/2026/1/e79490 JMIR Res Protoc 2026 | vol. 15 | e79490 | p. 15
(page number not for citation purposes)

https://jmir.org/api/download?alt_name=resprot_v15i1e79490_app1.pdf
https://jmir.org/api/download?alt_name=resprot_v15i1e79490_app1.pdf
https://population.un.org/wpp/Download/Standard/Population
https://doi.org/10.1016/j.ijnurstu.2021.104112
https://doi.org/10.1001/jamanetworkopen.2019.8398
https://doi.org/10.1016/j.jamda.2016.09.015
https://doi.org/10.1016/j.jamda.2016.09.015
http://www.ncbi.nlm.nih.gov/pubmed/27838339
https://doi.org/10.1111/j.1532-5415.2012.04054.x
http://www.ncbi.nlm.nih.gov/pubmed/22881367
https://doi.org/10.1080/09540260802095099
http://www.ncbi.nlm.nih.gov/pubmed/18925484
https://doi.org/10.1017/s1092852900016151
https://doi.org/10.1017/s1092852900016151
http://www.ncbi.nlm.nih.gov/pubmed/18204414
https://www.researchprotocols.org/2026/1/e79490


8. Petersen RC, Lopez O, Armstrong MJ, et al. Author response: practice guideline update summary: mild cognitive
impairment: report of the guideline development, dissemination, and implementation subcommittee of the American
academy of neurology. Neurology (ECronicon). Aug 21, 2018;91(8):373-374. [doi: 10.1212/WNL.0000000000006042]

9. Jia J, Zhou A, Wei C, et al. The prevalence of mild cognitive impairment and its etiological subtypes in elderly Chinese.
Alzheimers Dement. Jul 2014;10(4):439-447. [doi: 10.1016/j.jalz.2013.09.008] [Medline: 24418053]

10. Sachdev PS, Lipnicki DM, Kochan NA, et al. The prevalence of mild cognitive impairment in diverse geographical and
ethnocultural regions: the COSMIC collaboration. PLoS ONE. 2015;10(11):e0142388. [doi: 10.1371/journal.pone.
0142388]

11. Lonie JA, Parra-Rodriguez MA, Tierney KM, et al. Predicting outcome in mild cognitive impairment: 4-year follow-up
study. Br J Psychiatry. Aug 2010;197(2):135-140. [doi: 10.1192/bjp.bp.110.077958] [Medline: 20679266]

12. Ward A, Tardiff S, Dye C, Arrighi HM. Rate of conversion from prodromal Alzheimer’s disease to Alzheimer’s
dementia: a systematic review of the literature. Dement Geriatr Cogn Dis Extra. 2013;3(1):320-332. [doi: 10.1159/
000354370] [Medline: 24174927]

13. Lim WS, Wong CH, Ding YY, Rockwood K, Lien C. Translating the science of frailty in Singapore: results from the
national frailty consensus discussion. Ann Acad Med Singap. Jan 2019;48(1):25-31. [Medline: 30788491]

14. Liu X, Ng DM, Seah JT, Munro YL, Wee SL. Update on interventions to prevent or reduce frailty in community-
dwelling older adults: a scoping review and community translation. Curr Geri Rep. Jun 2019;8(2):72-86. [doi: 10.1007/
s13670-019-0277-1]

15. Travers J, Romero-Ortuno R, Bailey J, Cooney MT. Delaying and reversing frailty: a systematic review of primary care
interventions. Br J Gen Pract. Jan 2019;69(678):e61-e69. [doi: 10.3399/bjgp18X700241] [Medline: 30510094]

16. Shimada H, Doi T, Lee S, Makizako H. Reversible predictors of reversion from mild cognitive impairment to normal
cognition: a 4-year longitudinal study. Alz Res Therapy. Dec 2019;11(1):1-9. [doi: 10.1186/s13195-019-0480-5]

17. Murukesu RR, Singh DKA, Shahar S, Subramaniam P. A multi-domain intervention protocol for the potential reversal
of cognitive frailty: “WE-RISE” randomized controlled trial. Front Public Health. 2020;8:471. [doi: 10.3389/fpubh.
2020.00471] [Medline: 33014971]

18. Ngandu T, Lehtisalo J, Solomon A, et al. A 2 year multidomain intervention of diet, exercise, cognitive training, and
vascular risk monitoring versus control to prevent cognitive decline in at-risk elderly people (FINGER): a randomised
controlled trial. The Lancet. Jun 2015;385(9984):2255-2263. [doi: 10.1016/S0140-6736(15)60461-5]

19. Williamson JD, Pajewski NM, Auchus AP, et al. Effect of intensive vs standard blood pressure control on probable
dementia. JAMA. Feb 12, 2019;321(6):553. [doi: 10.1001/jama.2018.21442]

20. Blumenthal JA, Smith PJ, Mabe S, et al. Lifestyle and neurocognition in older adults with cognitive impairments.
Neurology (ECronicon). Jan 15, 2019;92(3):e212-e223. [doi: 10.1212/WNL.0000000000006784]

21. Blumenthal JA, Smith PJ, Mabe S, et al. Longer term effects of diet and exercise on neurocognition: 1-year follow-up of
the ENLIGHTEN trial. J Am Geriatr Soc. Mar 2020;68(3):559-568. [doi: 10.1111/jgs.16252] [Medline: 31755550]

22. Maharani A, Dawes P, Nazroo J, Tampubolon G, Pendleton N, SENSE-Cog WP1 group. Longitudinal relationship
between hearing aid use and cognitive function in older Americans. J Am Geriatr Soc. Jul 2018;66(6):1130-1136. [doi:
10.1111/jgs.15363] [Medline: 29637544]

23. Bucholc M, McClean PL, Bauermeister S, et al. Association of the use of hearing aids with the conversion from mild
cognitive impairment to dementia and progression of dementia: a longitudinal retrospective study. A&D Transl Res &
Clin Interv. Jan 2021;7(1):e12122. URL: https://alz-journals.onlinelibrary.wiley.com/toc/23528737/7/1 [doi: 10.1002/
trc2.12122]

24. Piau A, Steinmeyer Z, Cesari M, et al. Intrinsic capacitiy monitoring by digital biomarkers in integrated care for older
people (ICOPE). J Frailty Aging. 2021;10(2):132-138. [doi: 10.14283/jfa.2020.51] [Medline: 33575701]

25. Alharbi K, van Marwijk H, Reeves D, Blakeman T. Identification and management of frailty in English primary care: a
qualitative study of national policy. BJGP Open. 2020;4(1):bjgpopen20X101019. [doi: 10.3399/bjgpopen20X101019]
[Medline: 32184213]

26. Rawtaer I, Mahendran R, Kua EH, et al. Early detection of mild cognitive impairment with in-home sensors to monitor
behavior patterns in community-dwelling senior citizens in Singapore: cross-sectional feasibility study. J Med Internet
Res. May 5, 2020;22(5):e16854. [doi: 10.2196/16854] [Medline: 32369031]

27. Kua EH, Rathi M. Mental health care in Singapore: current and future challenges. Taiwan J Psychiatry. 2019;33(1):6.
[doi: 10.4103/TPSY.TPSY_2_19]

28. Bradford A, Kunik ME, Schulz P, Williams SP, Singh H. Missed and delayed diagnosis of dementia in primary care:
prevalence and contributing factors. Alzheimer Dis Assoc Disord. 2009;23(4):306-314. [doi: 10.1097/WAD.
0b013e3181a6bebc] [Medline: 19568149]

JMIR RESEARCH PROTOCOLS Moon et al

https://www.researchprotocols.org/2026/1/e79490 JMIR Res Protoc 2026 | vol. 15 | e79490 | p. 16
(page number not for citation purposes)

https://doi.org/10.1212/WNL.0000000000006042
https://doi.org/10.1016/j.jalz.2013.09.008
http://www.ncbi.nlm.nih.gov/pubmed/24418053
https://doi.org/10.1371/journal.pone.0142388
https://doi.org/10.1371/journal.pone.0142388
https://doi.org/10.1192/bjp.bp.110.077958
http://www.ncbi.nlm.nih.gov/pubmed/20679266
https://doi.org/10.1159/000354370
https://doi.org/10.1159/000354370
http://www.ncbi.nlm.nih.gov/pubmed/24174927
http://www.ncbi.nlm.nih.gov/pubmed/30788491
https://doi.org/10.1007/s13670-019-0277-1
https://doi.org/10.1007/s13670-019-0277-1
https://doi.org/10.3399/bjgp18X700241
http://www.ncbi.nlm.nih.gov/pubmed/30510094
https://doi.org/10.1186/s13195-019-0480-5
https://doi.org/10.3389/fpubh.2020.00471
https://doi.org/10.3389/fpubh.2020.00471
http://www.ncbi.nlm.nih.gov/pubmed/33014971
https://doi.org/10.1016/S0140-6736(15)60461-5
https://doi.org/10.1001/jama.2018.21442
https://doi.org/10.1212/WNL.0000000000006784
https://doi.org/10.1111/jgs.16252
http://www.ncbi.nlm.nih.gov/pubmed/31755550
https://doi.org/10.1111/jgs.15363
http://www.ncbi.nlm.nih.gov/pubmed/29637544
https://alz-journals.onlinelibrary.wiley.com/toc/23528737/7/1
https://doi.org/10.1002/trc2.12122
https://doi.org/10.1002/trc2.12122
https://doi.org/10.14283/jfa.2020.51
http://www.ncbi.nlm.nih.gov/pubmed/33575701
https://doi.org/10.3399/bjgpopen20X101019
http://www.ncbi.nlm.nih.gov/pubmed/32184213
https://doi.org/10.2196/16854
http://www.ncbi.nlm.nih.gov/pubmed/32369031
https://doi.org/10.4103/TPSY.TPSY_2_19
https://doi.org/10.1097/WAD.0b013e3181a6bebc
https://doi.org/10.1097/WAD.0b013e3181a6bebc
http://www.ncbi.nlm.nih.gov/pubmed/19568149
https://www.researchprotocols.org/2026/1/e79490


29. Piau A, Wild K, Mattek N, Kaye J. Current state of digital biomarker technologies for real-life, home-based monitoring
of cognitive function for mild cognitive impairment to mild Alzheimer disease and implications for clinical care:
systematic review. J Med Internet Res. Aug 30, 2019;21(8):e12785. [doi: 10.2196/12785] [Medline: 31471958]

30. Reeder B, Meyer E, Lazar A, Chaudhuri S, Thompson HJ, Demiris G. Framing the evidence for health smart homes and
home-based consumer health technologies as a public health intervention for independent aging: a systematic review. Int
J Med Inform. Jul 2013;82(7):565-579. [doi: 10.1016/j.ijmedinf.2013.03.007] [Medline: 23639263]

31. Taraldsen K, Chastin SFM, Riphagen II, Vereijken B, Helbostad JL. Physical activity monitoring by use of
accelerometer-based body-worn sensors in older adults: a systematic literature review of current knowledge and
applications. Maturitas. Jan 2012;71(1):13-19. [doi: 10.1016/j.maturitas.2011.11.003]

32. Mc Ardle R, Jabbar KA, Del Din S, et al. Using digital technology to quantify habitual physical activity in community
dwellers with cognitive impairment: systematic review. J Med Internet Res. May 18, 2023;25:e44352. [doi: 10.2196/
44352] [Medline: 37200065]

33. Urwyler P, Stucki R, Rampa L, Müri R, Mosimann UP, Nef T. Cognitive impairment categorized in community-
dwelling older adults with and without dementia using in-home sensors that recognise activities of daily living. Sci Rep.
Feb 8, 2017;7(1):42084. [doi: 10.1038/srep42084] [Medline: 28176828]

34. Chen R, Jankovic F, Marinsek N, et al. Developing measures of cognitive impairment in the real world from consumer-
grade multimodal sensor streams. Presented at: Proceedings of the 25th ACM SIGKDD international conference on
knowledge discovery & data mining; Aug 4-8, 2019; Anchorage AK USA. Jul 25, 2019.[doi: 10.1145/3292500.
3330690] [Medline: 40198015]

35. Hayes TL, Abendroth F, Adami A, Pavel M, Zitzelberger TA, Kaye JA. Unobtrusive assessment of activity patterns
associated with mild cognitive impairment. Alzheimers Dement. Nov 2008;4(6):395-405. [doi: 10.1016/j.jalz.2008.07.
004] [Medline: 19012864]

36. Dodge HH, Mattek NC, Austin D, Hayes TL, Kaye JA. In-home walking speeds and variability trajectories associated
with mild cognitive impairment. Neurology (ECronicon). Jun 12, 2012;78(24):1946-1952. [doi: 10.1212/WNL.
0b013e318259e1de] [Medline: 22689734]

37. Dorociak KE, Mattek N, Ferguson JE, et al. Subtle changes in medication-taking are associated with incident mild
cognitive impairment. Alzheimer Dis Assoc Disord. 2021;35(3):237-243. [doi: 10.1097/WAD.0000000000000439]
[Medline: 33538492]

38. Teh SK, Rawtaer I, Tan HP. Predictive accuracy of digital biomarker technologies for detection of mild cognitive
impairment and pre-frailty amongst older adults: a systematic review and meta-analysis. IEEE J Biomed Health Inform.
Aug 2022;26(8):3638-3648. [doi: 10.1109/JBHI.2022.3185798] [Medline: 35737623]

39. Machin D, Campbell MJ, Tan SB, Tan SH. Sample Size Tables for Clinical Studies. John Wiley & Sons; 2011. ISBN:
1444357964

40. Yemm H, Robinson DL, Paddick SM, et al. Instrumental activities of daily living scales to detect cognitive impairment
and dementia in low- and middle-income countries: a systematic review. J Alzheimers Dis. 2021;83(1):451-474. [doi:
10.3233/JAD-210532] [Medline: 34334407]

41. Ng TP, Niti M, Chiam PC, Kua EH. Physical and cognitive domains of the instrumental activities of daily living:
validation in a multiethnic population of Asian older adults. J Gerontol A Biol Sci Med Sci. Jul 2006;61(7):726-735.
[doi: 10.1093/gerona/61.7.726] [Medline: 16870636]

42. Htun HL, Wong LH, Lian W, et al. Functional improvement after inpatient rehabilitation in community hospitals
following acute hospital care. Ann Acad Med Singap. Jun 2022;51(6):357-369. [doi: 10.47102/annals-acadmedsg.
2021507] [Medline: 35786756]

43. Ohura T, Higashi T, Ishizaki T, Nakayama T. Assessment of the validity and internal consistency of a performance
evaluation tool based on the Japanese version of the modified barthel index for elderly people living at home. J Phys
Ther Sci. Dec 2014;26(12):1971-1974. [doi: 10.1589/jpts.26.1971] [Medline: 25540510]

44. Collin C, Wade DT, Davies S, Horne V. The Barthel ADL Index: a reliability study. Int Disabil Stud. Jan
1988;10(2):61-63. [doi: 10.3109/09638288809164103]

45. Liew TM, Feng L, Gao Q, Ng TP, Yap P. Diagnostic utility of Montreal cognitive assessment in the fifth edition of
diagnostic and statistical manual of mental disorders: major and mild neurocognitive disorders. J Am Med Dir Assoc.
Feb 2015;16(2):144-148. [doi: 10.1016/j.jamda.2014.07.021] [Medline: 25282632]

46. Ng TP, Niti M, Chiam PC, Kua EH. Ethnic and educational differences in cognitive test performance on mini-mental
state examination in Asians. Am J Geriatr Psychiatry. Feb 2007;15(2):130-139. [doi: 10.1097/01.JGP.0000235710.
17450.9a] [Medline: 17272733]

47. Feng L, Chong MS, Lim WS, Ng TP. The modified mini-mental state examination test: normative data for Singapore
Chinese older adults and its performance in detecting early cognitive impairment. Singapore Med J. Jul
2012;53(7):458-462. [Medline: 22815014]

JMIR RESEARCH PROTOCOLS Moon et al

https://www.researchprotocols.org/2026/1/e79490 JMIR Res Protoc 2026 | vol. 15 | e79490 | p. 17
(page number not for citation purposes)

https://doi.org/10.2196/12785
http://www.ncbi.nlm.nih.gov/pubmed/31471958
https://doi.org/10.1016/j.ijmedinf.2013.03.007
http://www.ncbi.nlm.nih.gov/pubmed/23639263
https://doi.org/10.1016/j.maturitas.2011.11.003
https://doi.org/10.2196/44352
https://doi.org/10.2196/44352
http://www.ncbi.nlm.nih.gov/pubmed/37200065
https://doi.org/10.1038/srep42084
http://www.ncbi.nlm.nih.gov/pubmed/28176828
https://doi.org/10.1145/3292500.3330690
https://doi.org/10.1145/3292500.3330690
http://www.ncbi.nlm.nih.gov/pubmed/40198015
https://doi.org/10.1016/j.jalz.2008.07.004
https://doi.org/10.1016/j.jalz.2008.07.004
http://www.ncbi.nlm.nih.gov/pubmed/19012864
https://doi.org/10.1212/WNL.0b013e318259e1de
https://doi.org/10.1212/WNL.0b013e318259e1de
http://www.ncbi.nlm.nih.gov/pubmed/22689734
https://doi.org/10.1097/WAD.0000000000000439
http://www.ncbi.nlm.nih.gov/pubmed/33538492
https://doi.org/10.1109/JBHI.2022.3185798
http://www.ncbi.nlm.nih.gov/pubmed/35737623
https://doi.org/10.3233/JAD-210532
http://www.ncbi.nlm.nih.gov/pubmed/34334407
https://doi.org/10.1093/gerona/61.7.726
http://www.ncbi.nlm.nih.gov/pubmed/16870636
https://doi.org/10.47102/annals-acadmedsg.2021507
https://doi.org/10.47102/annals-acadmedsg.2021507
http://www.ncbi.nlm.nih.gov/pubmed/35786756
https://doi.org/10.1589/jpts.26.1971
http://www.ncbi.nlm.nih.gov/pubmed/25540510
https://doi.org/10.3109/09638288809164103
https://doi.org/10.1016/j.jamda.2014.07.021
http://www.ncbi.nlm.nih.gov/pubmed/25282632
https://doi.org/10.1097/01.JGP.0000235710.17450.9a
https://doi.org/10.1097/01.JGP.0000235710.17450.9a
http://www.ncbi.nlm.nih.gov/pubmed/17272733
http://www.ncbi.nlm.nih.gov/pubmed/22815014
https://www.researchprotocols.org/2026/1/e79490


48. Nyunt MSZ, Chong MS, Lim WS, Lee TS, Yap P, Ng TP. Reliability and validity of the clinical dementia rating for
community-living elderly subjects without an informant. Dement Geriatr Cogn Disord Extra. 2013;3(1):407-416. [doi:
10.1159/000355122]

49. Ng TP, Nyunt MSZ, Gao Q, Gwee X, Chua DQL, Yap KB. Curcumin-rich curry consumption and neurocognitive
function from 4.5-year follow-up of community-dwelling older adults (Singapore longitudinal ageing study). Nutrients.
2022;14(6):1189. [doi: 10.3390/nu14061189]

50. Xu Y, Chen K, Zhao Q, Li F, Guo Q. Short-term delayed recall of auditory verbal learning test provides equivalent value
to long-term delayed recall in predicting MCI clinical outcomes: a longitudinal follow-up study. Appl Neuropsychol
Adult. 2020;27(1):73-81. [doi: 10.1080/23279095.2018.1481067] [Medline: 30470140]

51. Clark H, Martin P, Schroeder R. Digit span forward as a performance validity test in dementia evaluations: specificity in
mild cognitive impairment, mild dementia, and moderate dementia. Arch Clin Neuropsychol. Aug 28,
2019;34(6):837-837. [doi: 10.1093/arclin/acz035.05]

52. Tavakoli M, Barekatain M, Emsaki G. An Iranian normative sample of the color trails test. Psychol Neurosci.
2015;8(1):75-81. [doi: 10.1037/h0100351]

53. Lee RZY, Yu J, Rawtaer I, et al. CHI study: protocol for an observational cohort study on ageing and mental health in
community-dwelling older adults. BMJ Open. May 2020;10(5):e035003. [doi: 10.1136/bmjopen-2019-035003]

54. Joung H, Yi D, Ahn H, et al. Normative study of the block design test for adults aged 55 years and older in Korean aging
population. Psychiatry Investig. Jun 2021;18(6):539-544. [doi: 10.30773/pi.2020.0408]

55. Almeida VN, Radanovic M. Semantic processing and neurobiology in Alzheimer’s disease and mild cognitive
impairment. Neuropsychologia. Sep 2022;174:108337. [doi: 10.1016/j.neuropsychologia.2022.108337]

56. Tombaugh TN, Kozak J, Rees L. Normative data stratified by age and education for two measures of verbal fluency:
FAS and animal naming. Arch Clin Neuropsychol. Feb 1999;14(2):167-177. [Medline: 14590600]

57. Strauss C, Sherman EMS, Spreen O. A Compendium of Neuropsychological Tests: Administration, Norms, and
Commentary. Taylor & Francis; 2006. [doi: 10.1080/09084280701280502]

58. Joubert S, Brambati SM, Ansado J, et al. The cognitive and neural expression of semantic memory impairment in mild
cognitive impairment and early Alzheimer’s disease. Neuropsychologia. Mar 2010;48(4):978-988. [doi: 10.1016/j.
neuropsychologia.2009.11.019]

59. Nathan J, Wilkinson D, Stammers S, Low JL. The role of tests of frontal executive function in the detection of mild
dementia. Int J Geriatr Psychiatry. Jan 2001;16(1):18-26. [doi: 10.1002/1099-1166(200101)16:1<18::aid-gps265>3.0.co;
2-w] [Medline: 11180481]

60. Kempler D, Teng EL, Taussig M, Dick MB. The common objects memory test (COMT): a simple test with cross-
cultural applicability. J Int Neuropsychol Soc. May 2010;16(3):537-545. [doi: 10.1017/S1355617710000160] [Medline:
20188016]

61. Chow TW, Reyes‐Dumeyer D, Gu Y, et al. Asian cohort for Alzheimer’s disease (ACAD) data collection: rationale,
design and validation. Alzheimers Dement. Dec 2021;17(S10):e052679. [doi: 10.1002/alz.052679]

62. Rawtaer I, Mahendran R, Yu J, Fam J, Feng L, Kua EH. Psychosocial interventions with art, music, Tai Chi and
mindfulness for subsyndromal depression and anxiety in older adults: a naturalistic study in Singapore. Asia Pac
Psychiatry. Sep 2015;7(3):240-250. [doi: 10.1111/appy.12201] [Medline: 26178378]

63. Jokelainen J, Timonen M, Keinänen-Kiukaanniemi S, Härkönen P, Jurvelin H, Suija K. Validation of the Zung self-
rating depression scale (SDS) in older adults. Scand J Prim Health Care. Sep 2019;37(3):353-357. [doi: 10.1080/
02813432.2019.1639923] [Medline: 31286810]

64. Krishnamoorthy Y, Rajaa S, Rehman T. Diagnostic accuracy of various forms of geriatric depression scale for screening
of depression among older adults: Systematic review and meta-analysis. Arch Gerontol Geriatr. 2020;87:104002. [doi:
10.1016/j.archger.2019.104002] [Medline: 31881393]

65. Spitzer RL, Kroenke K, Williams JBW, Löwe B. A brief measure for assessing generalized anxiety disorder: the
GAD-7. Arch Intern Med. May 22, 2006;166(10):1092-1097. [doi: 10.1001/archinte.166.10.1092] [Medline: 16717171]

66. Kertz S, Bigda-Peyton J, Bjorgvinsson T. Validity of the generalized anxiety disorder‐7 scale in an acute psychiatric
sample. Clin Psychol Psychother. 2013;20(5):456-464. [doi: 10.1002/cpp.1802] [Medline: 22593009]

67. Wild B, Eckl A, Herzog W, et al. Assessing generalized anxiety disorder in elderly people using the GAD-7 and GAD-2
scales: results of a validation study. Am J Geriatr Psychiatry. Oct 2014;22(10):1029-1038. [doi: 10.1016/j.jagp.2013.01.
076] [Medline: 23768681]

68. Löwe B, Decker O, Müller S, et al. Validation and standardization of the generalized anxiety disorder screener (GAD-7)
in the general population. Med Care. Mar 2008;46(3):266-274. [doi: 10.1097/MLR.0b013e318160d093] [Medline:
18388841]

JMIR RESEARCH PROTOCOLS Moon et al

https://www.researchprotocols.org/2026/1/e79490 JMIR Res Protoc 2026 | vol. 15 | e79490 | p. 18
(page number not for citation purposes)

https://doi.org/10.1159/000355122
https://doi.org/10.3390/nu14061189
https://doi.org/10.1080/23279095.2018.1481067
http://www.ncbi.nlm.nih.gov/pubmed/30470140
https://doi.org/10.1093/arclin/acz035.05
https://doi.org/10.1037/h0100351
https://doi.org/10.1136/bmjopen-2019-035003
https://doi.org/10.30773/pi.2020.0408
https://doi.org/10.1016/j.neuropsychologia.2022.108337
http://www.ncbi.nlm.nih.gov/pubmed/14590600
https://doi.org/10.1080/09084280701280502
https://doi.org/10.1016/j.neuropsychologia.2009.11.019
https://doi.org/10.1016/j.neuropsychologia.2009.11.019
https://doi.org/10.1002/1099-1166(200101)16:1<18::aid-gps265>3.0.co;2-w
https://doi.org/10.1002/1099-1166(200101)16:1<18::aid-gps265>3.0.co;2-w
http://www.ncbi.nlm.nih.gov/pubmed/11180481
https://doi.org/10.1017/S1355617710000160
http://www.ncbi.nlm.nih.gov/pubmed/20188016
https://doi.org/10.1002/alz.052679
https://doi.org/10.1111/appy.12201
http://www.ncbi.nlm.nih.gov/pubmed/26178378
https://doi.org/10.1080/02813432.2019.1639923
https://doi.org/10.1080/02813432.2019.1639923
http://www.ncbi.nlm.nih.gov/pubmed/31286810
https://doi.org/10.1016/j.archger.2019.104002
http://www.ncbi.nlm.nih.gov/pubmed/31881393
https://doi.org/10.1001/archinte.166.10.1092
http://www.ncbi.nlm.nih.gov/pubmed/16717171
https://doi.org/10.1002/cpp.1802
http://www.ncbi.nlm.nih.gov/pubmed/22593009
https://doi.org/10.1016/j.jagp.2013.01.076
https://doi.org/10.1016/j.jagp.2013.01.076
http://www.ncbi.nlm.nih.gov/pubmed/23768681
https://doi.org/10.1097/MLR.0b013e318160d093
http://www.ncbi.nlm.nih.gov/pubmed/18388841
https://www.researchprotocols.org/2026/1/e79490


69. Ganasarajah S, Sundström Poromaa I, Thu WPP, et al. Objective measures of physical performance associated with
depression and/or anxiety in midlife Singaporean women. Menopause. 2019;26(9):1045-1051. [doi: 10.1097/GME.
0000000000001355]

70. Chua YCE, Lin YC, Lew JK, et al. Prevalence and risk factors of depression and anxiety in primary care. Ann Acad
Med Singap. May 28, 2024;53(5):293-305. [doi: 10.47102/annals-acadmedsg.2023195]

71. Chiang GSH, Sim BLH, Lee JJM, Quah JHM. Determinants of poor sleep quality in elderly patients with diabetes
mellitus, hyperlipidemia and hypertension in Singapore. Prim Health Care Res Dev. Nov 2018;19(6):610-615. [doi: 10.
1017/S146342361800018X]

72. Spira AP, Beaudreau SA, Stone KL, et al. Reliability and validity of the Pittsburgh sleep quality index and the Epworth
sleepiness scale in older men. J Gerontol A Biol Sci Med Sci. Apr 2012;67(4):433-439. [doi: 10.1093/gerona/glr172]
[Medline: 21934125]

73. van Dalen JW, Van Wanrooij LL, Moll van Charante EP, Richard E, van Gool WA. Apathy is associated with incident
dementia in community-dwelling older people. Neurology (ECronicon). Jan 2, 2018;90(1):e82-e89. [doi: 10.1212/WNL.
0000000000004767]

74. Hawthorne G. Perceived social isolation in a community sample: its prevalence and correlates with aspects of peoples’
lives. Soc Psychiatry Psychiatr Epidemiol. Feb 2008;43(2):140-150. [doi: 10.1007/s00127-007-0279-8] [Medline:
17994175]

75. Hawthorne G. Measuring social isolation in older adults: development and initial validation of the friendship scale. Soc
Indic Res. Jul 2006;77(3):521-548. [doi: 10.1007/s11205-005-7746-y]

76. Buckley TD, Becker TD, Burnette D. Validation of the abbreviated Lubben social network scale (LSNS‐6) and its
association with self‐rated health amongst older adults in Puerto Rico. Health Social Care Comm. Nov
2022;30(6):e5527-e5538. URL: https://onlinelibrary.wiley.com/toc/13652524/30/6 [doi: 10.1111/hsc.13977]

77. Merchant RA, Liu SG, Lim JY, Fu X, Chan YH. Factors associated with social isolation in community-dwelling older
adults: a cross-sectional study. Qual Life Res. Sep 2020;29(9):2375-2381. [doi: 10.1007/s11136-020-02493-7] [Medline:
32253669]

78. Marin RS, Biedrzycki RC, Firinciogullari S. Reliability and validity of the apathy evaluation scale. Psychiatry Res. Aug
1991;38(2):143-162. [doi: 10.1016/0165-1781(91)90040-v] [Medline: 1754629]

79. Nobis L, Husain M. Apathy in Alzheimer’s disease. Curr Opin Behav Sci. Aug 2018;22:7-13. [doi: 10.1016/j.cobeha.
2017.12.007] [Medline: 30123816]

80. Fried LP, Tangen CM, Walston J, et al. Frailty in older adults: evidence for a phenotype. J Gerontol A Biol Sci Med Sci.
Mar 2001;56(3):M146-56. [doi: 10.1093/gerona/56.3.m146] [Medline: 11253156]

81. Chen LK, Woo J, Assantachai P, et al. Asian working group for sarcopenia: 2019 consensus update on sarcopenia
diagnosis and treatment. J Am Med Dir Assoc. Mar 2020;21(3):300-307. [doi: 10.1016/j.jamda.2019.12.012]

82. Greenwood JLJ, Joy EA, Stanford JB. The physical activity vital sign: a primary care tool to guide counseling for
obesity. J Phys Act Health. Sep 2010;7(5):571-576. [doi: 10.1123/jpah.7.5.571] [Medline: 20864751]

83. Bouillon K, Kivimaki M, Hamer M, et al. Measures of frailty in population-based studies: an overview. BMC Geriatr.
Dec 2013;13(1):1-11. [doi: 10.1186/1471-2318-13-64]

84. Tay L, Tay EL, Mah SM, Latib A, Koh C, Ng YS. Association of intrinsic capacity with frailty, physical fitness and
adverse health outcomes in community-dwelling older adults. J Frailty Aging. 2023;12(1):7-15. [doi: 10.14283/jfa.2022.
28] [Medline: 36629078]

85. Tay LB, Chua MP, Tay EL, et al. Multidomain geriatric screen and physical fitness assessment identify prefrailty/frailty
and potentially modifiable risk factors in community-dwelling older adults. Ann Acad Med Singap. Jun 15,
2019;48(6):171-180. [doi: 10.47102/annals-acadmedsg.V48N6p171]

86. Gale CR, Cooper C. Attitudes to ageing and change in frailty status: the English longitudinal study of ageing.
Gerontology. 2018;64(1):58-66. [doi: 10.1159/000477169] [Medline: 28848095]

87. Church S, Rogers E, Rockwood K, Theou O. A scoping review of the clinical frailty scale. BMC Geriatr. Oct 7,
2020;20(1):393. [doi: 10.1186/s12877-020-01801-7] [Medline: 33028215]

88. Rockwood K, Song X, MacKnight C, Bergman H, Hogan DB, McDowell I. A global clinical measure of fitness and
frailty in elderly people. Can Med Assoc J. Aug 30, 2005;173(5):489-495. [doi: 10.1503/cmaj.050051]

89. National frailty strategy policy report. Ministry of Health Singapore. 2023. URL: https://www.moh.gov.sg/resources-
statistics/reports/frailty-strategy-policy-report [Accessed 2024-10-21]

90. Chong E, Ho E, Baldevarona-Llego J, Chan M, Wu L, Tay L. Frailty and risk of adverse outcomes in hospitalized older
adults: a comparison of different frailty measures. J Am Med Dir Assoc. Jul 1, 2017;18(7):638. [doi: 10.1016/j.jamda.
2017.04.011] [Medline: 28587850]

JMIR RESEARCH PROTOCOLS Moon et al

https://www.researchprotocols.org/2026/1/e79490 JMIR Res Protoc 2026 | vol. 15 | e79490 | p. 19
(page number not for citation purposes)

https://doi.org/10.1097/GME.0000000000001355
https://doi.org/10.1097/GME.0000000000001355
https://doi.org/10.47102/annals-acadmedsg.2023195
https://doi.org/10.1017/S146342361800018X
https://doi.org/10.1017/S146342361800018X
https://doi.org/10.1093/gerona/glr172
http://www.ncbi.nlm.nih.gov/pubmed/21934125
https://doi.org/10.1212/WNL.0000000000004767
https://doi.org/10.1212/WNL.0000000000004767
https://doi.org/10.1007/s00127-007-0279-8
http://www.ncbi.nlm.nih.gov/pubmed/17994175
https://doi.org/10.1007/s11205-005-7746-y
https://onlinelibrary.wiley.com/toc/13652524/30/6
https://doi.org/10.1111/hsc.13977
https://doi.org/10.1007/s11136-020-02493-7
http://www.ncbi.nlm.nih.gov/pubmed/32253669
https://doi.org/10.1016/0165-1781(91)90040-v
http://www.ncbi.nlm.nih.gov/pubmed/1754629
https://doi.org/10.1016/j.cobeha.2017.12.007
https://doi.org/10.1016/j.cobeha.2017.12.007
http://www.ncbi.nlm.nih.gov/pubmed/30123816
https://doi.org/10.1093/gerona/56.3.m146
http://www.ncbi.nlm.nih.gov/pubmed/11253156
https://doi.org/10.1016/j.jamda.2019.12.012
https://doi.org/10.1123/jpah.7.5.571
http://www.ncbi.nlm.nih.gov/pubmed/20864751
https://doi.org/10.1186/1471-2318-13-64
https://doi.org/10.14283/jfa.2022.28
https://doi.org/10.14283/jfa.2022.28
http://www.ncbi.nlm.nih.gov/pubmed/36629078
https://doi.org/10.47102/annals-acadmedsg.V48N6p171
https://doi.org/10.1159/000477169
http://www.ncbi.nlm.nih.gov/pubmed/28848095
https://doi.org/10.1186/s12877-020-01801-7
http://www.ncbi.nlm.nih.gov/pubmed/33028215
https://doi.org/10.1503/cmaj.050051
https://www.moh.gov.sg/resources-statistics/reports/frailty-strategy-policy-report
https://www.moh.gov.sg/resources-statistics/reports/frailty-strategy-policy-report
https://doi.org/10.1016/j.jamda.2017.04.011
https://doi.org/10.1016/j.jamda.2017.04.011
http://www.ncbi.nlm.nih.gov/pubmed/28587850
https://www.researchprotocols.org/2026/1/e79490


91. Theou O, Pérez-Zepeda MU, van der Valk AM, Searle SD, Howlett SE, Rockwood K. A classification tree to assist with
routine scoring of the clinical frailty scale. Age Ageing. Jun 28, 2021;50(4):1406-1411. [doi: 10.1093/ageing/afab006]

92. Zhou K, Ng YS, Tay EL, Mah SM, Tay L. Intrinsic capacity assessment using World Health Organization g older
adults.Geriatr Gerontol Int. May 2024;24(5):457-463. [doi: 10.1111/ggi.14869] [Medline: 38597589]

93. Brooks R, Group E. EuroQol: the current state of play. Health Policy. Jul 1996;37(1):53-72. [doi: 10.1016/0168-
8510(96)00822-6] [Medline: 10158943]

94. Zhou T, Guan H, Yao J, Xiong X, Ma A. The quality of life in Chinese population with chronic non-communicable
diseases according to EQ-5D-3L: a systematic review. Qual Life Res. Nov 2018;27(11):2799-2814. [doi: 10.1007/
s11136-018-1928-y]

95. Konerding U, Elkhuizen SG, Faubel R, et al. The validity of the EQ-5D-3L items: an investigation with type 2 diabetes
patients from six European countries. Health Qual Life Outcomes. Dec 5, 2014;12:181. [doi: 10.1186/s12955-014-0181-
5] [Medline: 25479769]

96. Kim SH, Jo MW, Lee JW, Lee HJ, Kim JK. Validity and reliability of EQ-5D-3L for breast cancer patients in Korea.
Health Qual Life Outcomes. Dec 23, 2015;13:203. [doi: 10.1186/s12955-015-0399-x] [Medline: 26694964]

97. Wang V, Kandiah N, Lin X, Wee H. Comparison of caregiver-rated 3-level Euroqol-5D (EQ-5D-3L) and health utilities
index mark 3 (HUI3) in patients with dementia in Singapore. Value Health. Nov 2016;19(7):A810. [doi: 10.1016/j.jval.
2016.08.710]

98. Pérez-Ros P, Vila-Candel R, Martin-Utrilla S, Martínez-Arnau FM. Health-related quality of life in community-dwelling
older people with cognitive impairment: EQ-5D-3L measurement properties. J Alzheimers Dis. 2020;77(4):1523-1532.
[doi: 10.3233/JAD-200806] [Medline: 32925071]

99. Kaiser MJ, Bauer JM, Ramsch C, et al. Validation of the t short-form (MNA®-SF): a practical tool for identification of
nutritional status.J Nutr Health Aging. Nov 2009;13(9):782-788. [doi: 10.1007/s12603-009-0214-7] [Medline:
19812868]

100. Kim J, Lee Y, Won CW, Lee KE, Chon D. Nutritional status and frailty in community-dwelling older Korean adults: the
Korean frailty and aging cohort study. J Nutr Health Aging. 2018;22(7):774-778. [doi: 10.1007/s12603-018-1005-9]
[Medline: 30080218]

101. Soysal P, Veronese N, Arik F, Kalan U, Smith L, Isik AT. Mini nutritional assessment scale-short form can be useful for
frailty screening in older adults. Clin Interv Aging. 2019;14:693-699. [doi: 10.2147/CIA.S196770] [Medline: 31118593]

102. Rubenstein LZ, Harker JO, Salvà A, Guigoz Y, Vellas B. Screening for undernutrition in geriatric practice: developing
the short-form mini-nutritional assessment (MNA-SF). J Gerontol A Biol Sci Med Sci. Jun 2001;56(6):M366-72. [doi:
10.1093/gerona/56.6.m366] [Medline: 11382797]

103. Wei K, Nyunt MSZ, Gao Q, Wee SL, Yap KB, Ng TP. Association of frailty and malnutrition with long-term functional
and mortality outcomes among community-dwelling older adults: results from the Singapore longitudinal aging study 1.
JAMA Netw Open. Jul 6, 2018;1(3):e180650. [doi: 10.1001/jamanetworkopen.2018.0650] [Medline: 30646023]

104. Wei K, Thein FS, Nyunt MSZ, Gao Q, Wee SL, Ng TP. Nutritional and frailty state transitions in the Singapore
longitudinal aging study. J Nutr Health Aging. 2018;22(10):1221-1227. [doi: 10.1007/s12603-018-1096-3] [Medline:
30498830]

105. Montejano Lozoya R, Martínez-Alzamora N, Clemente Marín G, Guirao-Goris SJA, Ferrer-Diego RM. Predictive
ability of the mini nutritional assessment short form (MNA-SF) in a free-living elderly population: a cross-sectional
study. PeerJ. 2017;5:e3345. [doi: 10.7717/peerj.3345]

106. Suzana S Jr, Siti Saifa H. Validation of nutritional screening tools against anthropometric and functional assessments
among elderly people in selangor. Malays J Nutr. Mar 2007;13(1):29-44. URL: https://pubmed.ncbi.nlm.nih.gov/
22692187/ [Medline: 22692187]

107. Cheung YB, Xu Y, Feng L, et al. Unconditional and conditional standards using cognitive function curves for the
modified mini-mental state exam: cross-sectional and longitudinal analyses in older chinese adults in Singapore. Am J
Geriatr Psychiatry. Sep 2015;23(9):915-924. [doi: 10.1016/j.jagp.2014.08.008] [Medline: 25260558]

108. Winblad B, Palmer K, Kivipelto M, et al. Mild cognitive impairment--beyond controversies, towards a consensus: report
of the international working group on mild cognitive impairment. J Intern Med. Sep 2004;256(3):240-246. [doi: 10.
1111/j.1365-2796.2004.01380.x] [Medline: 15324367]

109. Jones BL, Nagin DS, Roeder K. A SAS Procedure Based on Mixture Models for Estimating Developmental
Trajectories. Sociol Methods Res. Feb 2001;29(3):374-393. [doi: 10.1177/0049124101029003005]

110. Tan AH, Subagdja B, Wang D, Meng L. Self-organizing neural networks for universal learning and multimodal memory
encoding. Neural Netw. Dec 2019;120:58-73. [doi: 10.1016/j.neunet.2019.08.020]

111. Hochreiter S, Schmidhuber J. Long short-term memory. Neural Comput. Nov 1, 1997;9(8):1735-1780. [doi: 10.1162/
neco.1997.9.8.1735]

Abbreviations
AI: artificial intelligence

JMIR RESEARCH PROTOCOLS Moon et al

https://www.researchprotocols.org/2026/1/e79490 JMIR Res Protoc 2026 | vol. 15 | e79490 | p. 20
(page number not for citation purposes)

https://doi.org/10.1093/ageing/afab006
https://doi.org/10.1111/ggi.14869
http://www.ncbi.nlm.nih.gov/pubmed/38597589
https://doi.org/10.1016/0168-8510(96)00822-6
https://doi.org/10.1016/0168-8510(96)00822-6
http://www.ncbi.nlm.nih.gov/pubmed/10158943
https://doi.org/10.1007/s11136-018-1928-y
https://doi.org/10.1007/s11136-018-1928-y
https://doi.org/10.1186/s12955-014-0181-5
https://doi.org/10.1186/s12955-014-0181-5
http://www.ncbi.nlm.nih.gov/pubmed/25479769
https://doi.org/10.1186/s12955-015-0399-x
http://www.ncbi.nlm.nih.gov/pubmed/26694964
https://doi.org/10.1016/j.jval.2016.08.710
https://doi.org/10.1016/j.jval.2016.08.710
https://doi.org/10.3233/JAD-200806
http://www.ncbi.nlm.nih.gov/pubmed/32925071
https://doi.org/10.1007/s12603-009-0214-7
http://www.ncbi.nlm.nih.gov/pubmed/19812868
https://doi.org/10.1007/s12603-018-1005-9
http://www.ncbi.nlm.nih.gov/pubmed/30080218
https://doi.org/10.2147/CIA.S196770
http://www.ncbi.nlm.nih.gov/pubmed/31118593
https://doi.org/10.1093/gerona/56.6.m366
http://www.ncbi.nlm.nih.gov/pubmed/11382797
https://doi.org/10.1001/jamanetworkopen.2018.0650
http://www.ncbi.nlm.nih.gov/pubmed/30646023
https://doi.org/10.1007/s12603-018-1096-3
http://www.ncbi.nlm.nih.gov/pubmed/30498830
https://doi.org/10.7717/peerj.3345
https://pubmed.ncbi.nlm.nih.gov/22692187/
https://pubmed.ncbi.nlm.nih.gov/22692187/
http://www.ncbi.nlm.nih.gov/pubmed/22692187
https://doi.org/10.1016/j.jagp.2014.08.008
http://www.ncbi.nlm.nih.gov/pubmed/25260558
https://doi.org/10.1111/j.1365-2796.2004.01380.x
https://doi.org/10.1111/j.1365-2796.2004.01380.x
http://www.ncbi.nlm.nih.gov/pubmed/15324367
https://doi.org/10.1177/0049124101029003005
https://doi.org/10.1016/j.neunet.2019.08.020
https://doi.org/10.1162/neco.1997.9.8.1735
https://doi.org/10.1162/neco.1997.9.8.1735
https://www.researchprotocols.org/2026/1/e79490


ART: adaptive resonance theory
AUC: area under the curve
BLE: bluetooth low energy
CFS: Clinical Frailty Scale
COMT: Common Objects Memory Test
CTT: Color Trials Test
CV: cross-validation
IADL: instrumental activities of daily living
MBI: modified Barthel Index
MCI: mild cognitive impairment
MMSE: Mini Mental State Examination
MNA-SF: Mini Nutritional Assessment Short Form
MoCA: Montreal Cognitive Assessment
PF: prefrailty
PIR: passive infrared
VAS: Visual Analogue Scale

Edited by Amy Schwartz; peer-reviewed by Antonis Billis, Chang Min Choi; submitted 25.Jun.2025; final revised version
received 24.Jan.2026; accepted 28.Jan.2026; published 01.Apr.2026

Please cite as:
Moon JP, Abdul Jabbar K, Tay TCI, Tay L, Mahendran R, Ng TP, Tan SM, Koh WZH, Ying WY, Tan AH, Lee TS, Rawtaer I
Development and Validation of Machine Learning Models for Predicting Early Cognitive Decline Using Home Sen-
sor–Derived Behavioral Data: Sensors in-Home for Elder Wellbeing (SINEW) Cohort Study
JMIR Res Protoc 2026;15:e79490
URL: https://www.researchprotocols.org/2026/1/e79490
doi: 10.2196/79490

© James Patrick Moon, Khalid Abdul Jabbar, Tony Chin Ian Tay, Laura Tay, Rathi Mahendran, Tze Pin Ng, Shian Ming Tan,
Wilbur Zhi Hao Koh, Weng Yan Ying, Ah-Hwee Tan, Tih-Shih Lee, Iris Rawtaer. Originally published in JMIR Research
Protocols (https://www.researchprotocols.org), 01.Apr.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 Research Protocols, is
properly cited. The complete bibliographic information, a link to the original publication on https://www.researchprotocols.org,
as well as this copyright and license information must be included.

JMIR RESEARCH PROTOCOLS Moon et al

https://www.researchprotocols.org/2026/1/e79490 JMIR Res Protoc 2026 | vol. 15 | e79490 | p. 21
(page number not for citation purposes)

https://www.researchprotocols.org/2026/1/e79490
https://doi.org/10.2196/79490
https://www.researchprotocols.org
https://creativecommons.org/licenses/by/4.0/
https://www.researchprotocols.org
https://www.researchprotocols.org/2026/1/e79490

	Development and Validation of Machine Learning Models for Predicting Early Cognitive Decline Using Home Sensor–Derived Behavioral Data: Sensors in-Home for Elder Wellbeing (SINEW) Cohort Study
	Introduction
	Methods
	Ethical Considerations
	Study Design
	Sample Size Calculation
	Study Eligibility
	Participant Recruitment and Study Procedure
	Instruments
	Sensor Setup and Behaviors/Activities Captured
	Privacy and Qualitative Aspects
	Outcome Measures and Definitions
	Data Analysis

	Results
	Discussion
	Principal Findings
	Anticipated Challenges



