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Abstract

Background: The COVID-19 pandemic highlighted how restrictions on in-person interactions within long-term care homes
(LTCHs) severely compromised social connectedness among older adults and their families. Post pandemic, despite policy changes
supporting greater in-person family engagement, frequent outbreaks continue to disrupt face-to-face interactions, and factors such
as geography, life circumstances, and health can constrain family members’ ability to make regular in-person visits. Research
suggests that web-based videoconferencing technology (WVT) may be a practical solution to help older adults within LTCHs to
maintain social connection in the absence of physical gathering. However, increased understanding of end user experience is
lacking, and more information on LTCHs’readiness to support and sustain WVT will be needed if this modality is to be successfully
and widely implemented.

Objective: This study aimed to understand how older adults living in LTCHs, their families, and LTCH staff members perceived
the use and ease of use of WVT devices for facilitating social connectedness.

Methods: Using a qualitative description approach, in-depth semistructured interviews were conducted with 7 older adults, 22
family members, and 10 staff across 3 LTCHs via Zoom (Zoom Communications, Inc), Microsoft Teams, or phone calls. Data
were analyzed using a directed content analysis informed by the technology acceptance model.

Results: Findings were structured into 3 main themes: actual system use, perceived usefulness of WVT, and perceived ease of
use of WVT. Participants described using a range of WVT hardware and software to promote social connection between older
adults and family members. Videoconferencing had a crucial role in supporting older adults and their family members’ positive
emotional state while also enabling them to maintain life and social roles such as participating in family functions. Despite the
perceived use of these tools, participants were concerned about the decline in offering videoconferencing services across LTCHs
post pandemic. Some participants noted shifting funding priorities toward supporting in-person recreational activities rather than
diversifying web-based social connection options. In addition, factors pertaining to WVT ease of use and integration included
limited staff to support older adults with different physical and cognitive needs, variability in digital literacy including knowledge
about accessibility features to enhance the ease of use, and families’ lack of awareness about the availability of WVT for social
connectedness.

Conclusions: Web-based videoconferencing technology has the potential to be a meaningful tool to reduce social isolation and
promote a sense of social connectedness among older adults and their families and friends. Future research should explore how
WVT could be integrated into care planning for this population, particularly in situations where older adults may be at heightened
risk for social isolation. Resource allocation toward equipment, infrastructure, and family and staff training would be well-placed
to increase engagement with WVT within LTCHs.

(JMIR Aging 2026;9:e73213)   doi:10.2196/73213

KEYWORDS

web-based; videoconferencing; virtual technology; long-term care; social connectedness; older adults

JMIR Aging 2026 | vol. 9 | e73213 | p.3https://aging.jmir.org/2026/1/e73213
(page number not for citation purposes)

Garnett et alJMIR AGING

XSL•FO
RenderX

http://dx.doi.org/10.2196/73213
http://www.w3.org/Style/XSL
http://www.renderx.com/


Introduction

Background
Globally, the COVID-19 pandemic impacts were profound,
causing widespread loss of life and morbidity [1,2]. During the
earliest phases of the pandemic, significant restrictions were
placed on many social activities, including normal activities of
daily living (eg, shopping and leisure activities) [3-8]. One
specific aspect of daily living that was significantly affected
included the notion of social connectedness [9,10]. Social
connectedness can be described as the subjective sense of being
in close-knit relationships with others [11,12]. Having
interpersonal relationships and being able to gather with others
are integral to individuals’health and well-being [13,14]. These
avenues for social connectedness can prevent people from
feeling lonely and reduce the risk of impaired mental health
[14-21]. Canadian older adults residing in long-term care homes
(LTCHs) were disproportionally affected by the lack of
in-person interactions or access to social spaces over the course
of the pandemic [22], resulting in their compromised social and
emotional well-being [22-24].

During the height of the COVID-19 pandemic, various
web-based videoconferencing technologies (WVTs) were
introduced by LTCH staff and family members to help maintain
social connectivity between older adults residing in LTCHs and
their social circles [25-29]. Leveraging WVTs to facilitate social
connectivity among older adults was particularly beneficial as
these individuals were at greater risk of isolation and loneliness
due to factors such as pre-existing isolation (eg, living alone),
being reliant on family for support, and impaired physical health
such as frailty [30]. Web-based videoconferencing, the use of
networked digital telecommunications technology, is a form of
telepresence that “simulates the experience of being physically
present in a remote environment” [31]. FaceTime (Apple, Inc),
Skype (Microsoft Corp), or Zoom (Zoom Communications,
Inc) are among the most popular videoconferencing applications
used to continue communication among older adults and family
or friends when in-person gatherings are restricted [26,32].
Using WVTs enabled people to visually interact with their
family members and, in addition to hearing their voice, offered
a greater reassurance of their well-being through a visual
confirmation [29]. In addition, seeing older adults within LTCHs
using WVTs can help foster family members’ belief that their
family member was well-cared for [33].

Research suggests that web-based videoconferencing is a viable
form of connection for people living in long-term care who may
be physically separated from their families and familiar social
settings (eg, religious mass services and health care
consultations) [34-39]. However, there remains a lack of insight
pertaining to the experiences of the individuals directly using
this technology. Moreover, additional research is required to
inform sustainable and consistent use of WVTs as a reliable
option to help older adults maintain social connectedness [40].
Although WVTs offer clear benefits, some literature suggests
that this technology may cater more to family members than
older adults living in LTCHs, especially if the older adult lives
with some degree of cognitive challenge (eg, dementia)

[28,33,41]. The types of benefits offered by WVTs across a
range of users for the purposes of fostering social connection
necessitate further exploration, particularly among older adults
with varied cognitive abilities residing in LTCHs. As such,
greater knowledge is required to understand how older adults
with both physical and cognitive impairments may benefit from
or experience challenges in using WVTs [33]. Furthermore,
there is a need to understand if and how LTCHs are positioned
in terms of infrastructure and staffing to support successful
widespread WVT use. For example, arthritis, vision
impairments, or neurodegenerative conditions such as Parkinson
disease could necessitate the need for adaptive technology or
additional assistance as well as greater staff requirements and
ultimately cost for the LTCH [42,43]. The potential benefits of
WVTs as a tool to support social connection have been shown,
but within LTCHs, there is a need to better understand end user
experiences if it is to be successfully integrated and sustained
as a widespread tool to support social connectedness.

Objective
The purpose of this study was to understand how older adults
living in LTCHs, their families, and LTCH staff members
perceived the use and ease of use of WVTs as viable modalities
for facilitating social connectedness.

Methods

Project Registration
This study presents the findings of the first stage of a multistage
qualitative research study described in the published protocol
[44].

Study Design
Using a qualitative description methodology [45], this study
sought to explore how older adults in LTCHs, their family
members, and LTCH staff experience and understand the use
of WVTs to support the social connectedness of older adults in
LTCHs. Qualitative description methodology enables
researchers to capture and describe a wide range of participants’
experiences and perceptions in a comprehensive, yet clear and
practical way using in-depth interviews with study participants
[45,46]. In addition, qualitative description is a low-inference
approach used in social sciences and health care to provide
researchers with a practical way to derive rich, close to data
descriptions of participant experiences without the need to
interpret the meaning of participant experiences [46]. In addition
to in-depth interviews, observational field notes were kept
throughout this study, thereby enhancing the dataset and the
overall study rigor [47]. Studies using qualitative description
methodology seek to find answers that are of high relevance to
practitioners or policymakers to improve the quality of a
delivered service, including participants’ thoughts or attitudes
toward a service; why do participants use certain services more
so than others; and how participants use a service in specific
instances [45,48].

Theoretical Framework
The technology acceptance model (TAM) [49] was used to
shape interview questions and to organize and report qualitative
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findings in this study. TAM is a widely used model that helps
researchers uncover how end users adopt the use of
technological systems and how this adoption is influenced by
constructs such as usefulness and perceived ease of use [50].
According to TAM, the actual system use construct concerns
the observable use of technology [49] and, in the context of this
study, refers to the use of WVTs by the study participants (older
adults, family members, and staff in LTCHs) for the purpose
of social connection. The perceived usefulness construct is the
extent to which technology end users perceive technology as
enhancing their tasks or helping them achieve a particular goal
[49]. In this study, perceived usefulness is the degree to which
participants believe that WVT (devices and software) facilitates
social connectedness or makes it more meaningful. The
perceived ease of use construct pertains to the amount of effort
required to operate the technology by end users [49] and, in this
study, reflects participants’ perceptions of how simple it is to
operate or navigate WVTs to engage in video calls with friends
and family members.

A range of open-ended interview questions was developed using
the TAM constructs to guide the in-depth interviews with study
participants. For a full list of interview questions, please see
Multimedia Appendix 1 in our protocol [44]. In line with
qualitative descriptive methodology supporting the use of
deductive approaches (ie, TAM) to guide data analysis [51,52],
this study presents descriptions of participants’ experiences
organized under the following TAM constructs: the (1) actual
system use, (2) perceived usefulness, and (3) perceived ease of
use.

The Use of TAM With Qualitative Description
Approach
Findings grounded in qualitative description methodology result
from staying close to the words and events in the research data
capturing straightforward descriptive accounts of participant
experiences [45,46]. In some qualitative descriptive studies,
findings are categorized under constructs of a chosen theoretical
framework [51]. This study incorporated TAM as a framework
for organizing data-driven coding and practical and identifiable
constructs of the TAM that may be of use to policy makers. The
process of incorporating TAM into the data analysis phase
ensured that participant data were organized and described in
a structured way without imposing subjective interpretations or
other theoretical assumptions on the data. Such an approach
aligns with previously published research that successfully
integrated TAM with qualitative description methodology to
describe older adults’ adoption of digital modalities [51,53,54].

Sample
The desired sample size for qualitative description studies is
influenced by factors such as the subject or phenomenon of
interest, its representation within the broader population, and
the potential variability of experiences with the phenomenon
[55]. As such, the recruitment goal of this study was 45
individuals comprised of 3 groups: older adults residing in
LTCHs, their family members, and associated staff from 3
participating LTCHs located in southwestern Ontario, Canada.
Eligible participants were English-speaking individuals with
mild to moderate cognitive disability and able to participate in

an interview using the Zoom or Microsoft Teams
videoconferencing platforms or a phone. Potential older adult
participants with mild cognitive decline living in LTCHs were
assessed [56] for suitability to participate in this study by a
member of their circle of care within the LTCHs before any
study information was shared with them.

Ethical Considerations
This study was reviewed and approved by the Western
University Research Ethics Board (2024-121993-91059).
Participants were informed about the research study, and their
questions were answered by the study research assistant before
they consented to participate. Collected data was anonymized
and participants who completed an interview were given a $10
(CAD or $7.20 USD) gift card as an honorarium.

Recruitment and Data Collection
Participant recruitment and data collection took place between
July 2023 and January 2024 using purposeful and maximum
variation sampling to help ascertain a sample with a variety of
experiences with WVTs, especially among the older adult and
family member participants. Research information was
distributed to prospective participants via on-premises physical
posters, emails, LTCH newsletters, and word of mouth.
Individual in-depth interviews with older adults, their family
members, and LTCH staff were offered in person, via phone,
or by Zoom videoconferencing to accommodate individual
preferences and took place at an agreed-upon date and time.
Recreational therapy department staff or a family care partner
assisted older adult participants in joining the Zoom or interview
if necessary. Interviews with participants were audio recorded
and transcribed verbatim prior to analysis.

Data Analysis
The collected data were anonymized and analyzed using NVivo
(version 13; Lumivero) qualitative analysis software [57] and
directed content analysis, a qualitative analytic technique
characterized by a structured stepwise process of coding the
data and organizing it into categories and themes [58,59]. The
first step of the data analysis entailed deidentification of the
cases. Interviews collected from family members were assigned
identification such as FM followed by the number of the
participant (FM01, FM02, and so on). Similarly, older adults
were assigned identification of OA (OA01, OA02, and so on),
and staff participants were assigned identification S (S01, S02,
and so on). The next step involved reading the interview
transcripts, developing memos, and noting down compelling
quotes. A formative coding framework was then developed
based on the TAM constructs with consensus reached through
discussion of the research team. The key constructs of the TAM,
perceived usefulness and ease of use of technology, served as
initial codes or units of analysis. Data that did not lie within
one of the key codes were labeled with a new code and
organized into new categories or as subcategories under the
initial codes [58]. The preliminary coding framework was tested
against the same 5 interview transcripts. Researchers then met
on a biweekly basis to refine the coding framework by
establishing links between generic and main conceptual
categories. The newly identified codes were compared and
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discussed for similarities and differences until consensus was
reached regarding the emergent patterns as the concepts became
more densely packed with meaning and evidence. Study rigor
was ensured through conducting member checking [60],
acknowledging biases researchers may introduce to the research
and practicing reflexivity throughout the research processes,
and ensuring confirmability of data through triangulation
between interviews and field notes [61].

Results

Demographic Characteristics Overview
The total sample comprised 39 participants, which is congruent
with sample sizes in other studies using qualitative descriptive
methods [51]. The sample included older adults (n=7, 18%),
family members (n=22, 56%), and staff (n=10, 26%) from 3
participating LTCH facilities, offering diverse perspectives on
WVT use in these settings. The 3 participating homes were
licensed, not-for-profit LTCHs spanning 120 kilometers and
providing comprehensive care to between 160 to 394
individuals, including an emphasis on person-centered care.

All 7 (18%) older participants were female and aged between
64 and 95 years. Older participants were widowed (28/39, 71%)
or divorced (11/39, 29%). All 39 older adults either had a college
diploma (n=22, 57%) or a university degree (n=16, 42%),
providing some context that may be related to the ease of using
WVTs. The majority of older adults (n=28, 71%) reported living
with cognitive or physical challenges (eg, poststroke impairment,
dementia, and arthritis), which provides essential context for
understanding the impact of cognitive or physical limitations
on WVTs’ usefulness, ease of use, and intention to continue

using WVTs. Moreover, 31 out of 39 (nearly 80%) participants
in this study identified that physical (eg, arthritis) or mental
disability (eg, dementia) affected individuals’ ability to use
WVTs.

The 22 family members (FMs) consisted of 18 female and 4
male participants, and were aged between 40 and 69 years.
Many family members held a university bachelor’s degree
(16/39, 41%), with a notable portion being retired (14/39, 36%).

All 10 staff participants were female, with just under half (10/39,
40%) working in their profession between 6 and 10 years. Staff
participants included a range of health professionals such as
recreational therapists (12/39, 30%), social workers (8/39, 20%),
personal support workers (8/39, 20%), a registered practical
nurse (4/39, 10%), and a spiritual care practitioner (4/39, 10%).

Thematic Presentation of the Findings

Overview
Study findings on participants’ roles (older adults, FMs, and
staff) and experiences in using WVTs for the purpose of social
connectedness are presented in themes informed by the TAM
and include the actual system use, with 2 subthemes—(1)
WVTs’hardware and software and (2) trajectory of using WVTs
from pre- to postpandemic; perceived usefulness, with 4
subthemes—(1) enabling remote connection, (2) providing
emotional and psychological benefits, (3) fostering continuation
of life and social roles, and (4) the enriching effect of video
presence; and perceived ease of use, with 3 subthemes–(1)
design and practicality of the devices and platforms used, (2)
usability and accessibility of the devices, and (3) impact on the
workload (Textbox 1).

Textbox 1. Summary of technology acceptance model–informed themes and subthemes.

Theme 1: actual system use

• Web-based videoconferencing technologies’ hardware and software

• Trajectory of using web-based videoconferencing technologies from pre- to postpandemic

Theme 2: perceived usefulness of web-based videoconferencing technologies

• Enabling remote connection

• Providing emotional and psychological benefits

• Fostering continuation of life and social roles

• Enriching effect of video presence

Theme 3: perceived ease of use of web-based videoconferencing technologies

• Design and practicality of the devices and platforms used

• Usability and accessibility of the devices

• Impact on the workload

Theme 1: Actual System Use

Overview

The actual system (WVTs) use theme consisted of 2 subthemes:
(1) the hardware and software used by older adults, FMs, and

staff, and (2) WVTs use trajectory from pre- to postpandemic
timeframes.

WVTs’ Hardware and Software

During the pandemic, LTCH staff introduced iPads and tablets
as a virtual means to facilitate social connectedness between
families. Older adults and families also used a range of personal
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devices with videoconferencing capabilities such as iPads or
tablets, laptops, computers, smartboards, and smartphones.
Moreover, some families independently researched and
purchased nontraditional devices that FMs suggest have more
merit for people with physical or cognitive conditions (eg,

dementia, arthritis, and paralysis) to access the WVTs they were
using, namely, Portal, Alexa Echo Show, and ViewClix
hardware. Participants also used various software platforms for
WVTs, including Zoom, Teams, WhatsApp, Skype, Facebook
Messenger, Signal, and FaceTime (Table 1).

Table . Web-based videoconferencing technologies used across study participants (N=39).

Total, nStaff, nFamily members, nOlder adults, nWeb-based videoconferenc-
ing technology

Hardware types

3110156iPad or tablet

10163Computer

6240Laptop

2200Smartboard

13382Smartphone

2020Portal

1010Alexa Echo Show

1010ViewClix

Software types

177100Zoom

8116Teams

1010WhatsApp

5230Skype

5221Facebook messenger

2020Signal

163121FaceTime

Trajectory of WVT Use From Pre- to Postpandemic

The iPads or tablets were predominantly leveraged by LTCHs'
recreational department teams during the pandemic-related
lockdowns and resultant restrictions on in-person visitations as
an alternative to socially connect FMs and older adults residing
in LTCHs. However, post pandemic, this service was not
unanimously integrated into LTCHs’ care delivery. Some
LTCHs have embraced the technology, integrating it into daily
routines or care planning, while others have shifted funding
priorities toward in-person recreational activities, which some
FMs shared were not always as meaningful as the ability to see
and interact with their loved ones on the screen.

Participants reported varied knowledge of acceptance and
normalization of WVT use across different LTCHs from pre-
to postpandemic. Most participants who used WVTs to socially
connect with people outside LTCHs prepandemic continued to
do so during and post pandemic. For these participants, it was
the only way to connect with family who lived abroad or far
away from LTCHs.

Among the study participants, 14 (36%) participants stated they
began using WVTs to support social connectedness due to the
pandemic (7 FMs, 5 staff, and 1 older adult). Eleven (28%)
participants shared that WVTs continue to be offered by the
LTCHs or that they still use it post pandemic (6 FMs, 3 staff,

and 1 older adult), while 10 (26%) participants believe the
service has stopped being offered post pandemic by the LTCHs
(5 FMs, 3 staff, and 1 older adult). A few reasons were provided
by the participants to explain the decline in use post pandemic.
First, a shift of priorities to do more in-person activities and
visitations resulted in a lack of recreational department staff
support to help with videoconferencing service. As 1 FM whose
mother was admitted to LTCH in March 2023 shared:

I’ve never had it offered to me with my mom. I don’t
think the emphasis is on it and part of it is because
the reason they had time to do more of that
[videoconferencing] was because so many other
programs were cancelled, right? [FM21]

A second reason provided was a lack of awareness among older
adults and their family members that connecting socially using
WVTs was still being offered in the LTCHs:

If they have anything to offer, they’re certainly not
advertising it, I think they don’t have it. I think that
it was simply cut. [FM19]

A similar concern was echoed by a staff member participant:

I don’t even know how much recreation [department]
even does help with Zoom calls anymore because all
family – like anybody can come in now, right? Or
they just call too, right? I don’t really see much Zoom,
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FaceTime, or anything anymore with residents really.
[S07]

The third identified contributor to the decline of WVT use post
pandemic shared by the participants was related to the workload
challenges imposed by supporting the use of WVTs to socially
connect people:

We just simply don’t have that manpower to be
engaging in this environment as well as supporting
you to have a conversation with someone. Even
though we understand the value in that, and how
important that is for their emotional health, you know,
when they are feeling positive and good and they
know that their family is safe, they don’t have
responsive behaviours. [S02]

In summary, the use of WVTs in LTCHs demonstrated benefits
for maintaining social connectedness during the pandemic.
However, the transition to postpandemic society revealed a
decline in its continued use and only partial normalization of
videoconferencing across the 3 LTCHs in this study. The
trajectory of WVT use from pre- to postpandemic provides
insights into the fluid role that technology can have in supporting
social connectedness of older adults in long-term care settings.

Theme 2: Perceived Usefulness of WVTs

Overview
The perceived usefulness of WVTs for social connectedness is
represented by 4 subthemes: enabling remote connection,
providing emotional and psychological benefits, fostering
continuation of life and social roles, and the enriching effects
of video presence.

Enabling Remote Connection
WVTs enabled residents to connect remotely with family and
friends, thereby bridging physical distances that in some cases
were difficult for FMs to overcome. This opportunity was
particularly important for those families who lived at a great
geographical distance from the LTCHs or were unable to visit
frequently due to various constraints:

We’ll FaceTime with family members that are far
away. I mean, last year, we were basically in four
different time zones. My sister was Central, I’m
Eastern, my daughter was in the U.K. and one of my
nephews was in Japan. [FM09]

Conversely, another participant noted a robust example of how
WVTs could connect people in the same building:

At one point [my parents] had to be separated and
put on separate floors, so we used a lot of FaceTime
and – is it Facebook Messenger? Yes, we were using
that between the two of them. So, two of us would
have to go in every day and one to my father, one to
my mother, so that the two of them could talk. [FM03]

In addition, videoconferencing was a useful tool that enabled
family to note health care–related details in older adult’s
presentation, which they later communicated to the staff, as
shared by this FM:

I recognized when she had an eye infection, or I could
see that her hands were really dry. I couldn’t have
done that if I was on the phone. We were able to see
things and it informed us more about how my mother
really was, and it improved her care. [FM18]

WVTs were also used for accessing care as an accessible
alternative in place of the traditional in-person meetings:

For the annual team meetings, we had the option to
do that virtually or in person. And my sister doesn't
drive, and the care home is a long way from her place,
so she chose to meet with the care staff virtually,
which she really appreciated. [FM02]

Those who have not used WVTs for health care access expressed
receptiveness to this possibility (FM12). However, those FMs
who lived within proximity to the LTCH preferred in-person
meetings for such matters. For instance, 1 FM shared that:

there is an annual health care review, and they might
have offered that as an option, but I’m just ten minutes
from where my mum is, so you know, I would just
come in for that meeting. [FM16]

Another FM raised an interesting point regarding the nonverbal
communication that takes place during the in-person meeting
that can be missed or hard to sense over the video call:

In-person you sense if there’s anything going on. You
sense it more because when you are
videoconferencing, you may see just one person at a
time. But when you’re sitting in the room, we’re all
sitting around, and I see everybody, and you feel
something if there’s something wrong, if they’re not
telling you everything. On videoconferencing you
can’t feel it. You just see it, but you don’t feel like
there’s any issues. [FM22]

These quotes exemplify how WVTs ensured continuous social
engagement, helping many residents feel less isolated and more
connected to the outside world during lockdown or when they
were in isolation.

Providing Emotional and Psychological Benefits
Regular videoconferencing interactions helped support older
adults’ mental health by reducing feelings of loneliness and
isolation. The web-based presence connection with family and
friends was a vital source of emotional support. Older adults
and their FMs experienced substantial emotional benefits from
connecting through the video call via WVTs. It provided them
with comfort, joy, and a sense of connectedness, which
heightened their positive emotional and psychological
well-being:

The biggest thing it helps with is their mental health,
especially if they're just making that change into
long-term care. Or if they’ve been in there, to help
lift them out of some bad times or bad moments,
because I know that depression in long-term care is
huge. There’s 24 hours in a day, and if they're
sleeping 10 hours and they only get four hours
devoted time from someone, there’s a lot of time in
between there. So, if there could be some way that
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they could speak to friends or family or anyone else
more, then I think it would decrease depression in
long-term care. And that would be big. [FM07]

Other examples of the ability of WVTs to provide emotional
and psychological benefits include its potential to anecdotally
delay the decline associated with a chronic disease such as
dementia:

I think, for the dementia and Alzheimer’s, for her
[mom] to visually see the relatives on whatever we
use, whether it’s Zoom or FaceTime or Portal, and
connect the face with the voice has sort of delayed
her [mom’s] decline, because you can actually see
them. [FM09]

In addition, WVTs were used for prevention of responsive
behaviors associated with dementia:

They [staff] proactively call, because they figure it’ll
help settle her [mom] down. So now they do FaceTime
because they obviously realize that if she [mom] can
see somebody then it calms her down even more than
just a telephone call. [FM09]

Fostering Continuation of Life and Social Roles
Fostering continuation of life and social roles was another
subtheme associated with WVT use. For example, WVTs
provided an avenue to maintain a sense of normalcy by allowing
older adults to continue participating in daily life activities and
social roles beyond LTCH walls. For instance, older adults kept
in touch with FMs and things that were meaningful to them (eg,
their pets), remained updated on family events, and engaged in
routine conversations that they would typically have in-person
prior to being admitted to LTCHs:

I was trying to keep [mom] updated, how her pet was
doing... show her visually–I would take her for a walk,
through the gardens. [FM07]

Participants found WVTs useful because they allowed them to
fulfill their roles as parents, grandparents, and friends. Even if
through the screen, they could still offer advice, participate in
family decisions, and stay involved in the lives of their loved
ones.

In addition to continuing to fulfill their social roles within the
family and household, WVTs allowed older adults to participate
in other social events. For example, 1 staff member described
how WVTs were used for facilitating music concerts for older
adults:

We would get music entertainers at home through
video chat and each home area would have on their
smart board to get the video chat going. [S03]

Another example was using videoconferencing to stream mass
in churches facilitated by a spiritual care practitioner (1 staff).
As a result, 1 older adult requested to attend a virtual mass daily,
as it allowed this resident to feel connected to a church
community they belonged to prior to the pandemic. These
examples demonstrate the expanded role of WVTs in fostering
a sense of connectedness with other community members.

Enriching Effects of Video Presence
Compared to other means of communication (eg, landline
phone), WVTs were described as having an enriching effect on
social connectedness. Participants shared that being able to see
faces, share visual experiences, and express emotions more
vividly via the screen contributed to a deeper sense of
connection:

How many times you read an email where you take
it wrong. How many times you get on a phone, and
you don't understand a person may be sounding
angry, but they're visually upset. I think the video
adds a lot in those situations, particularly since in a
nursing home it is so emotional. [FM01]

In addition to the interactions between family and older adults,
participants described how videoconferencing allowed them to
record interactions and watch them later or send them to others
(FM01) or observe the resident-staff interactions:

A side benefit is, every so often I’ll catch one of the
staff members in the room with him [my husband],
so I have a nice chat with the nurse. I live next door,
so I'm there all the time anyway, but it gives me a
chance to see the interactions between him and the
staff. [FM17]

In summary, these findings underscore the multifaceted
usefulness of WVTs in maintaining social connectedness and
well-being not just for older adults, but also for FMs. Usefulness
of WVTs may be hindered or enhanced based on how intuitive
and user-friendly these technologies are for older adults, FMs,
and LTCH staff.

Theme 3: Perceived Ease of Use of Web-Based
Videoconferencing Technologies

Overview
The perceived ease of use was informed by 3 subthemes: design
and practicality of the hardware and software, usability and
accessibility of the WVTs, and ease of use in relation to the
impact on the workload for staff members supporting WVT
use.

Design and Practicality
Factors impacting the external design of the devices, such as
size of the screen, weight, and the availability of supportive
accessories like stands, iPad covers, stylus, external speakers,
and headphones influenced the practicality and ease of use of
WVTs for older adults.

Hardware devices with larger screens, clear audio, and
simplified navigation were reported as easier to use. Accessories
like headphones or speakers also improved the ease of use.
Participants also benefited from using devices with software
interfaces requiring minimum to no effort to operate:

With our mom, she didn’t have to know anything, she
just would see faces pop up. [FM04]

Portable hardware devices were preferred by some, as they
could be conveniently moved and adjusted according to the
residents’ needs and preferences and provided more privacy (4
staff). For instance, 1 FM described how they enjoyed going
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for a walk into the garden and video calling their family from
that location. At the same time, portability potentially breached
privacy when residents were situated in an open public space
like the dining area due to a lack of private space or convenience
for staff (1 FM and 2 staff). Eight (21%) participants also
expressed their concern for device misplacement, theft, or a risk
of accessing passwords and private information through older
adults’ personal devices (1 older adult, 5 FMs, and 2 staff),
which could be amplified by the devices’ portability.

Usability and Accessibility
The usability and accessibility of the devices were key factors
impacting participants' use of WVTs. In this study, 31 out of
39 (nearly 80%) participants identified physical (eg, arthritis)
or mental disability (eg, dementia) as the primary reason
impeding their ease of using WVTs for social connectedness.
Both staff and FMs described older adults’ difficulties in
comprehending the concept of videoconferencing, which often
resulted in disengagement during the video call. Despite this,
FMs still appreciated the ability to see their loved ones on
screen, even if for a brief period. However, this stimulated FMs
to seek other easier-to-use WVTs requiring only the FM to start
and end a video call.

In addition to physical or cognitive abilities, digital literacy also
varied among participants. Staff noted that the pandemic
catalyzed WVT use, and as a result, they had to quickly adapt
and engage in learning to use the technologies introduced by
their workplaces. Families also engaged in mobile learning
either individually or with the help of their technologically
literate friends or family. These FMs often assumed
responsibility for teaching older adults living in LTCHs how
to use WVTs. For those older adults who were particularly
isolated or for FMs who lacked support, staff members became
responsible for teaching, setting up, or troubleshooting the
WVTs for them. One staff member shared a story about teaching
a husband outside the LTCH how to download and set up Skype
so that he could speak to his isolated wife in the LTCH during
the pandemic. Some reported that the assessment for the family
and older adult’s capacity to use technology and planning to
support the ease of use would usually take place during the
resident admission into LTCH (2 staff), although this was not
always the case. Findings also suggest that some families were
unaware they could set up video calls upon admission (3 family
members).

Surprisingly, only 1 FM explicitly received special training on
accessibility features embedded into the device through their
workplace to enhance its ease of use for people with varied
cognitive and physical abilities. Moreover, only a few (3 FMs
and 1 staff) were aware of the accessibility features and how to
enable them for easier device use.

Impact on the Workload
The ease of WVT use impacted the workload among staff within
LTCHs. Setting up and supporting older adults with
videoconferencing was seen as an additional task to do and
required coordination between more than 1 health care team,
which led to some resistance to use WVTs among staff. One

staff member deployed to assist residents with setting up video
calls shared:

I wouldn’t get the residents ready myself; I would ask
a personal support worker to get the resident ready.
A lot of times I would go to the floor and some of the
residents would still be in bed, so I’d be like:
“Someone needs to get this person ready for me
because it’s out of my scope. [S05]

Another frontline staff member shared that not all staff were
willing to facilitate the video calls:

There’s one resident who has her own tablet, who
will ask us: “Can you call my daughter?” And we
will go and do it for her. Now, when I say we, it’s
mostly me and one other person. A lot of people don't
want to stop and facilitate that because a lot of times
there’s troubleshooting with a tablet. And people
aren't always comfortable doing that kind of thing.
Or they don't feel like it’s their job to do. [S09]

Interestingly, staff reticence to assist with web-based
videoconferencing technologies use was received with
understanding among family and older adults (1 older adult and
1 FM) with some noting that staff already had many work
demands and were too overworked to be helping them with
videoconferencing. However, 1 FM also added that
contextualizing the reason for a video call (eg, social connection)
could overcome the staff’s resistance to help with setting it up
and staying with the person for the duration of a video call if
needed:

[…] if you had a palliative resident in the middle of
the night that wanted to say last good-byes to
somebody, wouldn’t it be wonderful to be able to
connect them virtually with somebody that couldn’t
be there. I think if it were put in the context like that,
it could be woven into some of the other training that
you give your nursing staff. [FM21]

The perceived ease of use of WVTs in this study was influenced
by a range of factors, from choosing the ergonomically suitable
device to calibrating it based on unique needs and integrating
its use into a care plan given the realities of staff workload.

Discussion

Principal Findings
This qualitative study examined perceptions of usefulness and
ease of using web-based videoconferencing hardware and
software to facilitate social connectedness between older adults
living in LTCHs and FMs. In-depth interviews conducted with
3 participant groups—older adults living in LTCHs, FMs, and
LTCH staff—suggest that many older adults and FMs benefited
from WVTs, and families were creative in finding workable
solutions to facilitate older adults’ use of technology despite
their potential physical and cognitive limitations. Findings
informed by the TAM model were collated in 3 overarching
themes: actual system use, perceived usefulness, and perceived
ease of use to help inform understanding of WVT use in LTCHs.
Key findings in this study include introduction of the WVTs
during the COVID-19 pandemic positively impacted emotional
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well-being of socially isolated older adults in LTCHs and their
FMs when in-person visitations were restricted; design and
ergonomics greatly influenced the use of WVTs, and staff along
with FMs were instrumental in finding ways to make WVTs
useful and easy to use, especially for older adults with cognitive
or physical impairments; and there was a notable decline in
WVT use in LTCHs for social connectedness post COVID-19
pandemic despite heavy reliance on WVT programs to maintain
a sense of connectedness during the pandemic.

Actual System Use
Besides commonly used WVTs like iPads or Zoom platform,
FMs and staff participants in this study who provided care to
the older adults living with dementia used several devices such
as Portal, ViewClix, Alexa Echo Show, and Signal, which are
understudied in the literature. For instance, a literature search
yielded only 1 study exploring Alexa Echo Show to maintain
social connection among older adults without impaired cognitive
abilities during the COVID-19 pandemic [62]. Smartphones,
iPads, or laptop devices, as well as FaceTime, Skype, or Zoom
digital software are the most commonly used WVTs reported
in the literature to facilitate social engagement and residents’
emotional well-being [25,29,36,41,63-66]. These hardware and
software are useful for many people; however, they might not
have embedded accessibility features required for people with
special needs, which was noted in this study. In addition, WVT
users may require additional assistance, either provided by staff
(which may not be realistic to integrate in the current workflow)
or due to the variable availability of informal support by friends
or family.

Participant experiences highlight the limited number of formal
roles (eg, recreational activity specialists), resources (eg, tailored
technologies and their maintenance), and programs (eg, digital
literacy workshops) to support ongoing WVT use. The lack of
WVT use for social connectedness, particularly post pandemic,
signals an emphasis on in-person activities and, concomitantly,
ongoing staff shortages, which are also reported in other research
[67]. The sustained use of WVTs for social connectedness in
this study was found among those who were most familiar and
comfortable with technology and who were separated by great
geographical distances, a finding corroborating other research
[66]. However, there were FMs of older adults in this study who
were unaware of the ongoing availability of WVTs despite
expressed interest in using this modality. This indicates a
growing preference for multiple modes of fostering social
connection with those residing in LTCHs.

Perceived Usefulness
Study findings demonstrated that LTCH staff valued using
WVTs with families as a means to enhance social presence and
for its positive effects on older adults’ well-being, even if they
had advanced dementia and were unable to fully comprehend
how videoconferencing functioned, which is echoed in other
research [36,63,67,68]. Participants in this study and other
research [69] reported increased usefulness of WVTs for social
connectedness facilitated by LTCH staff or family members,
as it allowed older adults to remain remotely connected with
their families despite restrictions on in-person visits. Although
some of the older adults with more pervasive cognitive

shortcomings found it challenging to engage in conversation,
videoconferencing experiences still elicited positive reactions
and emotions, in accord with findings reported in the literature
[36,63,67]. Despite the potential challenges of WVT use, they
were perceived as a valuable tool to support well-being, foster
engagement between older adults and their family, and enhance
patient-centered care [67].

Notable was the lack of clarity voiced by some participants
about the availability of and ability to use WVTs, particularly
once the acuity of the pandemic had subsided. Although WVT
use declined post pandemic in LTCHs, older adults and their
FMs described it as a useful and desired service for ongoing
use. To achieve optimum quality of life while residing in
LTCHs, older adults and their FMs expect greater opportunities
for social interactions and higher quality and quantity of family
engagement [70], which can be addressed by using WVTs. For
example, participants in this study shared that videoconferencing
allowed them to stay connected to their life and maintain habits
established before moving to LTCHs (eg, virtually visiting the
garden they used to walk through and interacting with their pet).
This propensity of WVTs to provide access to other contexts
may foster a sense of aging in place [71] among older adults
who are living in LTCHs.

In addition to supporting social well-being, WVTs may also
have an important clinical role, in the form of telemedicine, as
these modalities reduce time needed to travel, allow timely
access to specialized health care personnel [37] and are a
cost-effective solution that could alleviate the need for emergent
visits [72]. The added examples of usefulness make it
worthwhile not only to sustain but also expand WVT service
[73].

Perceived Ease of Use
Participants in this study independently researched and shared
their knowledge of Portal, ViewClix, or Alexa Echo Show.
These WVTs were perceived as easier to use for people with
cognitive impairment (eg, dementia) than iPads. Although iPads
have been commonly leveraged for their convenience and wide
societal acceptance, these types of mobile devices often
presented challenges for those older adults who had cognitive
or physical disabilities or who lacked experience in using WVTs.
In line with this finding, higher tablet or iPad use is predicted
by factors such as younger age, higher cognitive functioning,
and absence of hearing impairment [66]. The use of devices
such as Portal, ViewClix, and Alexa Echo Show highlighted in
this study warrants further exploration. These devices could be
well-situated to address some of the identified challenges of
WVT use among older adult populations and in those with
increasing health complexity, such as is often found within
LTCH settings [74]. This is especially relevant because a lack
of social contact was identified as a risk factor for developing
dementia, and preventative action is best initiated early [75].

Findings in this study also suggest that staff members noted
digital literacy challenges among some FMs as well as older
adults living in LTCH, which is echoed across other studies
[63,67]. Low digital literacy among older adults may amplify
social isolation by excluding these individuals from participating
in social processes or spaces [76,77], many of which have
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shifted their operation to digital spaces in recent years.
Moreover, since in many instances the FMs were pivotal for
initiating the video calls [36], low digital literacy among them
resulted in additional responsibility being assumed by LTCH
staff who were required to provide education and manual support
[36,67]. These findings highlight the need for broad approaches
to foster widespread WVT uses among older adults that consider
cost, digital literacy, individual capabilities, usability of these
tools, and training and use requirements.

Although WVTs are challenging to use for some older adults
[64], looking to the future, more people will likely expect to
use and be supported in using WVTs in LTCHs as younger
generations of society use these devices regularly and
consistently within their daily lives. The importance of digital
literacy training and accessibility features to facilitate
independent use of WVTs by older adults is documented in the
literature [78]. This study also identified limited awareness
about, and knowledge of, accessibility features embedded in
the WVTs by participants which, in turn, could enhance the
ease of their use. Although previous works have identified low
digital literacy among older adults [64] and a lack of training
available within LTCHs to guide their use of WVTs [36,66],
there remains a gap in research regarding implementing digital
literacy training programs with older adults in LTCHs and their
families. In fact, research suggests that in some cases, FMs have
been the ones to take initiative and provide the technology
necessary for WVTs within LTCHs [79]. Moving forward,
additional funding and education to increase technology
availability, enhance digital literacy, and increase staffing
support roles within LTCH are warranted.

Staff participants in this study and in others [36,63,67] expressed
concern regarding their workload and challenges to integrate
videoconferencing with their other roles and responsibilities.
Interestingly, a few FM participants in this study were accepting
of limited opportunities to connect with their older adult member
using WVTs due to staffing shortfalls. It is plausible that
widespread awareness of the workload and employment
challenges common within LTCHs across Canada contributed
to their acceptance [80]. This finding demonstrates families’
awareness and compassion for those employed within LTCHs,
but it also highlights the ongoing paucity of resources directed
toward supporting the psychosocial well-being of older adults
within LTCHs. In addition, it highlights the lack of policy to
support widespread use of WVTs in LTCHs. For instance,
burdened staff being too busy to provide assistance with WVT
use is documented in the literature [66,79]. Institutional supports
are paramount to sustain the WVT service for social
connectedness and include additional staffing and redefining
roles and responsibilities among LTCH staff to foster digital
literacy among older adults in LTCHs or, alternatively, to assist
older adults and their families in using WVTs [81]. Addressing
these factors simultaneously may facilitate smoother integration
of this service into LTCHs while limiting the burden on older
adults, their families, and staff.

Implications
Findings from this study highlight the importance of a breadth
and depth of approaches to effectively implement and sustain

the integration of WVT programs for social connectedness
within LTCHs. Government and the private sectors must allocate
funding to allow for technology procurement and infrastructure
improvements to support wide-scale WVT use within LTCHs.
This could be achieved by targeted funding grants or through
capital funding initiatives. To maintain WVT use over time,
policies and funding to guide its use are also required.
Recognition that personnel is required for successful long-term
use is paramount if older adults and families are going to benefit.
There could be opportunities for expanded roles or even
volunteer positions to help older adults use WVTs. In terms of
choosing the WVTs, guidelines that ensure accessibility and
user-centeredness for individuals with cognitive or physical
impairment are required to ensure equitable use of WVTs. In
anticipation of the increasingly digitalized health care and
potential future increase in using WVTs by individuals in our
society, additional roles for staff should be created to be able
to support, sustain, and expand WVT programs for social
connectedness and health care in LCTHs.

Interdisciplinary care teams in LTCHs can leverage WVTs in
their daily routines or activities to improve older adults’physical
and psychosocial well-being and create opportunities for more
family engagement. Care teams should create opportunities for
older adults and their families to engage in digital literacy
workshops to optimize benefits from using WVTs by a greater
number of older adults and their families. Staff members should
also engage in digital literacy training with a particular focus
on troubleshooting WVTs and innovating ways they can
incorporate WVTs into their daily activities to promote a sense
of meaningful social connectedness among older adults residing
in LTCHs.

This study highlights the need to explore long-term impacts on
health and well-being of using WVTs with residents and their
families. Future studies should focus on exploration and
comparison of WVTs to determine the most appropriate WVTs
to promote social connectedness, especially for individuals
living with cognitive or physical impairments. In addition,
metrics on the impact of using WVTs for older adults’
well-being should be collected to determine different aspects
of WVTs’usefulness for older adults in LTCHs. Future research
studies should also explore or develop sustainable models to
enhance digital literacy training for older adults and their
families.

Strengths and Limitations
A strength of this study is the robust participant sample
representing multiple perspectives and experiences in using
WVTs for social connectedness. Although staff participants
were all female, this parallels research suggesting that 90% of
personal support workers employed in Ontario are female and
75% of care workers across Canada are female [82,83]. In
addition, collaborating with 3 LTCH sites for participant
recruitment supported collection of a diverse range of
experiences across the different settings. This mitigated a risk
for biased results that would be imposed by the nature and
operations of a single facility.

While efforts were made to recruit a range of older participants
living in LTCHs, we recognize that the inclusion criteria of mild
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or no cognitive impairment constrained the participation of
older adults. Those who had advanced dementia or other severe
neurocognitive deficits were not included, which likely
represented a notable portion of those residing in LTCHs who
live with dementia [84]. Those older adults who had mild
deficits or other physical limitations that impacted their ability
to participate were offered assistance in setting up the
technology so they could still participate. The findings revealed
that frontline staff, particularly nurses and personal support
workers, were instrumental in facilitating WVT use among older
adults and their families, although this responsibility posed
potential burdens on staff workload. Future work could address
targeted personnel support for WVT use, including the potential
for volunteer technology facilitation or expanding frontline
provider roles to include assisting older adults to use technology
such as WVTs. Experiences of staff in various LTCH facilities
may differ in terms of digital literacy training provided to staff
or role expectations. Moving forward, it would be helpful to
have clear guidelines to inform staff roles in providing
technology support, particularly in the case of supporting older
adults’ well-being, including social connectedness. In addition,
this study did not delve into other factors that may contribute
to the decline in using WVTs post pandemic, like for instance,

the complex psychosocial factors that influence technology
adoption.

Conclusions
The experiences of older adults residing in LTCHs, FMs, and
staff demonstrate that using WVTs for social connectedness
positively impacts older adults and their FMs’ emotional and
social well-being. However, WVTs service needs to be tailored
to the needs of the families, including the choice of the device,
digital literacy training, and provision of human resources to
support connections. Moving forward, LTCHs should develop
formal programs that allow for integration of WVTs service to
expand the opportunities for older adults in the LTCHs to
connect socially with their families or use WVTs in other ways
that create a sense of social connectedness. To achieve this,
funding initiatives such as capital improvement funds and clearer
policies on the roles of personnel support will be required.
Prospective studies should implement WVTs in collaboration
with other actors participating in the process of socially
connecting people with WVTs, such as technology industry
partners, companies allowing people to participate in or attend
leisure activities virtually, and public health organizations to
explore additional impacts of WVTs on social and clinical
well-being of older adults in LTCHs and their families.
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Abstract

Background: The therapeutic efficacy of acupuncture in treating Alzheimer disease (AD) largely depends on consistent treatment
adherence. Therefore, identifying key factors influencing adherence and developing targeted interventions are crucial for enhancing
clinical outcomes.

Objective: This study aims to develop and validate a predictive model for identifying patients with AD who are likely to maintain
good adherence to acupuncture treatment.

Methods: This secondary analysis included 108 patients with probable AD, aged 50 to 85 years, from 2 independent randomized
controlled trials conducted at Guang’anmen Hospital, China Academy of Chinese Medical Sciences. Of all, 66 patients were
assigned to the development cohort and 42 to the external validation cohort. Acupuncture adherence was defined as the proportion
of completed sessions relative to scheduled sessions, with good adherence defined as ≥80% completion. Baseline data included
demographic, clinical, cognitive, functional, psychological, and caregiving variables. Multivariable logistic regression with
backward stepwise selection was used to identify significant predictors, and a nomogram was constructed based on the final
model. Model performance was assessed using receiver operating characteristic curves, calibration plots, and decision curve
analysis, with external validation performed by receiver operating characteristic analysis. Sensitivity analysis was performed
using alternative adherence thresholds of 70% and 90%.

Results: A higher number of treatments during the first month was associated with a significant increase in the odds of good
adherence (odds ratio [OR] 3.06, 95% CI 1.68‐7.01; P=.002), while longer disease duration (OR 0.97, 95% CI 0.94‐1.00;
P=.049) and receiving care from a part-time caregiver (OR 0.19, 95% CI 0.04‐0.72; P=.022) were associated with lower odds
of adherence. Sensitivity analyses further supported the stability and reliability of the model.

Conclusions: This study is the first to develop and validate a predictive model for acupuncture adherence in patients with AD.
In clinical research, it can facilitate participant stratification and help identify individuals who may need additional adherence
support, thereby reducing bias and enhancing trial quality. In clinical practice, the nomogram enables proactive adherence
management by prospectively identifying high-risk patients and guiding targeted strategies to improve adherence and optimize
therapeutic outcomes.

(JMIR Aging 2026;9:e82787)   doi:10.2196/82787

KEYWORDS

alzheimer disease; acupuncture; adherence; nomogram; predictive model

Introduction

Alzheimer disease (AD) is a progressive neurodegenerative
disorder primarily characterized by cognitive decline, functional

impairment in activities of daily living, and neuropsychiatric
symptoms [1]. Acupuncture, given its favorable safety profile
and potential for symptomatic improvement [2-4], has been
recommended as a promising nonpharmacological long-term

JMIR Aging 2026 | vol. 9 | e82787 | p.18https://aging.jmir.org/2026/1/e82787
(page number not for citation purposes)

Chen et alJMIR AGING

XSL•FO
RenderX

http://dx.doi.org/10.2196/82787
http://www.w3.org/Style/XSL
http://www.renderx.com/


therapy in clinical practice guidelines for the management of
AD [5]. However, the therapeutic efficacy of acupuncture for
AD remains a subject of ongoing debate [6,7]. This
inconsistency in findings may be partially explained by a critical,
yet often underinvestigated factor: treatment adherence.

Consistent adherence is crucial to therapeutic efficacy,
particularly in chronic disease management and
nonpharmacological interventions. At present, adherence has
been studied primarily in the context of pharmacotherapy, with
reported rates of long-term pharmacological adherence in
patients with AD ranging from 16.5% to 51% [8,9]. Some
studies have developed models to predict patients’ medication
adherence [10,11]. In contrast, adherence to nonpharmacological
therapies such as acupuncture remains insufficiently explored.
This knowledge gap is compounded by the lack of a
standardized definition for what constitutes good or poor
adherence. This variability in definitions across studies makes
it difficult to compare findings and may be a key confounding
factor obscuring the true dose-response relationship of
acupuncture [12].

Clinical studies have shown that factors influencing acupuncture
adherence are multifaceted, encompassing patient subjective
norms, perceived behavioral control, and treatment commitment
[13]. Specific factors include perceived effectiveness, family
support, emotional status, patient recognition and acceptance
of acupuncture, and the availability of medical subsidies [14].
Nonetheless, most of these studies have provided only
descriptive insights or general recommendations based on
literature reviews [15,16], while few have offered quantitative
evidence derived from clinical data. Notably, research
specifically focusing on acupuncture adherence in individuals
with AD is exceedingly scarce. Given the substantial cognitive
decline, behavioral symptoms, and caregiver dependence
associated with AD, patients in this population may face unique
barriers to maintaining adherence. Thus, findings from studies

in other populations may not be directly generalizable to patients
with AD. Understanding the specific determinants of adherence
in this unique population is crucial for optimizing treatment
delivery and improving outcomes.

Given the ongoing debate over acupuncture’s efficacy and the
critical yet poorly understood role of adherence in treatment
outcomes, identifying predictors for treatment engagement in
a methodologically robust setting is paramount. In this study,
we conducted a secondary analysis of data from 2 independent
randomized controlled trials (RCTs) previously conducted by
our team, with the aim of identifying key predictors of
acupuncture adherence among patients with AD and developing
a clinically applicable predictive model. By identifying
individuals at high risk of poor adherence and enabling the
development of targeted intervention strategies, this study seeks
to enhance the adherence and efficacy of acupuncture treatment
and provide evidence-based support for adherence management
in nonpharmacological interventions for AD.

Methods

Study Design and Data Source
This study was a secondary analysis based on data collected
from 2 independent RCTs conducted at Guang’anmen Hospital,
China Academy of Chinese Medical Sciences (CACMS).
Participants were primarily recruited between December 2021
and June 2024. The first RCT, conducted from December 2021
to June 2024, enrolled 66 patients and served as the model
development cohort. The second RCT, conducted from June
2022 to November 2022, included 42 patients and served as an
external validation cohort for the predictive model.

Eligibility screening and clinical assessments were conducted
by licensed physicians from the departments of encephalopathy
and neurology. Inclusion criteria and exclusion criteria are
present in Textbox 1.

Textbox 1. Inclusion and exclusion criteria.

• Inclusion criteria:

• A diagnosis of probable Alzheimer disease according to the National Institute on Aging–Alzheimer’s Association criteria [17]

• Age between 50 and 85 years

• A Clinical Dementia Rating score ≥0.5

• A Mini-Mental State Examination score ≤26

• A Hachinski Ischemic Scale score ≤4

• Exclusion criteria:

• Other neurological or systemic disorders known to cause progressive cognitive impairment

• Recent use of medications or exposure to substances known to impair cognition

• A history of trypanophobia or active skin infections

• Acupuncture or electroacupuncture treatment within the past 2 weeks

• Participation in other clinical trials
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Ethical Considerations
Both studies were conducted in accordance with the ethical
principles outlined in the Declaration of Helsinki. This study is
a secondary analysis of data derived from 2 RCTs previously
conducted at Guang’anmen Hospital, CACMS. Both original
trials received independent ethical approval from the ethics
committee of Guang’anmen Hospital, CACMS (approval:
2021-056-KY-01 and 2022-087-KY). Written informed consent
was obtained from all participants or their legally authorized
representatives prior to data collection. Participants did not
receive compensation for participation in the original trials. All
treatments and assessments were provided free of charge. To
protect participant privacy, all data used in this secondary
analysis were anonymized and deidentified prior to analysis.

Treatment and Adherence Assessment
Participants received 20-minute acupuncture sessions 3 times
per week (on nonconsecutive days) for a total of 12 weeks.
Adherence was assessed by calculating the proportion of
completed treatment sessions relative to the total number of
scheduled sessions during the intervention period. The
proportion of days covered (PDC) was used as the adherence
metric. In the absence of an established gold standard for
adherence in nonpharmacological trials like acupuncture, we
adopted the widely accepted threshold of PDC ≥80% from
pharmacotherapy research [9]. This threshold is a well-validated
proxy for sufficient exposure to treatment in chronic disease
management. Participants with a PDC ≥80% were classified as
having good adherence, while those with a PDC <80% were
categorized as having poor adherence.

Data Collection
The following clinical data were collected: sex, age, disease
duration, disease severity, educational level, occupation, history
of acupuncture treatment, Mini-Mental State Examination score,
Alzheimer’s Disease Assessment Scale–Cognitive Subscale
score, basic activities of daily living, instrumental activities of
daily living, presence of behavioral and psychological symptoms
of dementia, Patient Health Questionnaire-9 score for depressive
symptoms, caregiving role, number of treatments in the first
month, travel time to the hospital, recruitment method, and
adherence outcomes.

Screening of Influencing Factors
A linear regression model was used to assess multicollinearity
among independent variables. Multicollinearity was quantified
by calculating the variance inflation factor and tolerance values.
Variables with a variance inflation factor <10 and tolerance
>0.1 were considered to have acceptable levels of
multicollinearity [18]. Variables meeting these criteria were
subsequently included in a multivariable logistic regression
model. Variable selection was performed using a backward
stepwise regression approach based on the likelihood ratio test,
with a significance threshold of P<.05 for retention in the model.
This data-driven approach was chosen to build a parsimonious
model and reduce the risk of overfitting. We also conducted
exploratory analyses by forcing clinically relevant but
nonsignificant variables into the model, but this did not lead to
a significant improvement in model performance and increased

model complexity. Therefore, the final model retained only the
statistically significant predictors. Final variables were required
to meet criteria for statistical significance, low multicollinearity,
and satisfactory predictive performance. To improve model
interpretability, Shapley Additive Explanations (SHAP) values
were calculated to quantify the relative contribution of each
predictor to the outcome [19]. SHAP values were visualized
using beeswarm plots.

Construction and Evaluation of the Nomogram
A nomogram was developed based on the final multivariable
logistic regression model to predict adherence. The nomogram
serves as a graphical tool to visualize the relationships between
multiple predictors and the outcome, facilitating individualized
risk assessment and clinical decision-making. In the nomogram,
each predictor is aligned with its corresponding axis; by drawing
a vertical line from the predictor’s value to the point scale, a
score can be assigned. The total score, obtained by summing
the individual scores, corresponds to a predicted probability of
adherence on the nomogram’s outcome axis.

Model performance was assessed through receiver operating
characteristic (ROC) curve analysis, calibration plots, the
Hosmer-Lemeshow goodness-of-fit test, and decision curve
analysis using the development dataset. Internal validation was
conducted using the bootstrap method with 1000 resampling
iterations. Agreement between predicted and observed outcomes
was evaluated using the κ statistic. An area under the ROC
curve (AUC) between 0.5 and 0.7 was interpreted as indicating
low discrimination, 0.7 to 0.9 as moderate, and >0.9 as high
discrimination [20]. The nomogram’s robustness was further
evaluated by performing ROC analysis in the external validation
cohort.

Statistical Methods
Data completeness for the variables included in the final model
was assessed prior to analysis. There were no missing values
for the variables included in the final model in either the
development or validation cohorts, as complete data collection
was a requirement for the per-protocol analysis in the 2 RCTs.
All statistical analyses were conducted using R software (version
4.4.2; R Foundation for Statistical Computing). Continuous
variables with a normal distribution were presented as mean
(SD), while nonnormally distributed variables were expressed
as median (IQR), with distribution assessed using the
Shapiro-Wilk test. Categorical variables were reported as
frequencies and percentages. Group comparisons were
performed using independent-samples t tests for normally
distributed continuous variables and the Mann-Whitney U test
for nonnormally distributed continuous variables. Categorical
variables were compared using the chi-square test or the Fisher
exact test, as appropriate. All statistical tests were 2-tailed, and
a P value <.05 was considered statistically significant. To assess
the robustness of our model to the primary adherence definition
(PDC ≥80%), a sensitivity analysis was performed by repeating
the multivariable logistic regression using alternative thresholds
of 70% and 90%.
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Results

Baseline Characteristics of the Training Set
The predictive model was developed using data from the
development cohort (cohort 1), which comprised 66 patients
with AD (Table 1). Participants were stratified by treatment
adherence into a good adherence group (n=43) and a poor
adherence group (n=23). Of the total participants, 34 (51.5%)
were female participants and 32 (48.5%) were male participants.

The mean age was 71.8 (SD 7.9) years, and the mean disease
duration was 50.0 (SD 26.0) months. Univariate analysis
revealed significant differences between the good and poor
adherence groups in caregiving status (P=.025) and the number
of treatment sessions during the first month (P=.001).

The P values for testing differences between patients with good
and poor adherence to acupuncture treatment were derived from
independent samples t tests, Mann-Whitney U tests and
chi-square tests or the Fisher exact tests.
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Table . Comparison of baseline characteristics between patients with good and poor adherence (n=66).

P valueChi-square (df)Wilcoxon rank-

sum testa
t test (df)aPoor adherence

(n=23)
Good adherence
(n=43)

TotalVariable

.1711.88 (1)—b—Sex, n (%)

15 (65)19 (44)34 (52)    Female

8 (35)24 (56)32 (48)    Male

.204——−1.28 (64)73.5 (8.3)70.9 (7.7)71.8 (7.9)Age (y), mean
(SD)

.427——−0.80 (64)53.5 (26.2)48.1 (26.0)50.0 (26.0)Disease duration
(mon), mean
(SD)

.490———Disease severity,c n (%)

8 (35)21 (49)29 (44)    Mild

12 (52)16 (37)28 (42)    Moderate

3 (13)6 (14)9 (14)    Severe

.8160.05 (1)——Education level, n (%)

13 (57)27 (63)40 (61)    No higher edu-
cation

10 (43)16 (37)26 (39)    Higher educa-
tion

.990.00 (1)——Occupation, n (%)

7 (30)14 (33)21 (32)    Manual work

16 (70)29 (67)45 (68)    Nonmanual
work

.241—582—16.0 (9.5‐20.0)18.0 (12.0‐
21.5)

16.5 (11.0‐
21.0)

MMSEd, median
(IQR)

.590—454—24.0 (16.0‐
38.5)

22.0 (14.5‐
39.0)

22.0 (15.0‐
38.8)

ADAS-Coge,
median (IQR)

.500—444.5—11.0 (9.5‐13.5)10.0 (9.0‐12.5)10.0 (9.0‐13.0)BADLf, median
(IQR)

.772—472.5—25.0 (19.5‐
33.5)

27.0 (16.0‐
32.5)

26.0 (18.2‐
33.0)

IADLg, median
(IQR)

.99———BPSDh,c n (%)

19 (83)34 (79)53 (80)    Present

4 (17)9 (21)13 (20)    Absent

.99———PHQ-9i,c n (%)

1 (4)2 (5)3 (5)    Depressive
symptoms

22 (96)41 (95)63 (95)    Normal

.272—413—60.0 (50.0‐
135.0)

50.0 (35.0‐
95.0)

60.0 (40.0‐
100.0)

Travel time to
the hospital
(min), median
(IQR)

.001—736—10.0 (8.0‐12.0)12.0 (11.0‐
12.0)

11.0 (11.0‐
12.0)

First-month
treatment ses-
sions, median
(IQR)

.0255.05 (1)——Caregiving role, n (%)
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P valueChi-square (df)Wilcoxon rank-

sum testa
t test (df)aPoor adherence

(n=23)
Good adherence
(n=43)

TotalVariable

7 (30)27 (63)34 (52)    Full-time
caregiver

16 (70)16 (37)32 (48)    Part-time
caregiver

.990.00 (1)——History of acupuncture, n (%)

10 (43)20 (47)30 (45)    No

13 (57)23 (53)36 (55)    Yes

.844———Recruitment methodc, n (%)

1 (4)3 (7)4 (6)    Nursing home

11 (48)19 (44)30 (45)    Multimedia

4 (18)11 (26)15 (23)    Study team re-
ferral

7 (30)10 (23)17 (26)    Outpatient
clinic

aContinuous variables were compared using independent-samples t tests when normally distributed and Wilcoxon rank-sum tests otherwise. Categorical
variables were compared using the chi-square test or Fisher exact test, as appropriate.
b—: not applicable.
cEvaluated using the Fisher exact test.
dMMSE: Mini-Mental State Examination.
eADAS-Cog: Alzheimer’s Disease Assessment Scale–Cognitive Subscale.
fBADL: basic activities of daily living.
gIADL: instrumental activities of daily living.
hBPSD: behavioral and psychological symptoms of dementia.
iPHQ-9: Patient Health Questionnaire-9.

Independent Predictors of Adherence to Acupuncture
Treatment Among Patients with AD
Initially, 17 potential predictors of adherence to acupuncture
treatment in patients with AD were considered. Following
multicollinearity analysis and assessment of clinical relevance,
16 variables were ultimately selected for model construction
(Table S1 in Multimedia Appendix 1). Multivariable logistic
regression analysis was performed to develop a predictive model
of adherence to acupuncture treatment in this population. The
final model is represented by the following equation (Figure 1;
Table S2 in Multimedia Appendix 1):

log(p1−p)=−9.244−0.028×DiseaseDuration+1.120×Number of Treatments in First Month−1.683×Caregiving Role

Disease duration, the number of treatments in the first month,
and caregiving role were independent predictors of adherence
to acupuncture treatment among patients with AD. A higher
number of treatments during the first month was associated with
a significant increase in the odds of good adherence (odds ratio
[OR] 3.06, 95% CI 1.68‐7.01; P=.002), while longer disease
duration (OR 0.97, 95% CI 0.94‐1.00; P=.049) and receiving
care from a part-time caregiver (OR 0.19, 95% CI 0.04‐0.72;
P=.022) were associated with lower odds of adherence. SHAP

analysis quantified the contributions of these predictors,
confirming their importance in the model (Figure 2). The SHAP
results were consistent with the logistic regression findings,
enhancing the interpretability of the model.

The results indicated that the number of treatment sessions
during the first month, caregiving role, and disease duration
were the 3 most important factors influencing adherence. This
ranking was highly consistent with the findings of the logistic
regression model, demonstrating the substantial contribution of
these variables to the model’s predictive performance.

The SHAP summary plot visualizes the impact of each variable
on the predicted probability of adherence. Each dot represents
the SHAP value of an individual observation, indicating the
degree and direction of that variable’s influence on the model
output. Higher SHAP values correspond to a stronger positive
contribution to adherence probability. The color gradient from
blue to red indicates the relative value of each variable for that
observation (blue =lower value; red =higher value). For
example, a higher number of treatments in the first month (red)
is associated with higher SHAP values, reflecting its positive
impact on adherence.
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Figure 1. Forest plot of factors influencing adherence to acupuncture treatment among patients with Alzheimer disease based on multivariable logistic
regression analysis. Dots represent odds ratios, and horizontal lines indicate 95% CIs. Longer disease duration and care provided by part-time caregivers
were associated with lower adherence (odds ratio<1), while a higher number of treatment sessions during the first month significantly increased adherence
(odds ratio >1). All variables included in the model were statistically significant (P<.05).

JMIR Aging 2026 | vol. 9 | e82787 | p.24https://aging.jmir.org/2026/1/e82787
(page number not for citation purposes)

Chen et alJMIR AGING

XSL•FO
RenderX

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


Figure 2. Shapely Additive Explanations (SHAP) summary plot of variable importance for predicting adherence to acupuncture treatment in patients
with Alzheimer disease based on multivariable logistic regression analysis. BADL: basic activities of daily living; IADL: instrumental activities of daily
living.

Development and Evaluation of the Nomogram
A nomogram was developed based on the final predictive model,
incorporating the number of treatments in the first month,
disease duration, and caregiving role (Figure 3). The model
demonstrated excellent discrimination, with an area under the
ROC curve (AUC) of 0.914 (Figure 4A). Validation was
performed using cohort 2 (test set), which included 42 patients
with AD (Table S3 in Multimedia Appendix 1). The calibration
curve from internal validation indicated good agreement between
predicted and observed probabilities (mean absolute error =0.04;
mean squared error =0.003; 90th quantile absolute error =0.078)
(Figure 4B). The Hosmer-Lemeshow goodness-of-fit test
showed that the model predictions were well calibrated
(χ²8=10.9; P=0.21). The decision curve analysis showed that
the nomogram provided a net clinical benefit across a wide
range of threshold probabilities (Figure 4D). Internal validation

yielded an overall predictive accuracy of 89.4%, with a κ
statistic of 0.759, indicating good consistency and potential
clinical utility. Furthermore, the model performed well in the
external validation cohort, achieving an AUC of 0.833 (Figure
4C).

For example, a patient with AD with a disease duration of 60
months, part-time caregiving, and 11 acupuncture sessions
during the first month would obtain corresponding point values
on each variable axis, indicated by red dots on the upper
horizontal scales. The points for the 3 variables are summed to
yield a total score of approximately 234. On the bottom axis, a
total score of 234 corresponds to a predicted adherence
probability of approximately 0.30, as marked by the red arrow.
This relatively low predicted probability highlights the need for
proactive adherence management and targeted interventions in
clinical practice.
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Figure 3. Nomogram for predicting adherence to acupuncture treatment among patients with Alzheimer disease.
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Figure 4. Evaluation and validation of the nomogram model for predicting adherence to acupuncture treatment in patients with Alzheimer disease. (A)
Receiver operating characteristic (ROC) curve assessing the discriminative ability of the model, with an area under the ROC curve of 0.914, indicating
excellent predictive performance. (B) Calibration curve illustrating agreement between predicted and observed adherence probabilities. The x-axis
represents predicted probability, while the y-axis shows the observed probability of adherence. The Ideal line indicates perfect concordance between
predicted and actual outcomes. The apparent line reflects model performance in the original sample, and the bias-corrected line shows model performance
adjusted for overfitting using the bootstrap method (1000 resamples). The close alignment of the calibration curves with the ideal line demonstrates the
high accuracy and reliability of the model. (C) ROC curve of the nomogram model in the validation cohort, with an area under the ROC curve of 0.838.
(D) Decision curve analysis of the nomogram model in the training cohort. The x-axis represents the threshold probability, and the y-axis indicates the
net clinical benefit across different thresholds.

Sensitivity Analysis
To evaluate the robustness of our model, a sensitivity analysis
was performed using alternative adherence thresholds of 70%
and 90%. The model’s predictive performance remained strong
across all definitions, with an area under the ROC curve (AUC)
of 0.892 for the 70% threshold and 0.860 for the 90% threshold.
The statistical significance of the number of treatments in the
first month (P=.01 at 70%; P=.05 at 90%), caregiving role
(P=.03 at 90%), and disease duration (P=.08 at 70%; P=.09 at
90%) fluctuated near the P=.05 cutoff; this could be caused by
the dataset size. Overall, these findings support the stability of
our model. Detailed results of the sensitivity analysis are
provided in the supplementary materials (Figure S1 in
Multimedia Appendix 1).

Adverse Events
Safety monitoring was conducted throughout both RCTs. No
serious adverse events related to acupuncture treatment were
reported in either the development cohort or the validation
cohort. Adverse events unrelated to the intervention are
summarized in Table S4 in Multimedia Appendix 1.

Discussion

Predictors of Treatment Adherence in Patients with
AD
This study identified the number of treatments in the first month,
caregiving role, and disease duration as significant predictors
of adherence to acupuncture treatment among patients with AD.
The predictive nomogram constructed with these 3 variables
demonstrated excellent discrimination in the development cohort
(AUC=0.914) and acceptable performance in the external
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validation cohort (AUC=0.838). With its simplicity,
interpretability, and ease of application, the nomogram may
serve as a practical tool to assist clinicians in identifying patients
at risk of poor adherence and tailor intervention strategies
accordingly.

To understand the clinical implications of these predictors, it is
useful to interpret them through the established framework of
intentional versus unintentional nonadherence. Unintentional
nonadherence typically arises from practical barriers, which can
be internal to the patient’s condition (eg, forgetfulness and
functional limitations) or external and situational (eg,
transportation difficulties, inclement weather, and systemic
disruptions like a pandemic). In contrast, intentional
nonadherence involves a deliberate decision to cancel the
treatment plan, often driven by subjective factors such as a
perceived lack of efficacy, treatment fatigue, or shifting personal
priorities. Our findings suggest that the identified predictors
likely influence adherence through mechanisms related to both
categories.

Increasing the Number of Treatments in the First
Month May Improve Adherence
A key finding of this study is that a higher number of treatments
during the first month was a powerful predictor of adherence.
This suggests that early and intensive engagement is critical for
establishing sustained treatment behaviors. From the perspective
of unintentional nonadherence, a structured, frequent schedule
in the initial phase may help patients and caregivers with
cognitive and organizational deficits to more quickly accept the
therapeutic routine, making it a habitual part of their lives [21].

This intensive approach can also mitigate intentional
nonadherence through two possible ways. First, given that the
therapeutic effect of acupuncture is often cumulative [22],
increasing treatment frequency may accelerate the perception
of clinical benefits [23,24]. When patients and caregivers
observe an improvement early on, their motivation and belief
in the treatment’s value are naturally reinforced [25]. Second,
frequent sessions offer more opportunities for communication
among patients, caregivers, and clinicians, enabling the early
detection and management of emerging issues. However, this
approach requires careful consideration. It is important to
acknowledge that a higher treatment frequency does not
universally guarantee improved clinical outcomes [26] and may
increase the treatment burden on families. The optimal number
and timing of sessions may vary depending on disease severity,
stage, and individual patient needs [27]. In conclusion, tailoring
the intensity of acupuncture interventions to individual profiles
remains a key consideration for future research and clinical
practice for patients with AD, balancing clinical benefit and
treatment burden.

Caregiver Capacity Is a Critical Determinant of
Adherence
Our finding that patients supported by part-time caregivers
(defined as providing fewer than 41 h of care per week [28])
were significantly less likely to adhere underscores the critical
role of caregiver capacity in treatment engagement. This
highlights a powerful driver of unintentional nonadherence, as

dementia caregiving is a long-term, high-burden undertaking
[29-31]. In advanced stages, care demands can often exceed
100 hours per week [32]. This presents formidable logistical
barriers for part-time caregivers, who are typically adult children
trying to balance employment, their own household duties, and
the challenge of not living with the person they care for. These
challenges frequently limit their ability to schedule and
accompany patients to appointments, provide consistent
emotional support, or respond to emergent care needs, thereby
compromising adherence despite their best intentions [29].

This relentless demand also takes a significant physical and
psychological toll, leading to caregiver burden and fatigue that
can further diminish the capacity to support treatment [33-37].
These inherent difficulties are often compounded by
unpredictable external factors, such as sudden illness or bad
weather, which can disproportionately disrupt the routines of
caregivers with less flexibility. A more subtle yet powerful
factor is a form of intentional nonadherence driven by altruism,
where patients may forgo appointments out of a desire not to
burden their children, ultimately leading to treatment
discontinuation.

In contrast, spouses often serve as full-time caregivers (≥41
h/wk) [38,39] and are typically more emotionally invested and
committed to maintaining treatment routines. Some may even
retire early to provide round-the-clock care [40]. Our study also
found that professional caregiving within institutional settings
can offer stable, structured, and high-quality care, which may
facilitate better adherence. To enhance adherence in clinical
practice, health care providers should actively involve caregivers
in treatment planning and offer tailored education to improve
their understanding of disease progression, treatment goals, and
the importance of adherence [41,42]. Such interventions can
mitigate both unintentional nonadherence (by improving
scheduling and problem-solving skills) and intentional
nonadherence (by reinforcing the perceived value of the
treatment). Strengthening caregivers’ motivation and capacity
to support treatment is essential. When informal caregiving
resources are insufficient, incorporating professional home care
services or transitioning to institutional care may help ensure
treatment continuity and effectiveness. Notably, countries such
as Denmark and the Netherlands have developed comprehensive
formal care systems for dementia that integrate medical and
social support services [30,43]. These models may provide
valuable reference points for improving dementia care
infrastructure in China.

Early Detection, Prevention, and Intervention Still Key
to Treating AD
Our study found that longer disease duration was associated
with poorer adherence to acupuncture treatment. Primarily, this
is a form of unintentional nonadherence driven by the patient’s
own progressive cognitive and functional decline, which impairs
their capacity to independently manage appointments [44]. A
higher prevalence of neuropsychiatric symptoms can reduce
patient cooperation, while accumulating physical comorbidities
and mobility limitations create new logistical hurdles. As the
disease advances, a cascade of factors converges to further
undermine adherence. This decline simultaneously increases
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the burden on caregivers, who may experience emotional
exhaustion and a deterioration in their own health, diminishing
their ability to provide consistent support [45]. The combination
of increasing patient dependency, rising caregiver exhaustion,
and mounting logistical obstacles creates a formidable barrier
to sustained treatment in the later stages of the disease.

This underscores the critical importance of a proactive and early
approach to management. Our findings emphasize that the
timing of intervention is paramount. Initiating treatment when
patients retain greater cognitive and functional capacity offers
a crucial window of opportunity. Early initiation of acupuncture
may help establish regular treatment routines, foster therapeutic
rapport, and enhance patient motivation. Moreover, health care
providers should prioritize early education and ongoing support
for both patients and caregivers. This includes training in
caregiving skills, psychological counseling, and practical
strategies to reduce caregiver burden and enhance quality of
life [46]. These factors can contribute not only to improved
adherence but also to more favorable long-term outcomes by
potentially slowing the trajectory of disease progression.

Limitations
This study has limitations. First, although this study suggests
that early, intensive treatment may enhance adherence, the
optimal frequency and total number of acupuncture sessions
for patients with AD remain undetermined. In real-world
settings, increasing treatment frequency may impose greater
transportation, time, and financial burdens on both patients and

caregivers, potentially reducing their motivation and adherence.
Second, our analysis was based on data from previous RCTs
that were provided free of charge. Consequently, we could not
assess the influence of crucial socioeconomic factors, such as
treatment costs, or household income, which are known to be
factors of health care engagement. Their influence on adherence
may have been underestimated. Third, our sample size (N=108)
was adequate for the primary analysis; it may be underpowered
to detect predictors with more subtle effects. Finally, although
we performed external validation, both cohorts were recruited
from a single hospital. This shared clinical and demographic
context limits the generalizability of our nomogram. Studies
are needed to validate our model in multicenter or
community-based cohorts to confirm its broader applicability.

Conclusions
In conclusion, this study is the first to develop and validate a
predictive model for acupuncture treatment adherence in patients
with AD, offering a novel, evidence-based tool for both clinical
research and practice. For clinical research, this model provides
a method to stratify enrollment or identify participants who may
require enhanced adherence support, thereby reducing bias and
improving the integrity of future trials. In clinical practice, the
nomogram enables a shift from reactive problem-solving to
proactive adherence management. By prospectively identifying
patients at high risk, clinicians can address specific barriers and
implement targeted strategies to improve adherence and,
ultimately, enhance therapeutic outcomes.
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Abstract

Background: Conventional methods of functional assessment include subjective self- or informant report, which may be biased
by personal characteristics, cognitive abilities, and lack of standardization (eg, influence of idiosyncratic task demands). Traditional
performance-based assessments offer some advantages over self- or informant reports but are time-consuming to administer and
score.

Objective: This study aims to evaluate the validity and reliability of the Virtual Kitchen Challenge—Version 2 (VKC-2), an
objective, standardized, and highly efficient alternative to current functional assessments for older adults across the spectrum of
cognitive aging, from preclinical to mild dementia.

Methods: A total of 236 community-dwelling, diverse older adults completed a comprehensive neuropsychological evaluation
to classify cognitive status as healthy, mild cognitive impairment, or mild dementia, after adjustment for demographic variables
(age, education, sex, and estimated IQ). Participants completed 2 everyday tasks (breakfast and lunch) in a virtual kitchen (VKC-2)
using a touchscreen interface to select objects and sequence steps. Automated scoring reflected completion time and performance
efficiency (eg, number of screen interactions, percentage of time spent off-screen, interactions with distractor objects). Participants
also completed the VKC-2 tasks using real objects (Real Kitchen). All participants and informants for 219 participants completed
questionnaires regarding everyday function. A subsample of participants (n=143) performed the VKC-2 again in a second session,
4-6 weeks after the baseline, for retest analyses. Analyses evaluated construct and convergent validity, as well as retest and internal
reliability, of VKC-2 automated scores.

Results: A principal component analysis showed that the primary VKC-2 automated scores captured a single dimension and
could be combined into a composite score reflecting task efficiency. Construct validity was supported by analyses of covariance
results showing that participants with healthy cognition obtained significantly better VKC-2 scores than participants with cognitive
impairment (all Ps<.001), even after controlling for demographics and general computer visuomotor dexterity. Convergent validity
was supported by significant correlations between VKC-2 scores and performance on the Real Kitchen (r=−0.58 to 0.64, Ps<.001),
conventional cognitive test scores (r=−0.50 to −0.22, Ps<.001), and self- and informant report questionnaires evaluating everyday

JMIR Aging 2026 | vol. 9 | e82092 | p.33https://aging.jmir.org/2026/1/e82092
(page number not for citation purposes)

Kaplan et alJMIR AGING

XSL•FO
RenderX

mailto:tgio@temple.edu
http://www.w3.org/Style/XSL
http://www.renderx.com/


function (r=0.25 to 0.43, Ps<.001). Intraclass correlation coefficients (ICCs) indicated moderate to excellent retest reliability
(ICC=0.70-0.90) for VKC-2 scores after 4-6 weeks. Reliability improved in analyses including only participants who reported
no change in cognitive status between time 1 and time 2 (n=123). Spearman-Brown correlations showed acceptable to good
internal consistency between the VKC-2 tasks (breakfast and lunch) for all scores (0.77-0.84), supporting the use of total scores.

Conclusions: The VKC-2 is an efficient, valid, and sensitive measure of everyday function for diverse older adults and holds
promise to improve the status quo of functional assessment in aging, particularly when informants are unavailable or unreliable.

(JMIR Aging 2026;9:e82092)   doi:10.2196/82092

KEYWORDS

everyday function; activities of daily living; assessment; dementia; Alzheimer disease; neuropsychology; cognition; mild cognitive
impairment; virtual reality; digital assessment

Introduction

As the US population ages and interventions for Alzheimer
disease and Alzheimer disease–related dementias become
available [1], highly sensitive, objective, and efficient measures
of functional abilities are needed for multiple purposes. Mild
functional difficulties are among the strongest predictors of
future cognitive decline and dementia [2-5]; thus, accurate
measurement of functional ability will improve prognostic
prediction and help identify the need for early intervention.
Given that functional ability level is often the criterion that
distinguishes mild cognitive impairment (MCI) from mild
dementia, accurate assessment is critical for diagnostic
decision-making [6,7]. According to the Food and Drug
Administration, the approval of pharmacological treatments for
dementia, even at the very early, presymptomatic stage, is
contingent on demonstrating gains on meaningful measures of
functioning [8]. Recently approved treatments have relied on
composite measures such as the Clinical Dementia Rating-Sum
of Boxes and the integrated Alzheimer’s Disease Rating Scale,
but these measures require specialized training, are not readily
deployable in typical clinical settings, and lack sensitivity to
the earliest functional changes [9,10]. There exists a critical
need for sensitive and efficient functional assessment tools that
are clinically meaningful, psychometrically sound, and
practically implementable across diverse health care settings
[11,12]. We developed a nonimmersive virtual reality (VR)
measure, the Virtual Kitchen Challenge—Version 2 (VKC-2),
an objective, sensitive, efficient, and theoretically based tool
for assessing everyday function in older adults to address the
gaps in current functional assessments. Here we report results
on VKC-2 validity and reliability in racially diverse,
community-dwelling older adults with healthy cognition, MCI,
or mild dementia.

Self/informant reports of everyday function, which are easy to
administer and score, are the current standard method for
functional assessment. When used with reliable, observant, and
knowledgeable reporters, they generate useful information about
how a person is functioning in everyday life [13-15]. In many
circumstances, however, the accuracy of self and informant
reports is uncertain. Their subjective nature makes them prone
to over- or underreporting due to faulty cognitive abilities,
psychological factors (eg, denial, depression, burden), or cultural
beliefs [16]. Informant reports are often unavailable, as many
older adults do not have a living spouse, nearby family members,

or close friends. Even when available and willing, informants
may have limited opportunities to observe daily functioning
and may lack knowledge, particularly when functional
difficulties are mild and may be masked by compensatory
behaviors [17,18].

Another limitation of questionnaires is that older adults vary
widely in the activities they perform and the contexts in which
they perform them. For example, informant-reported difficulties
with medication management may be profoundly different for
an older adult managing a single prescription while residing in
a small, highly organized home with her spouse versus an older
adult taking dozens of medications while living alone in a large,
cluttered house [19]. However, given identical clinical
presentations and cognitive test scores suggesting mild cognitive
decline, the latter patient would likely be diagnosed with clinical
dementia if she were unable to independently manage her
medications. Failure to account for context and task complexity
confounds the informant report of everyday function and
precludes clear comparisons of functional abilities across
individuals.

Further, many questionnaires do not distinguish difficulties due
to physical versus cognitive limitations [14], and if they do, it
may be difficult for an informant to fully understand the nature
of the functional difficulties, particularly because physical and
cognitive limitations often co-occur [20-22]. Informant and
self-reports also do not offer a detailed characterization of types
of functional difficulties arising from different underlying
cognitive problems (eg, slowing, disorganized actions vs
omission of crucial task steps), which could offer insights into
interventions for improving function and reducing the risk of
future functional disability [23,24].

Performance-based measures of function address many of the
limitations of questionnaires; they are objective, standardize
task complexity and context, and allow for detailed analysis of
behavior and systematic comparison across individuals. The
Naturalistic Action Test (NAT), for example, is a
performance-based test of everyday function with strong
psychometric properties, normative data, and suggested cut
scores for healthy cognition versus MCI versus mild dementia
[23,25-35]. Scoring NAT performance for subtle inefficient
errors, called micro-errors, has increased the sensitivity of NAT
tasks for detecting mild difficulties with everyday tasks [35-38].
Results from performance-based tests, such as the NAT, with
added sensitive scoring procedures, have demonstrated that (1)
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healthy older adults make more errors and require more time
to complete everyday tasks than younger adults [36,37,39-43];
(2) people with MCI make more errors than healthy controls
but fewer errors than individuals with dementia [32,35,44-46];
and (3) the ability to accurately and efficiently perform everyday
tasks is moderately correlated with performance on cognitive
tests [27,28,35,37,47] and informant report of everyday function
[27,29,31,35,48]. Together, these findings and others [37,49-52]
suggest that standardized performance-based assessment of
function is valid and reliable.

Despite their objectivity, validity, and potential for rich
characterizations of function, current performance-based tests
require extraordinary effort, limiting their implementation and
scalability. Scoring, particularly scoring for subtle errors and
inefficiencies, is time-intensive and requires video recording,
detailed scoring instructions, and trained coders. Although some
performance-based tests may be scored quickly as pass/fail
without video recording [40,53], such gross measures are less
sensitive to mild difficulties (ie, MCI) [54], do not advance our
understanding of the nature of functional problems [5,55,56],
or still require considerable effort to administer. To streamline
administration and scoring, a nonimmersive VR task called the
Virtual Kitchen, modeled after the NAT, was developed. The
original version of the Virtual Kitchen [57] required a mouse
to move objects on a computer screen to complete a
coffee-making task. Results showed that people with dementia
accomplished fewer steps and made more errors than healthy
controls on the Virtual Kitchen. Validity was also supported by
significant correlations between Virtual Kitchen scores and
performance of real tasks, cognitive tests, and informant reports
of functioning [57].

Our team revised the original Virtual Kitchen [57] by
implementing the following updates: (1) expanding the coffee
task to include a more extensive breakfast; (2) adding a lunch
task; (3) updating the graphics; and (4) transitioning from a
mouse to a computer touchscreen to make interactions more
natural [39]. We also added a brief training task to familiarize
participants with the touchscreen interface. Automated scores
were expanded to include measures computed based on
interactions with the touchscreen to increase sensitivity (ie,
number of screen interactions). Preliminary results from the
revised task, which we called the Virtual Kitchen Challenge
(VKC), demonstrated validity and good internal consistency
[39]. The VKC automated scores have been validated against
conventional cognitive tests in young adults [52] and against
neuroimaging markers of cerebral vascular disease (white matter
hyperintensities) in a small sample of community-dwelling older
adults [48].

In this paper, we present the psychometric properties of the
automated scores from the most recent revision of the Virtual
Kitchen, the VKC-2. This version includes enhanced graphics
and a more extensive basic familiarization task for practice and
to obtain a score of participants’ digital visuomotor dexterity
that may be used as a control measure. We evaluated construct
and convergent validity as well as retest and internal reliability
in a large, community-based sample of racially diverse older
adults with healthy cognition, MCI, or mild dementia. Construct
validity of the VKC-2 automated scores was evaluated in a

known-group comparison (healthy cognition vs MCI vs mild
dementia). Convergent validity was evaluated with correlations
between automated VKC-2 measures and performance on the
real versions of the VKC-2 tasks (Real Kitchen),
demographically adjusted cognitive test scores, and conventional
self/informant questionnaires of everyday function. Retest
reliability was evaluated over a period of 4-6 weeks. Internal
consistency was evaluated for the 2 VKC-2 tasks (breakfast and
lunch).

Methods

Participants
Participants were recruited for an observational, longitudinal
psychometric study designed to evaluate the psychometric
properties of the VKC-2 (n=217; grant R01AG062503) or for
a separate, smaller study on activity tracking (n=20; grant
F31AG089944). Procedures for the baseline visit of both studies
were the same, designed and conducted in accordance with the
Helsinki Declaration, and approved by the Institutional Review
Board at Temple University (institutional review board protocols
23116 and 29712). All participants and a knowledgeable
informant signed informed consent forms, were compensated
for their participation (US $50 for participants per session and
US $25 for informants per session), and were assigned study
numbers to protect their privacy when storing research records.
At the end of the study, participants were also offered a research
report with their cognitive test scores, if interested.

All participants were recruited from community outreach events,
fliers, and referrals from neurology departments in Philadelphia,
Pennsylvania, from September 2020 to June 2025. Inclusion
and exclusion criteria were screened by phone, with only minor
differences between the 2 studies. In both studies, participants
were excluded for the following reasons: lifetime history of
severe psychiatric disorder (eg, schizophrenia, bipolar disorder);
nervous system infections or disorders (eg, epilepsy, brain
tumor); current metabolic or systemic disorders (eg, B12

deficiency, renal failure, cancer); current moderate-severe
depression; current moderate-severe anxiety symptoms; severe
sensory deficits that would preclude visual detection or
identification of common everyday objects used in the study or
the ability to hear task directions (eg, blindness, total hearing
loss); severe motor weakness that would preclude the use of
everyday objects (eg, severe deformities or paralysis of both
upper extremities); intellectual disability; and not being a fluent
English speaker. The inclusion criteria for the larger study
required participants to be at least 65 years old and have an
available informant who could serve as a study partner.
Informants were screened by phone for the following eligibility
criteria: 18 years of age or older; fluent English speaker;
available and willing to complete study questionnaires in person,
by phone, or online; has daily contact with the participant; and
reports knowledge of the participant’s daily functioning.
Inclusion criteria for the second, smaller study required
participants to be at least 55 years old and did not require a
study informant/partner.
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Procedures
At the baseline visit (session 1), participants (N=237) completed
informed consent, cognitive testing, the VKC-2, the real version
of the VKC-2 tasks (ie, Real Kitchen), and questionnaires
regarding demographic information, familiarity with the tasks
used in the VKC-2, and their ability to perform activities in
everyday life. The order of the Real Kitchen and VKC-2 was
counterbalanced across participants to control for order effects.
At session 1, informants completed questionnaires in person,
online, or at home by mail. After reaching our target sample
size (n=140) for retest reliability analyses (June 2024),
participants were no longer requested to return for a second
session 4-6 weeks after session 1 [58]. A total of 143 participants
completed session 2, which included a brief interview (for both
the participant and informant) regarding changes in cognition
or health status (eg, medication changes, falls, illnesses,
hospitalizations) since session 1, as well as repeat administration
of the VKC-2 and Real Kitchen.

Measures

Conventional Cognitive Tests
Cognitive tests were administered to characterize the sample,
classify participants according to their cognitive status, and
evaluate the convergent validity of the VKC-2. The cognitive
testing protocol is described in Table 1. The protocol included
2 tests from 4 different cognitive domains to classify participants
according to Jak/Bondi actuarial criteria [59,60] and clinical
criteria originally proposed by Petersen [6] and McKhann [61].
Normative data from the Calibrated Neuropsychological
Normative System [62] were used to enable raw score
adjustments for sex, age, education, and IQ estimated by a test
of reading/vocabulary. Such demographic adjustments are
critical for confirming group membership in a diverse sample
of older adults [63,64]. Further details on how tests were used
for classifying cognitive abilities are provided in Multimedia
Appendix 1.

Table 1. Cognitive tests administered at session 1.

ReferenceScore(s)Cognitive domain and test

Premorbid intellectual functioning (IQ)

Schretlen et al [65]Estimated IQHopkins Reading Test

Global cognitive status

Folstein et al [66]Total correctMini-Mental State Examination

Episodic memory

Brandt and Benedict [67]Delayed free recall total correctHopkins Verbal Learning Test—Reviseda,b

Benedict et al [68]Delayed free recall total correctBrief Visual Memory Test—Reviseda

Language

Schretlen et al [62]Total correctCategory (Animal) Fluencya,b

Goodglass and Kaplan [69]Total correctBoston Naming Test—30 itema

Executive function

Reitan [70]Completion timeTrail Making Test—Part Ba,b

Wechsler [71]Longest spanDigit Span Backwarda

Processing speed

Salthouse [72]Total correctSalthouse Letter Comparisona,b

Salthouse [72]Total correctSalthouse Pattern Comparisona,b

Attention

Wechsler [71]Longest spanDigit Span Forwarda

Reitan [70]Completion timeTrail Making Test Aa

at scores from these tests were used for healthy versus mild cognitive impairment versus dementia classification.
bt scores from these tests were averaged to compute the modified Knight-Preclinical Alzheimer Cognitive Composite.

For the analysis of VKC-2 convergent validity, composite scores
were computed by averaging demographically adjusted t scores
from tests within each domain (eg, Episodic Memory,
Language). A global cognitive composite was modeled after
the Knight-Preclinical Alzheimer Cognitive Composite
(modified [m]Knight-PACC) [73], which has been validated as

a sensitive measure of early cognitive change due to
neurodegenerative disease.

Virtual Kitchen Challenge-Version 2
The VKC-2 is a nonimmersive VR test of everyday function
that requires participants to complete 2 everyday tasks (breakfast
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and lunch) by moving virtual objects using a touchscreen
[39,57]. The VKC-2 tasks and objects were modeled after the
NAT [25], an extensively studied and theoretically based
performance-based test of everyday function that involves
completion of familiar everyday tasks using real objects. The
VKC-2 breakfast and lunch tasks were designed to be of
comparable complexity and difficulty, with each task including
13 target objects and 4 distractor objects. For this study, the
VKC-2 was administered on an MSI Creator Z16-A12UET

laptop (12th Gen Intel Core i9 Processor) with a 16″ QHD+
(Quad High Definition Plus) (2560 × 1600), 120 Hz, IPS
(In-Plane Switching)-level touchscreen display to maximize
visibility and portability. Participants were instructed to use the
index finger of their dominant hand to move and manipulate
objects on the touchscreen.

The VKC-2 included 3 phases: Movement Familiarization, Task
Training, and Test. See Figure 1 and the text below for more
details.

Figure 1. Photos of participants completing each phase of the VKC-2.

VKC-2 Movement Familiarization
Participants were directed to perform 8 basic touchscreen actions
(eg, tap, drag) to complete the following task steps: (1) move
bread to dish, (2) stir mug with spoon, (3) pour juice, (4) place
thermos in lunch box, (5) spread jelly on bread, (6) wrap cookies
in foil, (7) place bread in toaster, and (8) add sugar to mug.
Participants first performed all basic touchscreen actions with
guidance from the examiner and had the opportunity to ask
questions and repeat each action as needed. Next, participants
were asked to complete all 8 trials independently as quickly and
efficiently as possible. Completion time of the second,
independent trial was computed as a measure of basic digital
visuomotor dexterity (Digital Dexterity Score).

VKC-2 Task Training
The examiner reviewed the written instructions presented on
the computer screen for each task. Participants were asked to
point to each of the target objects needed for the task. For
example, training for the breakfast task included the direction
to “point to all of the objects you will need for the toast” while
the examiner named each object out loud (eg, “bread,”
“toaster”). Participants were also asked to point to each of the
distractor objects and were told that they would not need to
touch or use those objects. Participants then proceeded to
practice trials, making breakfast and lunch with prompting,
cues, and error correction from the examiner. The examiner
also answered questions to ensure that participants fully
understood each task.

VKC-2 Test
Breakfast and lunch tasks were completed independently without
feedback. Instructions regarding the task objectives, which were
reviewed during the practice trials, were repeated (eg, “pack a

lunch for someone who wants a sandwich, snack, and a drink”).
Participants were also instructed to complete test trials as quickly
as possible, without making errors, and using clear and precise
movements. They were told to touch the quit button at the top
right of the screen to end the trial (see Figure 1). Participants
were asked to verbally repeat the directions before each task to
ensure comprehension; instructions were repeated as often as
needed before the participant initiated the task.

VKC-2 Test Automated Scores
Performance on the VKC-2 Test tasks (breakfast and lunch)
was scored using data from the touchscreen, as described and
validated in our pilot work with the original version of the VKC
[39,48,52]:

• Completion time (time) was recorded in seconds from the
moment the virtual kitchen screen appeared (after
instructions) until the participant pressed the quit button.
Results from prior studies of the original VKC indicate that
completion time differed significantly between older and
younger participants and correlated with completion time
on the Real Kitchen, cognitive tests of executive function
and episodic memory [39], and neuroimaging markers of
cerebrovascular disease [48].

• The number of screen interactions (touches) included the
number of discrete instances the participant made contact
with the computer touchscreen. Touches were collected as
a measure of performance efficiency, with fewer screen
interactions reflecting more precise and deliberate actions.
Results from the original VKC showed that older adults
made significantly more touches than younger adults, with
additional touches by older adults including both inefficient
correct actions and errors. A higher number of touches was
significantly associated with more total errors scored by
trained coders who watched video recordings of VKC
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performance. Additionally, screen touches were
significantly associated with performance on the Real
Kitchen and cognitive tests of executive function and
episodic memory [39].

• The percentage of time off-screen (%off-screen) was the
percentage of time spent working on the VKC-2 when the
participant was not touching the screen. It was computed
by subtracting the time spent touching the screen from the
completion time, dividing by the completion time, and
multiplying by 100. The percentage of time off-screen also
reflects performance efficiency. Pilot data from the original
VKC [39] indicated that older adults spent a significantly
higher percentage of their total time off-screen than younger
adults. Correlations between %off-screen and human codes
of VKC performance suggested that higher %off-screen
times were due to multiple factors, including slower
planning, difficulties locating target objects, difficulty
resolving competition for object selection, and misreaching
toward the computer screen (ie, micro-errors). Higher
%off-screen times were significantly associated with more
errors on the Real Kitchen, poorer scores on tests of
executive function [52] and episodic memory [39], and
neuroimaging markers of cerebrovascular disease [48].

• The number of distractor object interactions (distractor
interactions) included instances when a distractor object
was touched or moved. Our pilot work in a sample of
healthy older and younger adults indicated that distractor
interactions occurred too infrequently for analysis [39], but
they have not been studied in participants with cognitive
impairment.

Real Kitchen
The Real Kitchen required participants to complete the breakfast
and lunch tasks using real objects placed on a table (Figure 2).
Instructions for the Real Kitchen were identical to those for the
VKC-2, including the instruction to “press the quit button when
finished.” In the Real Kitchen, the Quit Button was a piece of
paper on the right side of the table labeled “QUIT.” Real task
objects were similar in appearance (color and shape) to the
simulated objects in the VKC-2. Participants repeated the
directions before each test trial to ensure comprehension;
instructions were repeated as often as needed. Participants were
video recorded, and recordings were labeled using a code so
that human coders were unaware of participant classification
and study session.

Figure 2. Real Kitchen breakfast (A) and lunch (B) tasks.

Real Kitchen performance was scored according to detailed
instructions using validated scores and procedures. Real Kitchen
scores from a subset of the current sample have been published
and show strong interrater reliability, significant differences
between participants with healthy cognition versus cognitive
impairment, and correlations with cognitive tests and
self/informant reports of everyday function [35]. For our current
study, the following Real Kitchen scores were used to validate
(convergent validity) the VKC-2 automated measures:

• Real Kitchen completion time was recorded in seconds and
reliably coded by starting the timer when the first step was
initiated and ending when the participant touched the quit
button. Prior work shows that participants with greater
cognitive impairment demonstrate longer completion times
than participants with healthy cognition [35].

• Accomplishment was coded for each completed step and
scored from 0 to 13 for the breakfast task and 0 to 20 for
the lunch task. A total accomplishment score was computed
(0-33), with higher scores reflecting a greater number of
task steps accomplished.

• Total errors were coded according to a taxonomy studied
in a range of clinical populations [25,74], showing validity

and strong interrater reliability in people with stroke [75,76],
dementia [27,28,30,47], MCI [26,32,33], and healthy
controls [37,38,49], as well as a subset of participants from
this sample [35]. The error taxonomy (see Multimedia
Appendix 1) includes overt errors (eg, performing task steps
in the wrong sequence) and micro-errors (eg, reaching
toward a distractor object). In studies of participants with
dementia, total overt errors correlate with cognitive tests
and informant reports of function. The micro-error category
was added to improve detection of subtle, inefficient
behaviors in healthy and MCI participants [35,37,38,49].
As overt errors occur with relatively low frequency, they
were combined with micro-errors to compute a total error
score [35].

• Motor errors were tracked separately from total errors.
Motor errors involved instances in which a corrective action
was performed with motor or spatial imprecision (eg,
spilling coffee grounds, dropping a knife).
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Participant Questionnaires
Participants completed a demographic form assessing age, sex,
race, ethnicity, income, and education level, as well as the
following questionnaires.

The Past Experience Scale [45,77] assessed familiarity with the
breakfast and lunch subtasks that comprise the VKC/Real
Kitchen. The scale included 4 items (toast, coffee, sandwich,
and thermos), each rated from 0 (not at all familiar) to 4 (very
familiar). The total familiarity score ranged from 0 to 16, with
higher scores reflecting greater familiarity. Participants also
rated the frequency with which they had completed each subtask
in their day-to-day life over the past 5-10 years, using a scale
from 0 (never) to 4 (just about every day), with total scores
ranging from 0 (never performed any of the tasks) to 16
(performed each task just about every day).

Functional Activity Questionnaire (FAQ) [14] instructions were
modified to reflect only difficulties due to cognitive problems
(not physical problems, fatigue, etc) for 10 activities (eg,
preparing a balanced meal). Each activity is rated on a scale
from 0 (performs normally) to 3 (dependent). Total FAQ scores
range from 0 to 30, with higher scores reflecting greater
dependence on others in everyday tasks due to cognitive
difficulties.

The 12-item Everyday Cognition Scale (ECog-12) [13,78]
measures decline over the past 10 years in 12 everyday cognitive
abilities (eg, remembering where you have placed objects) on
a scale from 1 (better or no change) to 4 (much worse all the
time). Total scores reflect an average across all completed items
and range from 1 to 4, with higher scores indicating greater
decline in everyday cognition.

The Instrumental Activities of Daily Living—Compensation
(IADL-C) [15] scale measures the need for assistance and
compensatory strategies when performing 27 daily activities
(eg, preparing one’s own meals). Each activity is rated on a
scale from 1 (independent, no aid) to 8 (not able to complete
the activity anymore). The total score is the sum of all item
responses, with a possible range from 27 (completely
independent, no aid needed for any tasks) to 216 (no longer able
to perform any task).

Informant Questionnaires
Informants completed questionnaires regarding their
demographic information (eg, age, education), their relationship
with the participant (eg, cohabitation, years known, hours in
contact with the participant), and the participants’ everyday
function, including the ECog-12 [13,78], FAQ [14], and IADL-C
[15]. Instructions and scoring for each questionnaire were the
same as those for the participant versions described above.

Analysis Plan

Preliminary Analysis
Analyses were conducted using SPSS version 29.0 (IBM Corp)
[79]. VKC-2 automated scores were examined for outliers and
Winsorized at the first and ninety-ninth percentiles. The VKC-2
distractor interaction score was dichotomized because a few
participants interacted with distractor objects (0=no interactions;

1=at least one interaction with a distractor object during
completion of the VKC-2). Relations among VKC-2 scores
were evaluated using bivariate correlations. Additionally, a
principal component analysis (PCA) was conducted, including
the 3 primary VKC-2 variables (time, touches, and %off-screen),
to determine whether the dimensional VKC-2 automated scores
could be combined into a single composite score. The Digital
Dexterity score was not included in the PCA because it is
derived from a separate condition intended to be used as a
control for basic visuomotor skills. The distractor interaction
score was not included because dichotomous variables are not
appropriate for PCA. The suitability of the data for PCA was
evaluated using the Kaiser-Meyer-Olkin measure of sampling
adequacy and the Bartlett test of sphericity.

Construct Validity
VKC-2 automated scores were compared across groups known
to differ in functional ability level: healthy cognition, MCI, and
mild dementia. As the size of the dementia subgroup was
relatively small (n=16), statistical analyses focused on
differences between participants with healthy cognition and
those with MCI. Participants with dementia were included for
descriptive comparisons. One-way analyses of covariance
(ANCOVA) were used to test group differences for each VKC-2
automated score (digital dexterity, time, touches, %off-screen,
and VKC-2 composite) after controlling for demographics.
Group differences were also evaluated in ANCOVA models
that controlled for the digital dexterity score to determine
whether significant group differences were explained by
differences in basic visuomotor or computer abilities. Group
differences on the dichotomized VKC-2 distractor interaction
score were evaluated using chi-square tests. Significant
between-group differences with at least small effect sizes (ie,

partial η2>.01; phi [φ] coefficient>.30) were interpreted as
supporting the construct validity of the VKC-2 automated scores.

Receiver operating characteristic analyses comparing participant
groups (healthy cognition vs impaired cognition [MCI +
dementia]; healthy cognition vs MCI) were performed to identify
cutoff values for each of the VKC-2 automated scores. Youden
indices were used to identify cutoff scores that optimized
sensitivity and specificity [80].

Convergent Validity
Correlations between the VKC-2 automated measures and the
ability to perform tasks with real objects (Real Kitchen),
demographically adjusted cognitive test scores of overall
cognition and specific cognitive abilities, and self/informant
reports of everyday functioning were performed to evaluate
convergent validity. Pearson correlation coefficients were
computed using the full sample. Spearman rank-order
correlations were also performed and are included in Tables
S3-S5 in Multimedia Appendix 1. Significant and
moderate-level relationships were interpreted as supporting the
convergent validity of the VKC-2 automated scores.

Reliability
Retest reliability was assessed using intraclass correlation
coefficients (ICCs), calculated with a 2-way mixed-effects
model based on absolute agreement and average measures [81].
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ICC values range from 0 to 1, with values above 0.75 generally
indicating good reliability and values above 0.90 considered
excellent [82]. 95% CIs were computed for each ICC, and
significance was determined using F tests. Retest reliability for
the distractor interaction score (dichotomous variable) was
examined using Cohen κ [83]. Retest reliability was evaluated
for the full sample who completed session 2 (n=143) and for a
subsample that reported no change in cognitive abilities since
session 1 (123/143). Internal consistency between the 2 VKC-2
tasks (breakfast and lunch) was tested using the
Spearman-Brown formula (r), with coefficients>0.70 interpreted
as evidence of strong internal consistency [84].

Results

Participant Characteristics
A total of 237 participants were recruited from June 2021 to
June 2025 for studies on everyday function. One participant

with mild dementia refused to complete the study tasks; thus,
the final analytic sample included 236 participants, of whom
172 were classified as having healthy cognition, 48 as having
MCI, and 16 as having mild dementia. On average, participants
were 72 years old and had completed 15 years of education; of
the 236 participants, 156 (66.1%) were women, and nearly equal
numbers identified as Black (n=106, 44.9%) and White (n=113,
47.9%). Demographic characteristics of the groups are reported
in Table 2. The groups differed in age and education, but post
hoc comparisons did not reach statistical significance (P>.051
for all). There were no group differences in estimated IQ or in
the distributions of sex, Black/African American versus White
race, or ethnicity.

Table 2. Demographic and descriptive characteristics by group.

P valueF test (df) or chi-
square (df)

Mild dementia (n=16)Mild cognitive impair-
ment (n=48)

Healthy (n=172)Variable

.043.30 (2, 235)74.50 (8.70); 55-9174.54 (7.27); 61-9871.95 (6.56); 58-94Age, mean (SD); range

.014.64 (2, 235)14.06 (3.04); 10-2015.40 (3.25); 10-2016.06 (2.51); 10-20Education (years), mean (SD);
range

.420.87 (2, 235)108.25 (13.19); 88-139112.06 (13.30); 88-138112.44 (11.73); 87-139Estimated IQ, mean (SD);
range

.670.85 (2)9 (56.3)33 (68.8)114 (66.3)Sex: women, n (%)

.173.53 (2)Race

8 (50.0)26 (54.2)72 (41.9)Black

7 (43.8)17 (35.4)89 (51.7)White

1 (6.3)3 (6.3)5 (2.9)Asian

0 (0)0 (0)2 (1.2)Pacific Islander/Hawaiian

0 (0)1 (2.1)0 (0)American Indian

0 (0)1 (2.1)3 (1.7)Multiracial

0 (0)0 (0)1 (0.6)Not reported

.690.75 (2)0 (0)0 (0)2 (1.2)Latino/Hispanic Ethnicity

Past Experience Scale

<.00110.69 (2, 235)10.80 (4.44); 4-1613.45 (3.27); 3-1614.20 (2.44); 6-16Familiarity rating, mean
(SD); range

.871.11 (2, 235)8.27 (1.62); 5-117.89 (3.27); 2-137.87 (2.82); 0-16Frequency rating, mean
(SD); range

Results from the Past Experience Scale showed that task
familiarity ratings were generally high, indicating that, on
average, the breakfast and lunch tasks were “pretty” to “very”
familiar. The groups differed on the familiarity rating, with post
hoc tests indicating that the dementia group reported
significantly lower task familiarity than the healthy cognition
group (P<.001) and the MCI group (P=.005); however, the
healthy cognition group and the MCI group did not differ (P
=.32). According to the frequency ratings, participants reported
that, on average, they had performed the VKC-2 tasks about

once per month over the past 5-10 years. Frequency ratings did
not differ across groups.

Demographic characteristics of participants who returned for
session 2 and were included in the retest reliability analysis are
reported in Table S1 in Multimedia Appendix 1. Compared with
participants who did not return, the returning participants had
completed significantly more years of education, obtained higher
estimated IQ scores, and included a greater proportion of White
participants.
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Informant Characteristics
A total of 219 informants participated in the study. On average,
informants were 63.97 years old (SD 13.99 years; range 20-90
years) and had completed 15.73 years of education (SD 2.43
years; range 10-21 years). Informants included spouses (95/219,
43.4%), children (60/219, 27.4%), friends (41/219, 18.7%), and
other family members (23/219, 10.5%).

Correlations Among VKC-2 Scores and Principal
Component Analysis
Average VKC-2 scores and their bivariate correlations indicate
significant, moderate associations among all scores (Table 3).
The relationship between VKC-2 time and touches was
particularly strong, reflecting nearly overlapping scores, with
more touches associated with longer completion times.

Table 3. VKC-2a scores and correlation coefficients in the full sample (N=236).

%Off-screenTouchesTimeDigital dexterityVKC-2 score

N/AN/AN/Ac0.67bTime

N/AN/A0.83b0.51bTouches

N/A0.34b0.42b0.49b%Off-screen

0.26b0.42b0.39b0.34bDistractor interactions

0.4867.82197.4786.76Mean

0.0950.59111.5727.47SD

aVKC-2: Virtual Kitchen Challenge—Version 2.
bP<.001 (2-tailed). A total of 21 (8.9%) participants interacted with distractor objects; the mean and SD for the distractor interactions score are not
reported because it was dichotomized.
cN/A: not applicable.

According to the Kaiser-Meyer-Olkin measure of sampling
adequacy (0.579) and the significant Bartlett test of sphericity

(χ2
3=311.45, P<.001), there was a modest but acceptable level

of shared variance among variables and a suitable correlation
matrix for factor analysis. PCA results showed that only 1
component was extracted (eigenvalue=2.09), accounting for
69.74% of the total variance. All variables loaded positively on
this component (time=0.930, touches=0.905, and
%off-screen=0.639), suggesting a single underlying factor
representing a common dimension. Thus, a VKC-2 composite
score was computed by averaging sample-based z scores for
time, touches, and %off-screen, with higher scores reflecting
worse (ie, more inefficient) performance.

Construct Validity
The construct validity of the VKC-2 automated scores was
evaluated by assessing differences among groups known to
differ in functional abilities: healthy, MCI, and mild dementia.
As shown in Figure 3, average scores on each VKC-2 measure
were consistently worse for the dementia group. The same
pattern was observed in the VKC-2 composite score (healthy:
mean –0.22, SD 0.49; MCI: mean 0.43, SD 1.07; and dementia:

mean 1.27, SD 1.36). Statistical analyses focused on differences
between the healthy and MCI groups due to the relatively small
number of participants with dementia. ANCOVA results
comparing healthy versus participants with MCI are reported
in Tables 4 and 5 and showed significant group differences
(P<.001) in all measures after controlling for age. After
controlling for the digital dexterity score and age (see Tables 4
and 5), the difference in the time score was no longer significant
(P=.06), suggesting that the difference in completion time could
be explained by low-level visuomotor skill differences between
the MCI and healthy groups. By contrast, after controlling for
digital dexterity and age, the differences in touches (P=.004),
%off-screen (P=.01), and the VKC-2 (P<.001) composite score
remained statistically significant, indicating that these
between-group differences could not be explained by basic
visuomotor skills. Thus, aside from time, the VKC-2
scores—particularly the composite score, which showed the
strongest effect size after controlling for digital dexterity and
age—likely reflect more than simple visuomotor abilities and
capture the cognitive processes required to perform everyday
tasks (ie, goal maintenance and control over task goals for the
efficient execution of multistep everyday tasks).
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Figure 3. Unadjusted VKC-2 mean scores by group.

Table 4. Analysis of covariance results comparing participants with healthy cognition (n=172) versus those with mild cognitive impairment (n=48) on

all VKC-2a automated scores: controlling for age.b

Effect sizeη² (partial eta2)P valueF test (df)VKC-2 score

Medium to large0.087<.00120.68 (2, 219)Digital dexterity

Medium0.075<.00117.54 (2, 219)Time

Large0.097<.00123.35 (2, 219)Touches

Medium0.055<.00112.71 (2, 219)%Off-screen

Medium to large0.120<.00129.70 (2, 219)VKC-2 composite

aVKC-2: Virtual Kitchen Challenge—Version 2.
bEffect sizes (η2) are interpreted as follows: small=0.01, medium=0.06, and large=0.14.

Table 5. Analysis of covariance results comparing participants with healthy cognition (n=172) versus those with mild cognitive impairment (n=48) on

all VKC-2a automated scores: controlling for age and digital dexterity.b

Effect sizeη² (partial eta²)P valueF test (df)VKC-2 score

Small0.016.063.47 (3, 219)Time

Small to medium0.038.0048.60 (3, 219)Touches

Small to medium0.029.016.42 (3, 219)%Off-screen

Medium0.051<.00111.68 (3, 219)VKC-2 composite

aVKC-2: Virtual Kitchen Challenge—Version 2.
bEffect sizes (η2) are interpreted as follows: small=0.01, medium=0.06, and large=0.14.

The distributions of the distractor interaction score across the
3 groups (not reported in Figure 3) indicated a higher percentage
of participants interacting with distractors in the groups with
cognitive impairment (dementia: 5/16, 31%; MCI: 8/48, 17%;
and healthy: 5/114, 4.3%). The difference in distractor
interactions between the MCI and healthy groups was

statistically significant (χ2
1=8.03, P=.005; φ=0.191,

small-to-medium effect size).

Classification Analyses
Classification analyses for distinguishing participants with
healthy cognition from those with cognitive impairment (MCI
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+ mild dementia combined) are reported in Table 6. All
predictors showed statistically significant areas under the curve
(AUCs; P<.001 for all), indicating that they were better than
chance at predicting impaired group status. Time and the VKC-2
composite score were the strongest predictors, as indicated by
their high AUCs and sensitivity. Time demonstrated particularly
high sensitivity, making it useful for maximizing the
identification of participants with impairment for early detection.
By contrast, the %off-screen score showed the highest

specificity, suggesting it may be more useful for ruling out
individuals with healthy cognition during diagnostic
confirmation. As expected, scores that increase sensitivity reduce
specificity, reflecting the inherent trade-off between identifying
true positives and minimizing false positives. Analyses
distinguishing participants with healthy cognition versus those
with MCI demonstrated similar AUCs (0.68-0.74), cutoff scores,
and patterns of sensitivity and specificity, and are reported in
Table S2 in Multimedia Appendix 1.

Table 6. Area under the curve values, optimal cutoffs, and specificity/sensitivity for predicting cognitive impairment from VKC-2a scores (N=236).

SpecificitySensitivityOptimal cutoffP valueSE95% CIAUCbVKC-2 score

0.770.6787.12<.0010.410.65-0.810.73Digital dexterity

0.580.82163.47<.0010.040.68-0.820.75Time

0.780.5965.5<.0010.040.62-0.780.70Touches

0.870.480.53<.0010.040.64-0.790.71%Off-screen

0.720.69–0.041<.0010.040.70-0.840.76VKC-2 composite

aVKC-2: Virtual Kitchen Challenge—Version 2.
bAUC: area under the curve.

Convergent Validity Against Real Kitchen Scores
Bivariate correlations between VKC-2 scores and Real Kitchen
scores are reported in Table 7. Correlations with Real Kitchen
completion time, accomplishment, and total errors were
consistently significant (P<.001 for all) and moderate to strong,
supporting the convergent validity of the VKC-2 scores against
the real versions of the VKC-2 tasks. Relations between VKC-2

measures and motor errors on the Real Kitchen were relatively
weaker and not consistently significant (P values ranged from
<.001 to .08), suggesting that VKC-2 scores correspond more
strongly with the cognitive aspects of Real Kitchen performance
rather than visuomotor errors made with the real tasks (Table
7). Spearman rank-order correlations showed the same pattern
of results and are reported in Table S3 in Multimedia Appendix
1.

Table 7. Correlation coefficients (and P values) between VKC-2a scores and Real Kitchen scores (n=201).

Motor errorsTotal errorsAccomplishment scoreCompletion timeVKC-2 score

0.13 (P=.08)0.50b–0.58b0.59bDigital dexterity

0.22 (P=.004)0.64b–0.53b0.58bTime

0.30b0.53b–0.26b0.38bTouches

0.15 (P=.057)0.40b–0.44b0.44b%Off-screen

0.27b0.62b–0.48b0.56bVKC-2 composite

2.377.4232.09244.35Mean

2.495.882.3593.73SD

aVKC-2: Virtual Kitchen Challenge—Version 2.
bP<.001 (2-tailed).

Convergent Validity Against Conventional Cognitive
Tests
Bivariate correlations between VKC-2 scores and
demographically adjusted cognitive test scores are reported in
Table 8. The coefficients were statistically significant (P values

ranged from <.001 to .03), indicating that participants with
higher cognitive test scores completed the VKC-2 tasks more
quickly and efficiently, supporting the convergent validity of
the VKC-2 scores. Spearman rank-order correlations showed
the same pattern of results and are reported in Table S4 in
Multimedia Appendix 1.
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Table 8. Correlation coefficients (and P values) between VKC-2a scores and cognitive test scores (N=236).

Language compositeProcessing speed com-
posite

Episodic memory com-
posite

Executive function
composite

Global Cognition

mKnight-PACCb
VKC-2 score

–0.36c–0.41c–0.42c–0.29c–0.50cDigital dexterity

–0.34c–0.30c–0.39c–0.27c–0.42cTime

–0.22c–0.11 (P=.10)–0.29c–0.14 (P=.03)–0.23cTouches

–0.27c–0.26c–0.40c–0.27c–0.38c%Off-screen

–0.34c–0.28c–0.42c–0.27c–0.42cVKC-2 composite

47.9753.0845.0449.1550.50Mean

9.559.7510.048.777.66SD

aVKC-2: Virtual Kitchen Challenge—Version 2.
bmKnight-PACC: modified Knight-Preclinical Alzheimer Cognitive Composite.
cP<.001 (2-tailed).

Convergent Validity Against Self/Informant
Questionnaires of Everyday Function
Table 9 shows the relationships between VKC-2 scores and
questionnaires assessing everyday function completed by
participants and informants. Results from participant
questionnaires indicated that the associations between VKC-2
scores and the IADL-C and FAQ, which assess current
functional abilities, were statistically significant (P values
ranged from <.001 to .02) and in the expected direction. That
is, participants who reported greater current functional
difficulties (IADL-C and FAQ) also performed the VKC-2 tasks
less quickly and efficiently. The relationship between VKC-2

scores and participants’ reports of functional decline (ECog-12)
was not significant (P values ranged from .21 to .55). By
contrast, informant reports of both current functional difficulties
(IADL-C and FAQ) and functional decline (ECog-12) were
significantly associated with lower VKC-2 scores. Overall,
correlations between the VKC-2 and participant/informant
questionnaires support the validity of the VKC-2 and are
comparable to or stronger than the relationships reported
between conventional performance-based tests and
questionnaires in the literature [43]. Spearman rank-order
correlations showed a similar pattern of results and are reported
in Table S5 in Multimedia Appendix 1.

Table 9. Correlation coefficients (and P values) between VKC-2a scores and questionnaires.

Informant questionnaires (n=194)Participant questionnaires (n=236)VKC-2 score

ECog-12FAQIADL-CECog-12dFAQcIADL-Cb

0.34e0.32e0.43e0.08 (P=.26)0.32e0.26eDigital dexterity

0.26e0.32e0.41e0.06 (P=.38)0.28e0.28eTime

0.07 (P=.35)0.10 (P=.17)0.20 (P=.005)0.04 (P=.55)0.20 (P=.003)0.15 (P=.03)Touches

0.31e0.29e0.35e0.09 (P=.21)0.25e0.26e%Off-screen

0.24e0.28e0.37e0.07 (P=.30)0.30e0.27eVKC-2 composite

1.402.9246.751.562.1244.76Mean

.545.9830.10.973.8521.41SD

aVKC-2: Virtual Kitchen Challenge—Version 2.
bIADL-C: Instrumental Activities of Daily Living—Compensation.
cFAQ: Functional Activity Questionnaire.
dECog-12: 12-item Everyday Cognition Scale.
eP<.001 (2-tailed).

Retest Reliability
ICCs are reported in Table 10 and indicate moderate to excellent
reliability for the VKC-2 automated scores. Cohen κ, used to
assess agreement between distractor interaction scores at time
1 and time 2, showed only fair agreement (κ=0.27, P<.001),

indicating limited but statistically significant consistency over
time. When ICCs were rerun, including only participants who
reported no change in their cognitive status from session 1
(123/143, 86%), results yielded comparable or slightly improved
coefficients relative to the full sample (see Table S6 in
Multimedia Appendix 1).
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Table 10. Intraclass correlation coefficients for VKC-2a scores over time (n=143).

P valueF test (df)95% CIIntraclass correlation coefficientb

(average measures)

VKC-2 score

<.0016.965 (142, 142)0.766-0.8930.844Digital dexterity

<.0015.469 (142, 142)0.736-0.8650.812Time

<.0016.943 (140, 140)0.783-0.8930.849Touches

<.0013.837 (140, 140)0.523-0.8060.703%Off-screen

<.0019.965 (140, 140)0.860-0.9230.899VKC-2 composite

aVKC-2: Virtual Kitchen Challenge—Version 2.
bType A using an absolute agreement definition.

Internal Reliability
Internal consistency between the VKC-2 breakfast and lunch
tasks at time 1 was evaluated using Spearman-Brown
coefficients in the full sample (N=236). Results indicated
acceptable to good internal consistency for all scores (time:
0.81; touches: 0.81; %off-screen: 0.77; and VKC-2 composite
score: 0.84).

Discussion

Results of this study support the validity and reliability of the
VKC-2 automated scores as measures of everyday function in
older adults. As predicted, VKC-2 scores differed significantly
between groups known to vary in functional ability (healthy vs
MCI vs mild dementia), supporting the construct validity of the
VKC-2. Convergent validity was further supported by significant
correlations between VKC-2 scores and performance on the
real versions of the VKC-2 tasks (Real Kitchen), conventional
cognitive test scores, and self/informant questionnaires assessing
everyday functioning. Retest reliability analyses showed fair to
excellent reliability for the VKC-2 automated scores over 4-6
weeks. Internal consistency between the 2 VKC-2 tasks
(breakfast and lunch) was also good. Additionally, participants
reported that the tasks included in the VKC-2 were highly
familiar (Past Experience Questionnaire). These findings suggest
that the VKC-2 automated scores hold strong potential for
addressing critical gaps in functional assessment across multiple
contexts, including screening older adults at risk for decline in
meaningful everyday activities in primary care and serving as
a functional end point in clinical trials of Alzheimer
disease/Alzheimer disease–related disorder treatments.

To our knowledge, this is the first study to demonstrate
significant differences between older adults with healthy
cognition and those with MCI on the VKC-2 automated scores.
Group differences in all scores except time persisted even after
controlling for the digital dexterity score, a novel feature of the
updated VKC-2. Thus, differences between MCI and healthy
participants on the VKC-2 cannot be attributed solely to
differences in digital visuomotor skills or touchscreen accuracy,
but rather reflect the additional cognitive demands required to
perform everyday tasks accurately and efficiently (eg, accurate
object selection, sequencing of task steps, performance
monitoring [74,85,86]). This conclusion is further supported by
significant correlations with Real Kitchen scores (see also

[57,87]) and by the fact that differences between participants
with MCI and healthy participants on the VKC-2 mirror those
observed on performance-based tasks with real objects in
previous studies [26,32,33,35,45]. Significant associations with
cognitive tests of episodic memory and language, which do not
primarily measure motor skills or processing speed, provide
additional evidence that the automated VKC-2 scores reflect
cognitive abilities. Collectively, these results strongly support
the construct validity of the VKC-2, offering a novel approach
to identify everyday task difficulties without the need for video
recording or trained coders—a major advantage over traditional
performance-based tests—providing a highly efficient, scalable,
and sensitive measure of everyday functioning.

It is important to acknowledge that some VKC-2 scores reflect
visuomotor skills more than others. For example, the completion
time (time) score did not remain significantly different between
participants with MCI and those with healthy cognition after
controlling for the digital dexterity score. This should not be
viewed as a limitation, as mild upper motor dexterity difficulties
contribute to functional impairments in people with MCI [20],
and mild upper and lower limb difficulties are significantly
associated with cognitive challenges in older adults without
MCI [21,22,88]. Indeed, the VKC-2 digital dexterity score, as
well as VKC-2 measures of efficiency, were associated with a
measure of global cognitive abilities (mKnight-PACC) that is
sensitive to preclinical Alzheimer disease. Thus, mild motor
difficulties may serve as important early indicators of Alzheimer
disease/Alzheimer disease–related disorder risk that could be
missed by conventional cognitive tests. Additional studies,
including longitudinal follow-up, are needed to identify the
optimal combination of VKC-2 scores to maximize early
detection of functional difficulties and risk.

Correlation analyses with conventional self- and
informant-report questionnaires of everyday function provided
additional support for the validity of the VKC-2 automated
measures as indicators of processes that influence real-world
functioning. The strength and pattern of correlations between
VKC-2 scores and conventional questionnaires were similar to
those reported for validated performance-based tests and
questionnaires of everyday function in the existing literature
[89,90]. Correlations were stronger and more consistent with
informant reports than with self-reports, particularly for the
questionnaire assessing cognitive/functional decline (ECog-12
[13]); this pattern has been reported in previous studies [56]
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and aligns with our conceptualization of the constructs measured
by performance-based tests versus questionnaires. We view the
VKC-2, like other performance-based tests, as a measure of
everyday functional capacity, making it well-suited for
between-participant comparisons, staging, and tracking change
over time. Questionnaires assess real-world functioning, which
is highly unconstrained, with task demands, motivation,
economic resources, social support, and other factors varying
widely. Thus, in clinical practice, the VKC-2 could be used
alongside questionnaires to provide a comprehensive evaluation
of everyday function across contexts.

Significant associations between VKC-2 scores and conventional
questionnaires of everyday function support the clinical
relevance of the VKC-2 measures. Differences between
participants with healthy cognition and those with MCI were
small to moderate, with absolute differences amounting to only
a few seconds on some scores. Such differences may reflect
subtle processing difficulties that lead to inefficiency and
increased cognitive load, which could accumulate over the
course of a day. We acknowledge, however, that direct evidence
that the mild cognitive difficulties captured by the VKC-2
translate to meaningful impacts on everyday tasks is currently
lacking. Further validation using ecological momentary
assessment or digital phenotyping via wearables (or both) would
provide more direct evidence of the VKC-2 as a measure of
real-world everyday function.

In addition to validity analyses, the reliability of the VKC-2
represents an important novel contribution of this study. To our
knowledge, reliability has not been examined for any prior
version of the Virtual Kitchen. Retest reliability estimates (ICC)
showed that the automated VKC-2 scores—except for distractor
interactions, which occurred very infrequently—were highly
stable over a 4-6-week period. ICCs were even stronger when
participants who reported notable changes in cognitive abilities
were excluded. Strong retest reliability is critical for using the
VKC-2 to evaluate meaningful change over time and for clinical
trial applications. The VKC-2 tasks (breakfast and lunch) also
demonstrated strong internal consistency, supporting the
coherence of the combined total VKC-2 scores. Furthermore,
correlations and PCA indicate that VKC-2 automated scores
reflect a single underlying dimension and can be combined into
a composite score representing task efficiency.

Several strengths of the study are worth noting. First, the sample
size and inclusion of a substantial proportion of participants
(106/236, 44.9%) identifying as Black or African American
addresses a critical gap in cognitive assessment research and
enhances the generalizability of our findings across the US
population. Second, the VKC-2’s portability, automated scoring,
and standardized administration protocol offer clear advantages
over current functional measures and existing
regulatory-approved outcome measures for clinical trials, which
often require specialized training, lengthy administration times,
and access to informants. The VKC-2 does not require Wi-Fi
and can be administered on any commercially available,
budget-friendly touchscreen computer. Finally, the efficiency
of the VKC-2 compared with conventional cognitive test
batteries makes it particularly suitable for busy clinical settings

where comprehensive neuropsychological assessments are
impractical.

Study limitations also warrant consideration. First, although
our sample included substantial racial diversity, the
predominance of highly educated participants (mean 15.7 years
of education) may limit generalizability to populations with
lower educational attainment. Additionally, the sample was
majority female (156/236, 66.1%), and participants from racial
groups other than Black/African American or White or diverse
ethnicities were underrepresented. Second, the community-based
sample primarily included older adults with healthy cognition,
with only 64 of 236 (27.1%) participants meeting criteria for
cognitive impairment. The imbalance in subgroup sizes between
participants with healthy versus those with impaired cognition
limited statistical power for between-group comparisons and
AUC/classification analyses. Therefore, additional studies are
needed to replicate these findings in samples with larger groups
of individuals with MCI or mild dementia. Third, although the
virtual task environment is ecologically valid, it may not capture
all real-world functional demands, such as physical fatigue,
environmental distractions, or competing task requirements.
Fourth, the cross-sectional design limits conclusions about the
VKC-2’s ability to detect meaningful change over time or
predict clinical outcomes (predictive validity). Finally, direct
validation against regulatory outcome measures is necessary
before the VKC-2 can be considered an alternative end point
in clinical trials.

As noted, future research on the VKC-2 should include
longitudinal studies to determine the predictive validity of its
scores. It will be important to evaluate whether the VKC-2
outperforms conventional measures in identifying individuals
at risk for cognitive and functional decline. However, even if
the VKC-2 performs comparably to traditional cognitive tests
or questionnaires, it offers important advantages, including
greater efficiency and independence from the need for a reliable
informant. Another important future direction is validation of
the VKC-2 against biomarkers of neurodegenerative disease.
Holmqvist and colleagues [48] demonstrated strong correlations
between VKC-2 scores and magnetic resonance
imaging–derived measures of cerebral white matter
hyperintensities, a biomarker of small vessel disease associated
with brain aging and neurodegeneration. Ongoing studies are
examining associations between VKC-2 scores and additional
biomarkers, including Alzheimer disease–specific positron
emission tomography and blood markers. Finally, automated
VKC-2 scores that capture task accomplishment are under
development, which will further enhance the utility of the
VKC-2 by providing a detailed characterization of everyday
task performance patterns [85]. Future implementation research
should examine and address potential barriers to VKC-2
adoption, including variability in technology literacy, digital
skill levels, and computer-related anxiety among diverse older
adults [91], as well as strategies for seamless integration into
existing clinical workflows.

In conclusion, there is growing interest in the development of
digital assessments of cognition, including digitized versions
of traditional cognitive tests, smartphone- and tablet-based
cognitive assessments, and VR [92]. Digital, performance-based
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assessments of everyday tasks, such as the VKC-2, extend this
trend to meaningful measures of everyday function. The VKC
was designed to address weaknesses of conventional functional
measures by providing an objective, standardized, and highly
efficient assessment that does not rely on informant reports.
The VKC-2 requires approximately 15-20 minutes to administer,
is suitable for the full spectrum of cognitive aging—from healthy
aging to mild dementia—and includes tasks (breakfast and
lunch) that have been extensively studied and shown to be highly
familiar to older adults [27,28,32,47,93]. The VKC-2 can be
administered on a portable laptop without the need for additional
objects or supplies, including a VR headset, avoiding limitations
associated with cybersickness and confusion. The touchscreen
interface provides a more natural interaction than a mouse or

joystick for older adults [94]. Finally, the VKC-2 provides
sensitive and detailed performance analysis, including time to
completion and measures of performance efficiency derived
from the touchscreen, eliminating the need for video recording
and human coders. Older adult participants in this study were
able to use the touchscreen interface, understood the instructions,
did not require extensive training, and performed the tasks
consistently with expectations based on data from the Real
Kitchen [35]. The VKC-2 shows strong potential as an
ecologically valid and scalable tool for capturing everyday
functional capabilities in people with healthy cognition, MCI,
and mild dementia across various settings, including large
longitudinal studies, health clinics, and clinical trials.
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Abstract

Background: Falls are one of the leading causes of injury or death among older adults. Falls occurring in individuals during
hospitalization, as an adverse event, are a key concern for health care institutions. Identifying older adults at high risk of falls in
clinical settings enables early interventions, thereby reducing the incidence of falls.

Objective: This study aims to develop and validate machine learning models to predict the risk of falls among hospitalized
older adults.

Methods: This study retrospectively analyzed data from a tertiary general hospital in China, including 342 older adults who
experienced falls and 684 randomly matched nonfallers, between January 2018 and December 2024, encompassing demographic
information, comorbidities, laboratory parameters, and medication use, among other variables. The dataset was randomly split
into training and testing sets in a 7:3 ratio. Predictors were selected from the training set using stepwise regression, least absolute
shrinkage and selection operator, and random forest-recursive feature elimination. Seven machine learning algorithms were
employed to develop predictive models in the training set, and their performance was compared in the testing set. The optimal
model was interpreted using Shapley Additive Explanations (SHAP).

Results: The gradient boosting machine model demonstrated the best predictive performance (C-index 0.744, 95% CI
0.688‐0.799). The 8 most important variables associated with fall risk were dizziness, epilepsy, fall history within the past 3
months, use of walking assistance, emergency admission, Morse Fall Scale scores, modified Barthel Index scores, and the number
of indwelling catheters. The model was interpreted using SHAP to enhance the clinical utility of the predictive model.

Conclusions: The gradient boosting machine model was identified as the optimal predictive model. The SHAP method enhanced
its integration into clinical workflows.

(JMIR Aging 2026;9:e80602)   doi:10.2196/80602

KEYWORDS

machine learning; risk prediction; older adults; fall prediction; gradient boosting machine; random forest

Introduction

Falls, the second leading cause of global unintentional injury
deaths, are a significant public health concern. They are defined
as “an event that leads to a person inadvertently coming to rest
on the ground, floor, or other lower surface than their original
position [1].” Age is one of the main risk factors for falls [2],
and statistics indicate that the incidence of falls among older
adults is approximately 26.5% [3]. Among individuals aged
>60 years globally, falls are one of the most common causes of

injury or death, with one out of every 5 falls resulting in a
fracture or head injury [2,4]. In addition, falls generate
substantial medical costs, imposing a heavy economic burden
worldwide [5].

Notably, falls are adverse events in hospitals, and the prevention
of falls is also a priority for improving the quality of nursing
care [6]. The incidence of falls in hospitals is typically in the
range of 2 to 16 per 1000 bed days [7,8]. Despite a declining
incidence of falls among hospitalized older adults, the increasing
number of older adults admitted to hospitals, driven by an
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expanding aging population, suggests that falls prevention will
remain a critical concern in hospitals [8,9]. Falls are preventable
adverse events in hospitals, and implementing fall prevention
programs can avoid costs of US $14,600 per 1000 patient-days
[6]. Therefore, identifying individuals at high risk of falls in
hospitals to take preventive measures is particularly important,
especially among older adults.

The MFS (Morse Fall Scale) and STRATIFY (St. Thomas’s
Risk Assessment Tool in Falling Elderly Inpatients), widely
used in hospitals to identify individuals at high risk of falls,
have drawbacks such as low specificity [10,11]. Several studies
have developed predictive models for fall risk in older inpatients
[12-17]. While some employed traditional regression methods
[12-15,17], these conventional approaches often struggle with
complex, multidimensional data [18]. Other models exhibit
limited applicability, being restricted to specific clinical settings
or units [12,13,17]. Additionally, certain models rely solely on
clinical texts for prediction, a methodology constrained by
single-variable limitations that compromise performance [14].

In recent years, machine learning (ML) algorithms have attracted
considerable interest in health care predictive modeling due to
their capacity to develop highly accurate prediction models at
low cost [19]. The capacity of ML algorithms to process
high-dimensional data not only enhances the accuracy and
efficiency of predictive models but also enables personalized
risk prediction [4,20]. Although existing studies have employed
ML algorithms to develop fall prediction models for hospitalized
older adults, these models exhibit limitations, including
suboptimal performance, applicability restricted to specific
geriatric subpopulations, and reliance on environmental
detection systems that hinder their widespread clinical adoption
[16,21-23]. Critically, limited studies have offered
comprehensive explanations or analyses of model predictions,
restricting clinical applicability and diminishing the practical
value of these models.

Therefore, the objective of our study is to develop and validate
multiple ML models utilizing clinically accessible data to predict
fall risk of hospitalized older adults. We seek to identify the
optimal model while interpreting its predictions through the
Shapley Additive Explanations (SHAP) method.

Methods

Data Source and Participants
Using an adverse event reporting system integrated into
electronic nursing workstations of a tertiary general hospital,
researchers retrieved fall incident records for hospitalized older
adults (aged ≥60 y) occurring between January 2018 and
December 2024, extracting hospitalization identifiers and fall
timestamps. An electronic health record (EHR) system was used
to record admission and discharge dates along with
hospitalization identifiers for older adults without a history of
falls hospitalized between January 2018 and December 2024.
The fall timestamp of each case patient was used to anchor the
index time for the matched controls. For each case, 2 controls
were matched. Specifically, we first preprocessed the data by
removing duplicate records from individuals with multiple

hospitalizations (retaining only the first admission). From this
refined pool of potential controls, we then used a Visual Basic
algorithm in Microsoft Excel (version 16.0) to identify patients
whose entire hospitalization period (from admission to
discharge) encompassed the fall timestamp. This approach
ensures that both cases and controls were exposed to similar
time-dependent clinical factors at the same specific time point,
thereby minimizing potential time-dependent bias. The case
and control groups were not matched on demographics such as
age or gender in order to maintain the natural distribution found
in real-world clinical settings. With the aim of capturing all
relevant information, variables with clinical or predictive
relevance were included as model features for the ML algorithm
to parse their associations with the outcome.

Matched controls identified as day cases were excluded and
replaced until a 1:2 case-control ratio was maintained. This ratio
was selected based on considerations of statistical power,
cost-effectiveness, and practical constraints, as increasing the
control-to-case ratio beyond 2:1 yields diminishing returns in
power while substantially increasing costs and workload [24,25].
Cases were initially identified from the adverse event reporting
system as any patient with a documented fall event occurring
within the hospital premises and were excluded if they were
aged <60 years old at admission, experienced subsequent falls
occurring during the same hospitalization, or were
nonhospitalized patients or day cases. Controls were selected
from the EHR system as hospitalized patients aged ≥60 years
with no record of an in-hospital fall and were excluded for
having duplicate admission records (only the first was retained),
day-case status, or if they could not be matched to a case. We
excluded day case patients because more than 20% of the data
were missing in EHR. The sample size was estimated using the
“pmsampsize” package in R software (version 4.5.0). According
to other researchers, the c-statistic is 0.73, the number of
predictor parameters chosen for our study is 17, and the
prevalence is 0.33 (1/3), with a required sample size of 992 for
the calculation.

Ethical Considerations
The study was approved by the Ethics Committee Board of the
Second Affiliated Hospital of Anhui Medical University
(approval number: YX2025-162). This study adheres strictly
to privacy protection principles. Nonessential identifying
information is omitted during data processing, and informed
consent is obtained when necessary. Informed consent was
waived for patients who died or were disconnected. No financial
compensation is provided to participants. This study conforms
to the principles outlined in the TRIPOD (Transparent Reporting
of a multivariable prediction model for Individual Prognosis or
Diagnosis) statement.

Data Collection and Processing
All records containing timestamps and hospitalization identifiers
were randomly split into 2 datasets. Two uniformly trained data
collectors independently extracted variables through the EHR
system using these identifiers, followed by cross-verification
upon completion. Five categories of variables were collected:
demographic characteristics, comorbidities, medications,
laboratory indicators, and other variables. Table S1 in
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Multimedia Appendix 1 provides the list of 64 extracted
variables. Demographic characteristics and sleep duration data
were extracted from hospital admission records. The absence
of BMI values was directly attributable to practical barriers in
anthropometric data collection for patients with mobility
limitations (bedridden or wheelchair-dependent status).
Comorbidities were identified by integrating inpatient diagnoses
from admission summaries with discharge diagnoses in
corresponding discharge records. Medication administration
records were retrieved from both permanent and temporary
medical orders to capture all medications administered within
the 24-hour period preceding the timestamp. Polypharmacy was
defined as taking 5 or more medications daily. Laboratory
indicators were collected from laboratory test reports. For
indicators with repeated measurements, data within the 7 days
before and after the timestamp were selected for analysis. The
remaining variables were extracted from nursing records within
1 week before and after the timestamp. Given that at least 2
nursing records are documented weekly, there is no missing
data for these variables. A total of 64 variables were initially
extracted. With 27.49% missing values, BMI was removed from
analysis. For the remaining variables, only albumin and
hemoglobin contained missing values (0.03% and 0.04%,
respectively). The missing values for albumin and hemoglobin
were imputed using the random forest (RF) imputation method,
implemented via the “missForest” package in R software
(version 4.5.0). This approach offers the advantage of handling
mixed data types (continuous and categorical) and effectively
capturing nonlinear relationships among variables [26].

Feature Selection
The dataset was randomly split into a training set (70%) and a
testing set (30%). A three-step selection strategy was
implemented in the training set to identify optimal predictors.
First, univariate (LR) was applied for preliminary screening
(P<.05) to retain statistically significant variables. Second, 5
feature selection methods were integrated: stepwise regression
(SR) comprises 3 variants—forward selection, backward
selection, and bidirectional elimination; least absolute shrinkage
and selection operator (LASSO); and random forest-recursive
feature elimination (RF-RFE). Predictors were determined by
the overlap among the results of these methods. This approach
aimed to mitigate high correlation among predictors while
capturing their complex relationships with the outcome variable
[27]. SR iteratively adjusts variables based on statistical
significance, LASSO addresses high dimensionality and
multicollinearity while preventing overfitting, and RF-RFE
captures nonlinear patterns and variable interactions. Both
LASSO and RF-RFE incorporated 10-fold cross-validation.
Finally, clinical experts validated the selected predictors to
ensure clinical applicability.

Models Development and Validation
To comprehensively evaluate predictive performance and ensure
robust results, we employed multiple algorithms to construct
predictive models in the training set, including seven ML
models: LR, support vector machines, RF, gradient boosting
machine (GBM), extreme gradient boosting (XGBoost),
k-nearest neighbor (KNN), and neural network (NN). Grounded

in distinct modeling philosophies, each algorithm offers unique
advantages. LR establishes an optimal linear decision boundary,
valued for its conceptual simplicity and high interpretability,
serving as a reliable performance benchmark [20]. Support
vector machines aim to determine a separating hyperplane that
maximizes the geometric margin for robust classification. They
address nonlinear problems by employing kernel functions to
project data into a higher-dimensional feature space where the
maximum-margin principle is applied [20]. As a representative
bagging ensemble, RF enhances predictive stability and captures
complex feature interactions by aggregating numerous
decorrelated decision trees, also providing inherent resistance
to overfitting and enabling feature importance evaluation
[20,28]. GBM employs a sequential modeling strategy that
iteratively corrects errors from preceding models, often
achieving high predictive accuracy [20]. XGBoost, an optimized
implementation of gradient boosting, incorporates regularization
and advanced algorithmic techniques to further improve
computational efficiency and performance [20]. KNN is an
instance-based learning method operating on the principle of
local similarity. Predictions are derived from the majority label
or average value of a sample’s KNNs in the feature space,
offering an intuitive perspective on the local data structure [29].
NN, or deep learning models, function as universal
approximators by leveraging multiple layers of tunable nonlinear
transformations. This architecture enables them to automatically
learn hierarchical data representations and extract complex,
high-level features through training [30]. This systematic
selection of algorithms, encompassing linear models, kernel
methods, bagging and boosting ensembles, instance-based
learning, and NNs, ensures our evaluation is comprehensive
and avoids bias toward any single modeling strategy.

To mitigate class imbalance, we applied random upsampling
to the training dataset, which involves duplicating instances
from the minority class at random to balance the class
distribution. Subsequently, to rigorously tune hyperparameters
and guard against overfitting, we performed a grid search with
10-fold cross-validation on this processed training set to identify
the optimal parameters. The test set was used to evaluate model
performance. The area under the receiver operating characteristic
curve (AUROC) in the testing set served as the primary metric
for assessing discriminative ability. Model discrimination was
primarily assessed using the AUROC. This metric is considered
a standard method for evaluating ranking ability, as it provides
a threshold-independent assessment of a model’s inherent
discriminative power [31]. Additionally, model performance
was comprehensively evaluated using the area under the
precision-recall curve (AUPRC), which is particularly
informative for imbalanced datasets, along with sensitivity,
specificity, accuracy, recall, F1-score, positive predictive value,
and negative predictive value. Calibration curves were plotted
to assess prediction accuracy. Decision curve analysis (DCA)
was performed to quantify clinical utility. SHAP is a model
interpretation tool that calculates feature contribution values to
provide both global (model-level) and local (individual
prediction) explanations, making models more interpretable
and applicable [20,32].
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Therefore, we employed the SHAP method to elucidate how
individual features influence fall risk predictions in hospitalized
older adults within the optimal model.

Statistical Analysis
All statistical analyses were performed using R software (version
4.5.0), with categories merged when necessary to address sparse
data. Use of walking assistance (UWA) was classified into 4
groups: no assistance, wheelchair or bedridden, support by
others or furniture, and walker/crutches/cane. Continuous
variables were categorized as follows: age into 60 to 69, 70 to
79, and ≥80 years; serum albumin into ≥34 and <34 g/L [33];
MFS scores into <45 points and ≥45 points [34]; modified
Barthel Index (mBI) [35] scores into 0 to 20 points, 21 to 60
points, 61 to 90 points, 91 to 99 points, and 100 points;
Nutritional Risk Screening 2002 (NRS 2002) scores into <3
points (no nutritional risk) and ≥3 points (at risk) [36]; and
Numeric Pain Rating Scale scores into 0 points (no pain) and
≥1 point (pain) [37]. Continuous variables, none of which
followed a normal distribution, were expressed as medians and
IQR (M, Q1-Q3). Categorical variables were reported as
numbers and percentages (n, %). Differences between groups
were analyzed using the Mann-Whitney U test for nonnormally
distributed continuous variables and the Chi-square test (or

Fisher exact test for sparse data) for categorical variables. A
2-sided P<.05 was considered statistically significant.

Results

Baseline Characteristics
Ultimately, 1026 older adults were included in the study. Figure
1 illustrates the process of patient screening. The comparison
between fallers and nonfallers in the overall dataset is presented
in Table S2 in Multimedia Appendix 1. Among the 1026
patients, 40.84% (419/1026) were aged 60 to 69 years and
55.65% (571/1026) were male. Among the 342 fallers, 40.06%
(137/342) were aged 70 to 79 years and 52.05% (178/342) were
male. Significant differences were observed between fallers and
nonfallers in the following variables: age, blood pressure,
diabetes, chronic kidney disease, heart failure, hypothyroidism,
cancer, Parkinson’s disease, dizziness, stroke, gait abnormality,
epilepsy, visual impairment, hearing impairment, polypharmacy,
antiplatelet drugs, statins, α-blockers, vasodilators, antidiabetic
drugs, anti-Parkinson’s disease drugs, antiepileptic drugs,
benzodiazepines, Z-drugs, albumin levels, fall history in the
past 3 months, UWA, emergency admission (EA), MFS scores,
NRS 2002 scores, mBI scores, number of indwelling catheters
(Indw Cath), and departments.

Figure 1. Flowchart of the patient screening. GBM: gradient boosting machine; KNN: k-nearest neighbor; LR: logistic regression; NNET: neural
network; RF: random forest; SVM: support vector machine; XGB: extreme gradient boosting.

Selection of Predictor Variables
Univariate LR identified 27 potential predictors (P<.05) in the
training set, as detailed in Table S3 of Multimedia Appendix 1.
Table 1 displays the predictors identified by the 5 methods
(SR-forward selection, SR-backward selection, SR-bidirectional
elimination, LASSO, and RF-RFE). Table S4, Figure S1, and

Figure S2 in Multimedia Appendix 1 provide detailed
information. Figure 2 visualizes the overlap of predictors
selected across 5 methods. The intersecting predictors from
these methods formed the final predictor set, comprising
dizziness, epilepsy, fall history in the past 3 months, UWA, EA,
MFS scores, mBI scores, and Indw Cath. After expert
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consultation, no predictors were added or removed. The final development model included these 8 predictor variables.

Table . The predictors obtained through 5 selection methods.

Predictor variablesNumber of predictors (categories)Methods

Hypothyroidism, OPa, dizziness, stroke, epilepsy,

polypharmacy, ACb, BZDsc, Albd, FH-3Me,

UWA.1f, UWA.2g, UWA.3h, EAi, MFSj scores,

mBI.1k, mBI.2l, mBI.3m, mBI.4n, Indw Cath.1o,

Indw Cath.2p

15 (21)SR-FS

Hypothyroidism, OP, dizziness, stroke, epilepsy,
AC, BZDs, Zdrugs, Alb, FH-3M, UWA.1,
UWA.2, UWA.3, EA, MFS scores, mBI.1,
mBI.2, mBI.3, mBI.4, Indw Cath.1, Indw Cath.2

15 (21)SR-BS

Hypothyroidism, OP, dizziness, stroke, epilepsy,
AC, BZDs, Zdrugs, Alb, FH-3M, UWA.1,
UWA.2, UWA.3, EA, MFS scores, mBI.1,
mBI.2, mBI.3, mBI.4, Indw Cath.1, Indw Cath.2

15 (21)SR-BE

Gender, hypothyroidism, OP, dizziness, stroke,
epilepsy, polypharmacy, AC, antidiabetics,
BZDs, Zdrugs, Alb, FH-3M, UWA.1, UWA.2,

UWA.3, EA, MFS scores, mBI.0q, mBI.4, Indw

Cath.2, Department.2r

19 (22)LASSO

CAs, dizziness, epilepsy, FH-3M, UWA.2,
UWA.3, EA, MFS scores, mBI.4, Indw Cath.2

9 (10)RF-RFE

aOP: osteoporosis.
bAC: anticoagulants.
cBZDs: benzodiazepines.
dAlb: albumin.
eFH-3M: fall history in the past 3 months.
fUWA.1: use of walking assistance category 1 (wheelchair or bedridden).
gUWA.2: use of walking assistance category 2 (support by others or furniture).
hUWA.3: use of walking assistance category 3 (walker/crutches/cane).
iEA: emergency admission.
jMFS: Morse fall scale.
kmBI.1: modified Barthel Index scores category 1 (21-60 points).
lmBI.2: modified Barthel Index scores category 2 (61-90 points).
mmBI.3: modified Barthel Index scores category 3 (91-99 points).
nmBI.4: modified Barthel Index scores category 4 (100 points).
oIndw Cath.1: number of indwelling catheters 1 (1).
pIndw Cath.2: number of indwelling catheters 2 (≥2).
qmBI.0: modified Barthel Index scores category 0 (0-20 points).
rDepartment.2: department category 2 (department of rehabilitation medicine).
sCA: cancer.
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Figure 2. Upset plot of the overlap of predictors selected across 5 methods. BE: bidirectional elimination; BS: backward selection; FS: forward selection,
LASSO: least absolute shrinkage and selection operator; RF-RFE: random forest-recursive feature elimination; SR: stepwise regression.

Models Development and Validation
Table S5 in Multimedia Appendix 1 compares the characteristics
of the training and testing sets. The training set comprised 719
(70%) older adults, while the testing set included 307 (30%).
All final model predictors and fall status (yes/no) were balanced
between the training and testing sets, as shown in Table 2. The
AUROC for the 7 models in the testing set is shown in Figure
3B. Among these, the GBM model demonstrated the highest
discrimination with an AUROC of 0.744 (95% CI 0.688‐0.799)
compared to the other 6 models. The LR model followed closely
with an AUC of 0.742 (95% CI 0.685‐0.798). The NN and
RF models had the lowest AUROCs, at 0.705 (95% CI
0.646‐0.765) and 0.715 (95% CI 0.657‐0.772), respectively.
Table 3 displays the detailed predictive performance of the 7

ML models. In the testing set, the LR model achieved the highest
AUPRC of 0.570 (0.475‐0.663), while the RF model showed
the lowest AUPRC of 0.477 (0.386‐0.580). Regarding other
performance metrics, the NN models had the best sensitivity
(0.931), the XGBoost model had the best specificity (0.644),
and the LR model showed the highest accuracy (0.687). The
calibration curves for the predictive models in the testing set
are shown in Figure 3D. The LR model demonstrated the best
calibration ability in the testing set. The DCA curves for the
predictive models in the testing set are shown in Figure 3F. The
DCA curves suggest that the 7 models have certain clinical
utility, generating net benefits within the threshold range of 0
to 0.5. Considering AUROC, sensitivity, and specificity, the
GBM was determined to be the best-performing model.
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Table . Characteristics of the predictors in the training and testing sets.

P valueTesting set (n=307)Training set (n=719)Predictors

>.99Fall, n (%)

205 (66.78)479 (66.62)    No

102 (33.22)240 (33.38)    Yes

.93Dizziness, n (%)

302 (98.37)705 (98.05)    No

5 (1.63)14 (1.95)    Yes

>.99Epilepsy, n (%)

302 (98.37)706 (98.19)    No

5 (1.63)13 (1.81)    Yes

.99FH-3Ma, n (%)

281 (91.53)660 (91.79)    No

26 (8.47)59 (8.21)    Yes

.08UWAb, n (%)

179 (58.31)475 (66.06)    No assistance

100 (32.57)192 (26.7)    Wheelchair or bedridden

3 (0.98)10 (1.39)    Support by others or furniture

25 (8.14)42 (5.84)    Walker/crutches/cane

.64EAc, n (%)

297 (96.74)701 (97.50)    No

10 (3.26)18 (2.50)    Yes

.42MFSd (points), n (%)

92 (29.97)196 (27.26)    <45

215 (70.03)523 (72.74)    ≥45

.24mBIe (points), n (%)

13 (4.23)36 (5.01)    0-20

93 (30.29)172 (23.92)    21-60

121 (39.41)322 (44.78)    61-90

30 (9.77)79 (10.99)    91‐99

50 (16.29)110 (15.3)    100

.81Indw Cathf, n (%)

247 (80.46)566 (78.72)    0

38 (12.38)95 (13.21)    1

22 (7.17)58 (8.07)    ≥2

aFH-3M: fall history in the past 3 months.
bUWA: use of walking assistance.
cEA: emergency admission.
dMFS: Morse fall scale.
emBI: modified Barthel Index.
fIndw Cath: number of indwelling catheters.

JMIR Aging 2026 | vol. 9 | e80602 | p.59https://aging.jmir.org/2026/1/e80602
(page number not for citation purposes)

Yang et alJMIR AGING

XSL•FO
RenderX

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


Figure 3. Receiver operating characteristic (ROC) curves, calibration curves, and decision curve analysis (DCA) curves of different machine learning
(ML) models in the training and testing sets. (A) ROC curves and area under the ROC curve (AUC) values of different ML prediction models in the
training set. (B) ROC curves and AUC values of different ML prediction models in the testing set.(C) Calibration curves of different ML prediction
models in the training set. (D) Calibration curves of different ML prediction models in the testing set. (E) DCA curves of different ML prediction models
in the training dataset. (F) DCA curves of different ML prediction models in the testing dataset. GBM: gradient boosting machine; KNN: k-nearest
neighbor; LR: logistic regression; NNET: neural network; RF: random forest; SVMs: support vector machines; XGBoost: extreme gradient boosting.
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Table . The performance of 7 machine learning models for predicting falls in hospitalized older adults.

RecallNPVcPPVbAccuracyF1-scoreSpecificitySensitivityAUPRCa

(95% CI)

Model

Training set

0.7080.8180.5080.6730.5910.6560.7080.614
(0.555‐
0.672)

    LRd

0.7670.8330.4800.6450.5910.5850.7670.599
(0.534‐
0.661)

    SVMse

0.6540.8050.5340.6940.5880.7140.6540.620
(0.559‐
0.681)

    GBMf

0.6290.8000.5490.7040.5860.7410.6290.646
(0.590‐
0.705)

    NNg

0.7710.8410.4960.6620.6040.6080.7710.580
(0.517‐
0.643)

    RFh

0.6540.8060.5380.6970.5900.7180.6540.637
(0.579‐
0.696)

    XGBoosti

0.7830.8360.4680.6300.5860.5530.7830.626
(0.567‐
0.685)

    KNNj

Testing set

0.7940.8610.5190.6870.6280.6340.7940.570
(0.475‐
0.663)

    LR

0.8730.8980.4970.6650.6340.5610.8730.537
(0.437‐
0.640)

    SVMs

0.8730.8980.4970.6650.6340.5610.8730.560
(0.464‐
0.654)

    GBM

0.9310.9260.4460.5930.6030.4240.9310.509
(0.409‐
0.610)

    NN

0.8630.8940.5030.6710.6350.5760.8630.477
(0.386‐
0.580)

    RF

0.7450.8350.5100.6780.6060.6440.7450.535
(0.435‐
0.635)

    XGBoost

0.7940.8520.4910.6580.6070.5900.7940.547
(0.446‐
0.643)

    KNN

aAUPRC: area under the precision recall curve.
bPPV: positive predictive value.
cNPV: negative predictive value.
dLR: logistic regression.
eSVM: support vector machine.
fGBM: gradient boosting machine.
gNN: neural network.
hRF: random forest.
iXGBoost: extreme gradient boosting.
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jKNN: k-nearest neighbor.

Interpretability Analysis
SHAP was utilized to illustrate how the features predict the
occurrence of falls in old adults during hospitalization within
the GBM model. Figure 4A displays the 17 features sorted by
their average absolute SHAP values, and higher absolute SHAP
indicates greater contribution to fall risk. Figure 4B shows the
impact values and explanations of these features, and yellow
dots represent high risk, while purple dots indicate low risk. An
MFS score of ≥45, an mBI score that is not 100 points, an mBI
score not between 0 and 20 points, having fewer than 2
indwelling tubes, a history of falls in the past 3 months, EA,

epilepsy, dizziness, use of a walker/cane/crutch, requiring
assistance from others/furniture for walking, and not using a
wheelchair or not being bedridden are associated with a higher
risk of falls in old adults during hospitalization. Beyond global
SHAP interpretations, local interpretability was demonstrated.
Figure 5A and B visualizes how the GBA model makes
predictions about falls in older adults during hospitalization;
yellow arrows indicate risk-increasing features and purple
arrows risk-decreasing features. The f(x) values inside arrows
quantify each feature’s contribution. Summing these yields the
model’s final prediction, which is represented by the f(x) value
outside arrows.

Figure 4. Interpretation of the gradient boosting machine model by the Shapley Additive Explanations (SHAP) method. (A) A bar summary of the
most important features according to the SHAP values. (B) Summary and explanation of the most influential features. Yellow dots indicate high-risk
values, and purple dots indicate low-risk values. EA: emergency admission; FH-3M: fall history in the past 3 months; Indw Cath.0: number of indwelling
catheters 0 (0); Indw Cath.1: number of indwelling catheters 1 (1); Indw Cath.2: number of indwelling catheters 2 (≥2); mBI.0: modified Barthel Index
scores category 0 (0-20 points); mBI.1: modified Barthel Index scores category 1 (21-60 points); mBI.2: modified Barthel Index scores category 2
(61‐90 points); mBI.3: modified Barthel Index scores category 3 (91‐99 points); mBI.4: modified Barthel Index scores category 4 (100 points); MFS:
Morse Fall Scale; UWA.0: use of walking assistance category 0 (no assistance); UWA.1: use of walking assistance category 1 (wheelchair or bedridden);
UWA.2: use of walking assistance category 2 (support by others or furniture); UWA.3: use of walking assistance category 3 (walker/crutches/cane).
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Figure 5. Compositional risk of feature contributions for predicting the occurrence of falls in 2 older adults during hospitalization. Purple arrows denote
factors that decrease the risk of falls for old adults during hospitalization, while yellow arrows indicate features that increase the risk. (A) An older adult
with fewer than 2 indwelling catheters, a modified Barthel Index (mBI) score not equal to 100 and not within the range of 21‐60 points, not using a
wheelchair or bedridden, and a Morse Fall Scale (MFS) score ≥45 points experienced a fall during hospitalization. (B) An older adult with an mBI score
not equal to 100 or within the range of 21‐60 points, not using a wheelchair or bedridden, with the presence of indwelling catheters, and an MFS score
<45 points did not experience a fall during hospitalization. Indw Cath.0: number of indwelling catheters 0 (0); Indw cath.2: number of indwelling
catheters 2 (≥2); mBI.1: modified Barthel Index scores category 1 (21‐60 points); mBI.4: modified Barthel Index scores category 4 (100 points);
UWA.1: use of walking assistance category 1 (wheelchair or bedridden).

Discussion

Principal Results
In this study, we used 7 ML algorithms to predict in-hospital
falls among hospitalized older adults based on clinically
accessible data, including demographic characteristics,
comorbidities, laboratory parameters, and medications. The
GBM algorithm demonstrated the optimal predictive
performance. Model interpretability was achieved at both global
and individualized patient levels using SHAP [38]. The SHAP
approach bridges the gap between ML models and realistic
clinical decision-making, enabling health care providers to
understand the model’s predictive process and trust its predictive
power [39].

In our study, multiple ML algorithms based on distinct principles
were employed to develop predictive models. However, the
predictive performance across these methods showed limited
variation, consistent with prior research [20], which suggests
that advanced ML algorithms generally perform well on
relatively small and low-dimensional datasets. Through a
comprehensive evaluation of the AUROC, AUPRC, sensitivity,
and specificity, the GBM model was ultimately selected as the

optimal model. Notably, LR also demonstrated competitive
performance, and DCA curves indicated that the LR model
could provide favorable clinical net benefit. Nevertheless,
compared to LR, GBM offers distinct advantages in handling
nonlinear relationships and complex data patterns [27].

Fall risk factors among hospitalized older adults encompass
multiple domains, including demographic characteristics,
comorbidities, laboratory parameters, and medications [40-42].
Previous studies have relied on subjective nursing
documentation texts, comprehensive geriatric assessments, or
environmental detection systems to develop fall prediction
models for hospitalized individuals [16,21], which limits their
clinical utility. Identifying predictors is a critical step in building
predictive models. It is notable that the predictors identified in
our study are aligned with routinely collected clinical data,
ensuring practical accessibility in health care settings.
Conventional approaches often select predictors using a single
method, such as regression models, whereas combining multiple
feature selection techniques may yield simplified models with
higher generalizability [43]. Different from previous studies,
we used multiple methods such as SR, RF-RFE, and LASSO
to identify predictors, which is one of the advantages of our
study.
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Eight variables were ultimately identified: dizziness, epilepsy,
fall history within the past 3 months, UWA, EA, MFS scores,
mBI scores, and the number of Indw Cath. They are also key
predictors in other predictive models [11,15,16,44]. Our study
identified MFS scores ≥45, nonbedridden and not using a
wheelchair, and scores of mBI not 100 as the 3 strongest
predictors of falls in hospitalized older adults. These findings
align with previous studies [11,15,16]. MFS is widely used for
fall risk assessment in hospitals. Previous research has shown
that MFS exhibits lower sensitivity than ML models [11,44].
Nevertheless, including it as a predictor in ML models permits
the evaluation of its predictive contribution relative to other
variables. MFS remains a valid predictor of falls among
hospitalized patients [11]. Similarly, in our study, MFS emerged
as a strong feature in the ML model.

Moreover, since patients’clinical data often include MFS scores,
an integrated model that incorporates MFS can better simulate
real-world decision-making, providing a more practical
foundation for clinical decision. One of the key strengths of our
study lies in integrating a simple, widely used assessment tool
with a high-performance ML method, leveraging the advantages
of both methodologies to develop and validate a simple, easily
generalizable predictive model. This study found that older
adults who are not bedridden or not using a wheelchair had a
higher fall risk during hospitalization. This may occur as over
half of falls happen during daily activities [45], whereas
bedridden or wheelchair-bound patients have very low activities
of daily living (ADL) ability, limiting activity engagement and
thereby reducing fall risk. Similarly, patients with mBI scores
>0 had higher fall risk, where higher scores indicate better ADL
ability [35]. Notably, those with mBI scores <100 or 21 to 60
also showed increased risk, implying a nonlinear relationship
between mBI scores and fall risk. This contradicts findings by
Dormosh et al [15] and Chu et al [16] that low ADL ability
predicts falls but aligns with Nagarkar et al’s [45] longitudinal
study linking difficulty with >4 ADL to higher fall odds.
Functional decline impairs musculoskeletal integrity and body
composition, reducing mobility and increasing fall risk [45-47].
However, the relationship between functional ability and fall
risk in elderly patients requires further investigation. Identifying
functional states associated with the highest fall risk and
implementing dynamic interventions are crucial for preventing
falls in this population.

Despite the growing number of ML-based clinical prediction
models being developed, most studies lack interpretability of
these models, limiting their clinical understanding and practical
adoption. The interpretability of ML predictions requires
attention from researchers so that physicians can understand,

trust, and ultimately apply these predictive models to guide their
clinical practice [28,38,39]. SHAP is a model-agnostic
interpretation framework grounded in cooperative game theory.
Its core lies in computing Shapley values to quantify the
marginal contribution of each input feature to individual
predictions. This approach provides consistent and locally
accurate explanations for every prediction made by the model
[38]. In this study, we addressed the “black-box” nature of ML
models by implementing SHAP to interpret the GBM model at
both global and individualized levels. This means that in a
clinical setting, the model can calculate a patient’s fall risk in
real time and simultaneously provide the primary clinically
interpretable factors contributing to that risk, thereby enabling
rapid screening and informed decision-making. SHAP improves
the clinical utility of prediction models, providing fall risk
prediction and interpretable descriptions for older adults during
hospitalization, thereby demonstrating its potential to address
the “black-box” problem [28,39].

Limitations
This study has several limitations. First, the predictive model
was developed using single-center retrospective data, which
may introduce potential biases and limit its generalizability to
other health care settings. External validation in multicenter
cohorts is required to confirm broader applicability. Second,
incorporating environmental variables (eg, ward layout, lighting
conditions) was challenging due to constraints in single center
data collection. Lastly, the exclusion of additional laboratory
parameters may have overlooked potential predictors. Future
research should prioritize integrating environmental variables,
expanding laboratory indicators, and leveraging multicenter
datasets for model development and validation.

Conclusions
In this study, multiple ML models were developed and validated
using multifaceted clinical data to identify the risk of falls
among hospitalized older adults. The GBM model demonstrated
the optimal predictive performance. By SHAP, the clinical
utility of the predictive model was significantly enhanced. In
the future, this GBM fall prediction model could be integrated
into the hospital EHR system as an embedded decision support
module to dynamically assess fall risk among inpatients and
generate real-time alerts. Simultaneously, based on the SHAP
values provided by the model, the system could offer evidence
to support health care providers in developing personalized
intervention measures, thereby translating risk prediction into
clinical actions aimed at reducing the incidence of falls in
hospitalized older adults.
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Abstract

Background: Undiagnosed cognitive impairment poses a global challenge, prompting recent interest in ultra-brief screening
questionnaires (comprising <2 to 3 items) to efficiently identify individuals needing further evaluation. However, evidence on
ultra-brief questionnaires remains limited, particularly regarding their validity across diverse literacy levels.

Objective: This study aimed to develop an ultra-brief questionnaire that performs well in detecting mild cognitive impairment
or dementia (MCI/dementia) across diverse literacy levels and to compare its performance with an established questionnaire (the
8-item Informant Interview to Differentiate Aging and Dementia [AD8]).

Methods: This diagnostic study involved 1856 participants aged ≥65 years (median education 10 y, range 0‐23 y), prospectively
recruited from community settings in Singapore. Participants and informants completed 15 cognition-related questions.
MCI/dementia was diagnosed via a comprehensive assessment and consensus conference. The sample was randomly split
70/30—the training sample (70%) was used to derive an ultra-brief questionnaire from the 15 cognition-related questions (using
an exhaustive search approach), and the test sample (30%) evaluated the area under the receiver operating characteristic curve
(AUC).

Results: The new questionnaire comprised 2 informant questions (ie, assistance with medications and worry about cognition),
plus age and years of education. It demonstrated excellent performance in detecting MCI/dementia (AUC 85%, 95% CI 80%‐90%),
significantly better (P=.003) than a nested baseline model (comprising age and years of education; AUC 78%, 95% CI 73%‐83%).
In contrast, the AD8 had an AUC of 76% (95% CI 70%‐83%), not significantly different (P>.99) from the baseline model. The
questionnaire’s performance was consistent across education subgroups and varying prevalence scenarios. Two optimal cutoffs
were used—the lower cutoff provided 80% sensitivity and 96% negative predictive value, and the upper cutoff provided 99%
specificity and 81% positive predictive value. A web-based calculator is available for public use.

Conclusions: This ultra-brief questionnaire enables rapid screening for cognitive impairment (in <1 min) by family members
or as part of community geriatric assessments. Its excellent performance across literacy levels supports its utility for case finding
in diverse populations, including underserved communities and lower- and middle-income countries.

(JMIR Aging 2026;9:e72963)   doi:10.2196/72963

KEYWORDS

machine learning; Informant Questionnaire for cognitive impairment–two items plus demographics; IQ2+; informant questionnaire;
subjective questionnaire; subjective cognitive decline; neurocognitive disorders
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Introduction

Undiagnosed cognitive impairment is a global challenge [1],
with 60% to 90% of affected individuals never receiving a
formal diagnosis [2,3]. Those who remain undiagnosed miss
out on timely clinical care [4], including management of
reversible causes, prescription of cognitive enhancers, behavioral
management, caregiver support, and advanced care planning
[4-9]. All these can impact well-being [10,11] and increase the
risk of premature nursing home placement [12-14]. Furthermore,
undiagnosed individuals often do not receive adequate support
to manage and coordinate care for their chronic diseases [15,16],
resulting in suboptimal disease management, inappropriate
health care utilization, and higher health care costs [17,18]. As
an example, a modeling study estimated that timely management
of cognitive impairment could potentially yield annual cost
savings of US $13 to $41 billion in the United States [15].
Recently, the importance of early diagnosis has been heightened
by emerging evidence supporting early interventions for
cognitive impairment [19,20], such as risk factor modification
[21,22] and antiamyloid monoclonal antibodies [23,24].

To address the challenge of undiagnosed cognitive impairment,
various international bodies (eg, the Alzheimer’s Disease
International [25] and the International Association of
Gerontology and Geriatrics) [26] have advocated for a
systematic approach to case finding among high-risk individuals
in the community [26]. In particular, a 2-stage strategy [27-29]
has been proposed in recent literature to address resource
constraints for community case finding. In the first stage,
subjective reports (eg, Functional Activities Questionnaire and
AD8 [the 8-item Informant Interview to Differentiate Aging
and Dementia]) [30,31] are used to identify individuals with
potential cognitive impairment. In the second stage, these
individuals undergo brief cognitive tests (eg, Mini-Cog and
short variants of Montreal Cognitive Assessment) [4,32-34] to
confirm the presence of cognitive impairment. This 2-stage
strategy is efficient and scalable—the first stage relies solely
on subjective reports and does not draw on scarce health care
resources for administration of cognitive tests, whereas the
second stage reserves brief cognitive tests for a smaller subset
of individuals [27]. Moreover, combining subjective reports
and brief cognitive tests has been shown to improve the
detection of subtle cognitive changes [27], making this approach
optimal for case finding of early cognitive impairment.

In 2019, the 2-stage strategy was adopted by the World Health
Organization (WHO) within the Integrated Care for Older
People assessment tool to identify cognitive impairment,
alongside assessments of other key components of intrinsic
capacity (ie, mobility, nutrition, hearing, vision, and mood)
[29]. For the first stage (subjective report), the WHO adopted
an ultra-brief questionnaire based on a single question: “Do you
have problems with memory or orientation (such as not knowing
where one is or what day it is)?” [29] The decision to embed
an ultra-brief cognitive questionnaire within Integrated Care
for Older People is understandable, as it balances the need to
assess a wide range of intrinsic capacity domains against the
scarcity of community resources for comprehensive assessments.
However, the validity of such ultra-brief questionnaires (ie,

those comprising fewer than 2‐3 items) remains unclear in the
literature [28], especially when used across diverse levels of
literacy [26,35]. This concern can be critical, as questionnaires
with fewer items tend to have increased measurement variability
and may be more susceptible to confounding factors such as
educational attainment [36].

In this study, we sought to strengthen the evidence base
supporting the use of ultra-brief questionnaires across diverse
levels of literacy, potentially enhancing their utility in diverse
populations across lower-, middle-, and higher-income countries.
Specifically, we aimed to: (1) derive an ultra-brief questionnaire
with high performance for detecting cognitive impairment (ie,
the presence of mild cognitive impairment or dementia
[MCI/dementia]) across diverse levels of literacy, using a
contemporary, computationally intensive approach to identify
the questions most discriminative of MCI/dementia; and (2)
compare the performance of the new ultra-brief questionnaire
to the well-established AD8 across participants with lower and
higher educational attainment. We selected the AD8 as the
benchmark because it is a widely used and extensively validated
informant-based questionnaire, as demonstrated in recent
systematic reviews [37,38]. Its use has been recommended by
various international bodies, including the International
Association of Gerontology and Geriatrics [26], the
Gerontological Society of America [39], the US Alzheimer’s
Association [40,41], and the National Institute on Aging
workgroup [42].

Of note, this study was conducted in Singapore, a city-state in
Southeast Asia that provides a unique testbed of literacy
diversity for developing the ultra-brief questionnaire. The
current generation of older Singaporeans witnessed the country’s
transformation from a traditional, lower-income, Asian society
to a more westernized, higher-income country [43].
Consequently, this cohort encompasses a wide range of
educational backgrounds, from minimal formal education to
tertiary education. By validating the ultra-brief questionnaire
in such a heterogeneous population, we sought to demonstrate
its potential for broader implementation in other literacy-diverse
settings beyond Singapore, including populations across East
and South Asia, and potentially, in some lower- and
middle-income countries (LMICs).

Methods

Study Procedures
This study involved community-dwelling older persons recruited
between March 2022 and September 2024, as part of a nationally
funded project in Singapore aimed at developing artificial
intelligence tools to detect early cognitive impairment in the
community (Project PENSIEVE) [44]. Community-dwelling
individuals were invited to participate if they met the following
criteria: (1) higher risk of cognitive impairment (ie, aged ≥65
y [26]) and had at least one of the 3 chronic diseases (ie, diabetes
mellitus, hypertension, or hyperlipidemia); this criterion was
included a priori to focus on individuals with at least some risk
of cognitive impairment, in line with current literature
suggesting the limited benefit of screening among low-risk
individuals) [26,45]; (2) ability to follow simple instructions in
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English or Mandarin (due to limitations in the available
assessment language); and (3) presence of an informant (eg,
family member or friend) who knew the participants well.
Individuals were excluded if they had severe visual impairment
that would affect their ability to complete neuropsychological
assessments (to ensure generalizability, participants were
included as long as they could see pictures on a piece of paper
held in front of them). No participants were excluded for reasons
related to missing data, as we implemented strict data collection
procedures (eg, mandatory data field) and routine data audits
throughout the study.

Sources of recruitment included 14 community roadshows
conducted by the study team, clients of our community partners,
home visits by community volunteers who partnered with us,
media publicity (radio, online articles, and posters), and
word-of-mouth referrals from participants who had completed
research assessments. To ensure the recruited samples were
representative of the community, the study’s publicity materials
emphasized the key message of “detect dementia early” (along
with direct referrals to memory clinics in the event of significant
findings), rather than the conventional invitation to participate
in research (which may inadvertently attract a distinct group of
individuals). Examples of these publicity materials (eg, study
banner, poster, and brochure) are provided in Method S1 in
Multimedia Appendix 1.

All participants received comprehensive assessments, which
included semistructured interviews with both participants and
their informants, detailed neuropsychological testing, and
observational notes of participants’behavior during assessments.
Full descriptions of the comprehensive assessments are available
in Method S2 in Multimedia Appendix 1, with further details
on each assessment tool provided in Method S3 in Multimedia
Appendix 1. Diagnoses of MCI and dementia were determined
via consensus conference by 3 dementia specialists. Dementia
was diagnosed using the Diagnostic and Statistical Manual of
Mental Disorders, Fifth Edition, criteria [46], which require the
presence of cognitive concerns (reported by the individual or a
knowledgeable informant), impairment in instrumental activities
of daily living (eg, managing money or medications), and
objective cognitive deficits. MCI was diagnosed using the
modified Petersen criteria [47], which require the presence of
cognitive concerns (reported by the individual or a
knowledgeable informant), absence of impairment in
instrumental activities of daily living, and the presence of

objective cognitive deficits. Normal cognition was diagnosed
when participants did not meet criteria for dementia or MCI.

Measures
AD8 [30] is an 8-item, informant-based questionnaire that
assesses changes in a participant’s cognition and function over
the past few years. For each item, the informant rates whether
there has been a change in the participant: 1=yes (a change) and
0=no (no change) or don’t know. Responses to the 8 items are
summed to provide a total score, with higher scores reflecting
greater cognitive problems. AD8 has been shown to be useful
in detecting varying severities of cognitive impairment [37,38].
Informant AD8 has also been previously validated in Singapore
[48].

To derive an ultra-brief questionnaire, the study team focused
on candidate questions that assess the two key criteria for
diagnosing MCI/dementia [46,47]: (1) the presence of cognitive
concerns as reported by the individual or a knowledgeable
informant; and (2) impairment in instrumental activities of daily
living (iADL). The presence of cognitive concerns was evaluated
using validated questions related to subjective cognitive decline
(SCD), by asking participants or informants: “Do you feel like
your (or your family member’s) memory is becoming worse?”
and “Are you worried that your (or your family member’s)
memory is becoming worse?” These 2 sets of questions have
been validated in previous studies [49,50] and have been shown
to be useful for capturing early symptoms of cognitive decline
[51-55].

Impairment in iADL was assessed using the locally validated
modified Lawton scale [56], with informants asked about
difficulties in various domains (public commuting, grocery
shopping, managing money, using the telephone, taking
medications, preparing meals, doing housework, and doing
laundry). The original responses on the modified Lawton scale
included 4 options (ie, unable to do at all, needs some help,
needs no help, and never needed to do this), which were
collapsed in this study into two options: (1) yes and (2) no/never
needed to do this.

In total, 15 candidate questions were considered for the
ultra-brief questionnaire: 12 cognition-related items and 3 basic
demographic variables (eg, age, sex, and years of education),
given their potential correlation with cognition. The exact
wording and response options for all 15 items are provided in
Table 1.
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Table . A preselected list of 15 question items that are potentially related to cognition.

Response optionsQuestion item aQuestion category a

1=yes; 0=no/not sureDo you feel like your family member’s memory
is becoming worse?

SCDb question—informant

1=yes; 0=no/not sureAre you worried that your family member’s
memory is becoming worse?

Worry about cognition—informant

1=yes; 0=no/not sureDo you feel like your memory is becoming
worse?

SCD question—participant

1=yes; 0=no/not sureAre you worried that your memory is becoming
worse?

Worry about cognition—participant

1=yes; 0=no/never needed to do thisDoes your family member need help to take
public transport or drive a car?

iADLc—commute

1=yes; 0=no/never needed to do thisDoes your family member need help to do gro-
cery shopping?

iADL—grocery

1=yes; 0=no/never needed to do thisDoes your family member need help to manage
money?

iADL—money

1=yes; 0=no/never needed to do thisDoes your family member need help to use the
telephone?

iADL—telephone

1=yes; 0=no/never needed to do thisDoes your family member need help to take
medications?

iADL—medications

1=yes; 0=no/never needed to do thisDoes your family member need help to prepare
meals?

iADL—meals

1=yes; 0=no/never needed to do thisDoes your family member need help to do
housework?

iADL—housework

1=yes; 0=no/never needed to do thisDoes your family member need help to do laun-
dry?

iADL—laundry

Continuous variableWhat is your family member’s age?Age

1=male; 0=femaleWhat is your family member’s sex?Sex

Continuous variable. Count the years of full-time
education, starting from elementary/primary
school.

What is your family member’s years of educa-
tion?

Years of education

aItems in the list were selected to assess the 2 key criteria in the diagnosis of mild cognitive impairment and dementia: (1) the presence of cognitive
concerns as reported by the individual or a knowledgeable informant and (2) impairment in iADL [46,47]. The presence of cognitive concerns was
evaluated using validated questions related to SCD, given prior literature on the usefulness of SCD to reflect early symptoms of cognitive decline
[51-55]. Impairment in iADL was assessed using the locally validated modified Lawton scale [56], with informants asked about difficulties in various
domains of iADL. Three basic demographic variables (ie, age, sex, and years of education) were also included, given their potential correlation with
cognition.
bSCD: subjective cognitive decline.
ciADL: instrumental activities of daily living.

Statistical Analyses
The study sample was randomly split into a 70% training sample
and a 30% test sample. The training sample was used to develop
an ultra-brief questionnaire that best distinguished
MCI/dementia from normal cognition, whereas the test sample
was used to evaluate the actual performance of this
questionnaire.

In the training sample, a best-subset approach [57] with 5-fold
cross-validation was used to select the optimal combination of
items from the 15 candidate questions. The best-subset approach
is an efficient, computationally intensive method for variable
selection [4,20,58,59] in which logistic regression is used to
exhaustively evaluate all possible combinations of the candidate
questions, identifying models with the lowest prediction errors.

Five-fold cross-validation was then used to select the most
parsimonious model within 1 SE of the best-performing model.
After identifying the optimal model from the best-subset
approach, we further refined the model by considering potential
inclusions of quadratic terms for continuous variables (eg, age
and years of education); quadratic terms with P<.05 were
incorporated into the final model to improve fit. The final
selected model was then applied to the test sample to generate
predicted probabilities of cognitive impairment (ie,
MCI/dementia), with the model variables constituting the new
ultra-brief questionnaire.

Predicted probabilities were computed from logistic regression
using the following equation:

Predicted probability=eLogit1+eLogit
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where

logit=β0 + β1⋅(Variable 1) + β2⋅(Variable 2) + β3⋅(Variable 3) + …

with each β representing the regression coefficient for its
respective variable in the model.

In the test sample, the predicted probabilities were used to
compute the area under the receiver operating characteristic
curve (AUC), thereby assessing the actual performance of the
ultra-brief questionnaire in discriminating MCI/dementia from
normal cognition. In general, an AUC of 0.7 to 0.8 is considered
acceptable discrimination, 0.8 to 0.9 is considered excellent,
and more than 0.9 is considered outstanding [60]. Comparisons
of AUC were conducted using the nonparametric method
proposed by DeLong et al [33,59,61,62], with analyses stratified
by education subgroups (ie, ≤10 and >10 y of education based
on median split). A 2-cutoff approach [63-67] was adopted for
the ultra-brief questionnaire. The first cutoff was chosen to yield
high sensitivity and negative predictive value (>80% each) and
was used to rule out MCI/dementia (ie, when probability scores
fell below the first threshold). The second cutoff was selected
for high specificity and positive predictive value (>80% each),
identifying those very likely to have MCI/dementia. This
2-cutoff approach is recommended in recent literature [67], as
it enhances the performance of cognitive assessment tools
[63-66], reduces the effects of prevalence on tool performance
[64], and allows prioritization of scarce health care resources
for individuals who truly require further cognitive assessments
[63].

As a secondary analysis, the performance of the ultra-brief
questionnaire was also evaluated for distinguishing dementia
from nondementia. Additionally, 2 sensitivity analyses were
conducted in the test sample to evaluate the robustness of results
when the prevalence of MCI/dementia was readjusted to reflect
the average prevalence in most communities:

• Prevalence of MCI/dementia was artificially readjusted to
20% based on prior meta-analytic findings that community
prevalence is ~15% for MCI [68-70] and ~5% for dementia
[71-73]. Readjustment of prevalence was done by randomly
selecting a subset of participants with MCI and normal
cognition—for each participant with dementia, 3
participants with MCI and 16 participants with normal
cognition were randomly selected (ie, so that the final
dataset corresponded to 5% prevalence for dementia and
15% prevalence for MCI).

• Prevalence of MCI/dementia was artificially readjusted to
35% based on prior meta-analytic findings that community
prevalence could be as high as ~25% for MCI [69,70] and
~10% for dementia [72,73]. Readjustment of prevalence
was done by randomly selecting only a subset of participants

with MCI and normal cognition—for each participant with
dementia, 2.5 participants with MCI and 6.5 participants
with normal cognition were randomly selected (ie, so that
the final dataset corresponded to 10% prevalence for
dementia and 25% prevalence for MCI).

The best-subset approach was performed with the “bestglm”
[57] package in R (version 4.4.0; R Foundation for Statistical
Computing). All remaining analyses were conducted in Stata
(version 18; StataCorp LLC). No a priori sample size calculation
was performed; the final sample size was determined
pragmatically based on participants recruited between March
2022 and September 2024. Post hoc power analyses confirmed
that the test sample provided robust power (90%) to distinguish
MCI/dementia from normal cognition (α=.05, two-sided test).
Power was also reasonably sufficient for participants with ≤10
years of education (72%) but was limited in those with >10
years of education (19%) due to fewer positive cases. The power
calculations were conducted using PASS software (version
15.0.5; NCSS, LLC) and the Hanley and McNeil formula [74],
with further details provided in MethodS4 in Multimedia
Appendix 1.

Ethical Considerations
The study received ethical approval from the SingHealth
Centralized IRB of Singapore (reference number: 2021/2590).
Informed consent was obtained from all participants. Before
obtaining informed consent, the mental capacity of participants
was briefly assessed in accordance with the Mental Capacity
Act of Singapore [75]. In the event of concerns about mental
capacity, informed consent by proxy was then obtained from
the legally authorized next-of-kin. Participants who completed
the research assessments received Singapore Dollar $80 as
compensation for their time, inconvenience and transportation
costs.

Results

Overview
A total of 1856 participants were included, of whom 255
(13.7%) had MCI/dementia. Participant characteristics are
presented in Table 2, with a median age of 72 years and a
median education of 10 years (range 0-23 y). Corresponding
informant characteristics are provided in Table S1 in Multimedia
Appendix 1, with informants primarily comprising spouses
(897/1856, 48.3%) and children (506/1856, 27.3%). The sample
was randomly split into a training sample (1299/1856, 70%)
and a test sample (557/1856, 30%). Table S2 in Multimedia
Appendix 1 shows that the training and test samples had
comparable demographic characteristics (P>.05 across
covariates).
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Table . Characteristics of the study participants.

P value bDementia

(n=48)
MCIa

(n=207)

Normal cognition

(n=1601)

Overall sample

(n=1856)

Variable

<.00180 (76 to 82) [66 to
101]

74 (70 to 79) [65 to 91]71 (68 to 75) [65 to 93]72 (68 to 76) [65 to
101]

Age, median (IQR)
[range]

<.00110 (2 to 10) [0 to 17]10 (6 to 12) [0 to 21.5]10 (10 to 13) [0 to 23]10 (9 to 13) [0 to 23]Years of education,
median (IQR) [range]

<.00115 (31.2)101 (48.8)572 (35.7)688 (37.1)Sex (male), n (%)

.39Ethnicity, n (%)

43 (89.6)188 (90.8)1504 (93.9)1735 (93.5)Chinese

4 (8.3)15 (7.2)77 (4.8)96 (5.2)Malay/Indian

1 (2.1)4 (1.9)20 (1.2)25 (1.3)Eurasian/others

<.00114 (9 to 19)21 (17 to 24)27 (25 to 28)26 (24 to 28)MoCAc total score,
median (IQR)

<.001−1.6 (−2.1 to 1.2)−1.0 (−1.3 to 0.7)−0.1 (−0.4 to 0.2)−0.2 (−0.6 to 0.1)NTBd Global Z-scores,
median (IQR)

<.001Global CDRe, n (%)

0 (0.0)13 (6.3)1557 (97.3)1570 (84.6)0

17 (35.4)194 (93.7)44 (2.7)255 (13.7)0.5

22 (45.8)0 (0.0)0 (0.0)22 (1.2)1

8 (16.7)0 (0.0)0 (0.0)8 (0.4)2

1 (2.1)0 (0.0)0 (0.0)1 (0.1)3

aMCI: mild cognitive impairment.
bTest of difference across diagnoses: chi-square test for categorical variables and Kruskal-Wallis test for continuous variables.
cMoCA: Montreal Cognitive Assessment.
dNTB: neuropsychological battery.
eCDR: clinical dementia rating.

Development of the Ultra-Brief Questionnaire
Table 3 presents the top models identified through the exhaustive
search method in the training sample (n=1299).
iADL–medications and worry about cognition–informant were
among the most useful items in detecting MCI/dementia,
whereas iADL–meals and iADL–grocery were among the least
useful. Following 5-fold cross-validation, the model with 4
items was identified as the most parsimonious among the top
models (Figure S1 in Multimedia Appendix 1). This model
included 2 informant questions (iADL–medications and worry
about cognition–informant), plus 2 demographic variables (age
and years of education). These items were then selected to

constitute the new ultra-brief questionnaire, henceforth denoted
as IQ2+ (Informant Questionnaire for cognitive impairment–2
items plus demographics). Further model refinement considered
the inclusion of quadratic terms for age and years of education,
resulting in the addition of a quadratic term for years of
education (P=.004) in the final model. Thus, the final IQ2+
model comprised five predictors: iADL–medications, worry
about cognition–informant, age, years of education, and the
quadratic term for years of education. Responses from the IQ2+
questionnaire can be converted to predicted probabilities using
an interactive web-based calculator we have created [76]. A
screenshot of the calculator is shown in Figure 1.
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Table . The top models that best discriminate mild cognitive impairment and dementia from normal cognition (as identified by the best-subset approach)
in the training sample (n=1299).

Number of items in the top modelsQues-
tion
items,
rear-
ranged
by
their
useful-
ness in
detect-
ing

MCIa/de-
men-

tiab

151413121110987654c321

●●●●●●●●●●●●●●●iADLd—med-
ica-
tions

●●●●●●●●●●●●●●N/AeWorry
about
cogni-
tion—in-
for-
mant

●●●●●●●●●●●●●N/AN/AAge

●●●●●●●●●●●●N/AN/AN/AYears
of edu-
cation

●●●●●●●●●●●N/AN/AN/AN/ASex

●●●●●●●●●●N/AN/AN/AN/AN/AiADL—mon-
ey

●●●●●●●●●N/AN/AN/AN/AN/AN/ASCDf

ques-
tion—in-
for-
mant

●●●●●●●●N/AN/AN/AN/AN/AN/AN/AiADL—com-
mute

●●●●●●●N/AN/AN/AN/AN/AN/AN/AN/AiADL—tele-
phone

●●●●●●N/AN/AN/AN/AN/AN/AN/AN/AN/AWorry
about
cogni-
tion—par-
tici-
pant

●●●●●N/AN/AN/AN/AN/AN/AN/AN/AN/AN/AiADL—laun-
dry

●●●●N/AN/AN/AN/AN/AN/AN/AN/AN/AN/AN/ASCD
ques-
tion—par-
tici-
pant

●●●N/AN/AN/AN/AN/AN/AN/AN/AN/AN/AN/AN/AiADL—house-
work

●●N/AN/AN/AN/AN/AN/AN/AN/AN/AN/AN/AN/AN/AiADL—gro-
cery

●N/AN/AN/AN/AN/AN/AN/AN/AN/AN/AN/AN/AN/AN/AiADL—meals
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aMCI/dementia: mild cognitive impairment or dementia.
bA full description of each item is available in Table 1. Briefly, items in the list were selected to assess the 2 key criteria in the diagnosis of mild cognitive
impairment and dementia: (1) the presence of cognitive concerns as reported by the individual or a knowledgeable informant and (2) impairment in
iADL [46,47]. The presence of cognitive concerns was evaluated using validated questions related to SCD, given prior literature on the usefulness of
SCD to reflect early symptoms of cognitive decline [51-55]. Impairment in iADL was assessed using the locally validated modified Lawton scale [56],
with informants asked about difficulties in various domains of iADL. Three basic demographic variables (ie, age, sex, and years of education) were
also included, given their potential correlation with cognition.
cThe 4-item model was identified as the most parsimonious among the top models. Further details on model selection are available in Figure S1 in
Multimedia Appendix 1.
diADL: instrumental activities of daily living.
eN/A: not applicable.
fSCD: subjective cognitive decline

Figure 1. A sample screenshot of the interactive web-based calculator. The web-based calculator can be accessed at [76].

Performance of the Ultra-brief Questionnaire
Table 4 presents the AUC results for IQ2+ and AD8 in the test
sample (n=557). Predicted probabilities from the new IQ2+
demonstrated excellent performance in distinguishing
MCI/dementia from normal cognition (AUC 85.3%, 95% CI
80.4%‐90.2%), which was significantly better (P=.003) than
a nested baseline model (comprising age, years of education,
and the quadratic term of years of education; AUC 78.0%, 95%
CI 72.6%‐83.4%). In contrast, AD8 had an AUC of 76.1%

(95% CI 69.6%‐82.6%), which was not significantly different
(P>.99) from that of the baseline model. For the detection of
dementia, both IQ2+ and AD8 had AUCs >90%, which were
significantly higher (P<.05) than the baseline model (83.2%).
AUC results remained largely similar across education
subgroups and in the 2 sensitivity analyses where the prevalence
of MCI/dementia was increased to reflect average prevalence
in most communities (ie, 20% [68-73] and 35% [69,70,72,73],
respectively).
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Table . Performance of IQ2+ for detecting cognitive impairment in the test sample (n=557) and a comparison with the performance of AD8.

>10 y of educationa≤10 y of educationaAll education subgroupsAssessment tool

P valuecAUC, %

(95% CI)
P valuecAUC, %

(95% CI)
P valuecAUCb, %

(95% CI)

Detection of MCId/dementia

Ref74.8 (65.2‐84.5)Ref76.7 (69.9‐83.5)Reff78.0 (72.6‐83.4)    Baseline model
(age and educa-

tion)e

.09583.3 (72.5‐94.0).01584.5 (78.6‐90.4).00385.3 (80.4‐90.2)IQ2+g

1.00076.8 (62.7‐91.0)1.00075.5 (68.0‐83.0)1.00076.1 (69.6‐82.6)AD8h

Detection of dementia

Ref94.1 (90.2‐97.9)Ref77.8 (64.5‐91.2)Ref83.2 (72.8‐93.6)Baseline model
(age and educa-

tion)e

.00399.8 (99.2‐100).03495.1 (89.6‐100).03596.7 (92.8‐100)IQ2+

.05999.1 (97.8‐100).00399.6 (99.1‐100).00599.4 (98.8‐99.9)AD8

Sensitivity analysis 1 (prevalence of MCI/dementia=20%)i

Detection of MCI/dementia

Ref70.1 (58.4‐81.7)Ref73.8 (65.7‐81.9)Ref74.8 (68.3‐81.3)Baseline model
(age and educa-

tion)e

.02383.6 (72.1‐95.0).00584.3 (77.4‐91.2)<.00185.2 (79.6‐90.8)IQ2+

.52579.1 (64.7‐93.5)1.00075.9 (67.6‐84.2)1.00077.1 (70.1‐84.2)AD8

Detection of dementia

Ref92.5 (87.7‐97.4)Ref76.4 (62.9‐90.0)Ref81.5 (70.7‐92.3)Baseline model
(age and educa-

tion)e

.005100 (100‐100).02694.8 (88.5‐100).02396.5 (92.1‐100)IQ2+

.06998.6 (96.5‐100).00299.5 (98.9‐100).00399.1 (98.3‐100)AD8

Sensitivity analysis 2 (prevalence of MCI/dementia=35%) j

Detection of MCI/dementia

Ref73.2 (58.0‐88.3)Ref75.6 (65.8‐85.5)Ref77.0 (69.3‐84.8)Baseline model
(age and educa-

tion)e

.28082.4 (67.6‐97.1).13583.8 (75.7‐91.9).03185.1 (78.5‐91.6)IQ2+

1.00073.6 (56.3‐91.0)1.00073.5 (63.5‐83.4)1.00073.4 (65.0‐81.9)AD8

Detection of dementia

Ref95.8 (90.6‐100)Ref73.6 (58.7‐88.5)Ref80.1 (68.5‐91.7)Baseline model
(age and educa-

tion)e

.30799.2 (96.8‐100).04691.8 (84.4‐99.2).04494.4 (89.3‐99.5)IQ2+

.89398.3 (95.2‐100).00299.2 (98.1‐100).00498.8 (97.5‐100)AD8

aEducation subgroups were stratified based on median split. This subgroup analysis has reduced statistical power (see Method S4 in Multimedia Appendix
1 for details) and is exploratory in nature.
bAUC: area under the receiver operating characteristic curve.
cP values were based on comparisons of AUC using the nonparametric method proposed by DeLong et al [61]. P<.05 indicates significant difference
in AUC between the baseline model and the respective assessment tools. P values were Bonferroni-adjusted to minimize the risk of type 1 error in the
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context of multiple testing.
dMCI/dementia: mild cognitive impairment or dementia.
eThis baseline model was provided mainly for comparison purposes, by omitting IQ2+’s 2 core questions (ie, assistance with medications and worry
about cognition) to examine the incremental utility of the 2 core questions beyond those provided by the demographic information of age and education.
The baseline model was generated in the training sample using a logistic model with the dependent variable of MCI/dementia and with the independent
variables of age, years of education, and the quadratic term of years of education. This baseline model was then applied to the test sample to generate
predicted probabilities of MCI/dementia, with the predicted probabilities used for AUC comparisons.
fRef: reference.
gIQ2+: the Informant Questionnaire for cognitive impairment–2 items (plus demographics).
hAD8: the 8-item Informant Interview to Differentiate Aging and Dementia.
iPrevalence of MCI/dementia was readjusted to 20% in the test sample based on prior meta-analytic findings that community prevalence was ~15% for
MCI and ~5% for dementia. In the test sample, a subset of participants with MCI and dementia was randomly selected to readjust the prevalence in the
dataset (see Methods section for further details). The resulting dataset comprised 256 participants with normal cognition (80%), 48 participants with
MCI (15%), and 16 participants with dementia (5%).
jPrevalence of MCI/dementia was readjusted to 35% in the test sample based on prior meta-analytic findings that community prevalence could be as
high as ~25% for MCI and ~10% for dementia. In the test sample, a subset of participants with MCI and dementia was randomly selected to readjust
the prevalence in the dataset (see Methods section for further details). The resulting dataset comprised 104 participants with normal cognition (65%),
40 participants with MCI (25%), and 16 participants with dementia (10%).

Optimal Cutoffs of the Ultra-Brief Questionnaire
Test statistics for IQ2+ are plotted in Figure 2A. Adopting a
2-cutoff approach, the lower cutoff (probability ≥12%) had
80.3% sensitivity and 96.0% negative predictive value and was
used to rule out MCI/dementia (for individuals with probability
scores below the cutoff), whereas the upper cutoff (probability
≥52%) had 99.0% specificity and 80.8% positive predictive

value and identified those likely to have MCI/dementia (ie, to
rule in MCI/dementia). These 2 cutoffs provide an intermediate
range between them (grayed area in Figure 2A), identifying
those who warrant further assessment. The optimal cutoffs
varied slightly with changing prevalence of MCI/dementia, as
shown in Figure 2B and 2C. Detailed results on test statistics
for IQ2+ are also available in Tables S3–S5 in Multimedia
Appendix 1.
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Figure 2. Plot of sensitivity, specificity, NPV, and PPV based on probabilities of cognitive impairment generated from IQ2+ in the test sample (n=557).
This plot is intended to demonstrate the 2-cutoff approach. The lower cutoff identifies sensitivity and NPV (red lines), which are >80% each and are
used to rule out MCI/dementia (when probability scores fall below this threshold). The upper cutoff identifies specificity and PPV (blue lines), which
are >80% each, and are used to rule in MCI/dementia (when probability scores exceed this threshold). The grayed area (demarcated by the lower and
upper cutoffs) represents the intermediate range, identifying those who may warrant further assessment. Plot (A) was based on the main results from
all the test samples (n=577). Plot (B) was based on results from sensitivity analysis 1, whereby the prevalence of MCI/dementia was readjusted to 20%
in the test sample based on prior meta-analytic findings that community prevalence was ~15% for MCI and ~5% for dementia (in the test sample, a
subset of participants with MCI and dementia were randomly selected in the test sample to readjust the prevalence in the dataset; see Methods section
for further details). Plot (C) was based on results from sensitivity analysis 2, whereby the prevalence of MCI/dementia was readjusted to 35% in the
test sample based on prior meta-analytic findings that community prevalence could be as high as ~25% for MCI and ~10% for dementia (in the test
sample, a subset of participants with MCI and dementia were randomly selected in the test sample to readjust the prevalence in the dataset; see Methods
section for further details). IQ2+: the Informant Questionnaire for Cognitive Impairment–2 Items (plus demographics); MCI/dementia: mild cognitive
impairment or dementia; NPV: negative predictive value; PPV: positive predictive value.

Result Interpretation for the Ultra-Brief Questionnaire
The 2 cutoffs of IQ2+ effectively identified three risk categories
for cognitive impairment: (1) less likely to have cognitive
impairment, (2) higher risk of cognitive impairment, and (3)
likely to have cognitive impairment. These 3 categories, along
with their cross-tabulation with the final diagnoses, are presented
in Table 5. In the first category (ie, less likely to have cognitive
impairment), 88% to 96% of individuals had normal cognition.
In the second category (ie, higher risk of cognitive impairment),
25% to 45% of individuals were diagnosed with MCI. In the
third category (ie, likely to have cognitive impairment), 81%
to 84% of the individuals had MCI/dementia, with a large
proportion having dementia (47%-54%). Distinctions between

these 3 risk categories of IQ2+ are also visible in the box plots
in Figure 3A–3C. The first category (white region with
probability scores below the lower cutoff) identified those with
normal cognition, the third category (dark gray region with
probability scores above the upper cutoff) identified almost all
individuals with dementia, and the second category (light gray
region between the lower and upper cutoffs) mostly captured
those with MCI. In contrast, AD8 showed poorer discrimination
between normal cognition and MCI, with discernible floor
effects in the normal cognition and MCI groups as seen in the
box plots in Figure 3D–3F. This is also reflected in the test
statistics of AD8 (as presented in Tables S6–S8 in Multimedia
Appendix 1), which demonstrated low sensitivity across its
cutoff scores (with maximum sensitivity of 69.6%‐73.4%).
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Table . Cross-tabulation between the output from IQ2+ and the final diagnosis in the test sample (n=557).

Final diagnosisResult from IQ2+ab

DementiaMCIcNormal cognition

1 (0.3)14 (3.7)360 (96.0)Less likely to have CI, n (%)d

1 (0.6)39 (25.0)116 (74.4)Higher risk of CI, n (%)d

14 (53.8)7 (26.9)5 (19.2)Likely to have CI, n (%) d

Sensitivity analysis 1 (prevalence of MCI/dementia=20%)e

1 (0.5)11 (5.5)188 (94.0)Less likely to have CI, n (%)f

1 (1.1)30 (31.9)63 (67.0)Higher risk of CI, n (%)f

14 (53.8)7 (26.9)5 (19.2)Likely to have CI, n (%)f

Sensitivity analysis 2 (Prevalence of MCI/dementia=35%)g

0 (0.0)10 (12.0)76 (88.0)Less likely to have CI, n (%)h

1 (2.0)18 (43.0)23 (55.0)Higher risk of CI, n (%)h

15 (47.0)12 (38.0)5 (16.0)Likely to have CI, n (%)h

aIQ2+, the Informant Questionnaire for cognitive impairment–2 items (plus demographics).
bTwo-cutoff approach was adopted for IQ2+. The lower cutoff has high sensitivity and negative predictive value (>85% respectively) and is used to
rule out MCI/dementia (for individuals with probability scores below the cutoff). The upper cutoff has high specificity and positive predictive value
(>85% respectively) and identifies those who are likely to have MCI/dementia. These 2 cutoffs provide an intermediate range between them, identifying
those who may be at higher risk and require further monitoring or assessment.
cMCI: mild cognitive impairment.
dProbability cutoff for the main results (ie, prevalence of MCI/dementia=14%):<12% (less likely to have CI), 12% to 51% (higher risk of CI), and ≥52%
(likely to have CI).
ePrevalence of MCI/dementia was readjusted to 20% in the test sample based on prior meta-analytic findings that community prevalence was ~15% for
MCI and ~5 % for dementia. In the test sample, a subset of participants with MCI and dementia was randomly selected to readjust the prevalence in
the dataset (see Methods section for further details).
fProbability cutoff for the first sensitivity analysis (ie, prevalence of MCI/dementia=20%):<12% (less likely to have CI), 12% to 42% (higher risk of
CI), and ≥43% (likely to have CI).
gPrevalence of MCI/dementia was readjusted to 35% in the test sample based on prior meta-analytic findings that community prevalence could be as
high as ~25% for MCI and ~10% for dementia. In the test sample, a subset of participants with MCI and dementia was randomly selected to readjust
the prevalence in the dataset (see Methods section for further details).
hProbability cutoff for the second sensitivity analysis (ie, prevalence of MCI/dementia=35%):<11% (less likely to have CI), 11% to 28% (higher risk
of CI), and ≥29% (likely to have CI).
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Figure 3. Box plots showing the distribution of IQ2+ and AD8 in the test sample (n=577). Plots (A) and (B) were based on the main results from all
the test samples (n=577). Plots (C) and (D) were based on results from sensitivity analysis 1, whereby the prevalence of MCI/dementia was readjusted
to 20% in the test sample based on prior meta-analytic findings that community prevalence was ~15% for MCI and ~5% for dementia (in the test sample,
a subset of participants with MCI and dementia were randomly selected in the test sample to readjust the prevalence in the dataset; see Methods section
for further details). Plots (E) and (F) were based on results from sensitivity analysis 2, whereby the prevalence of MCI/dementia was readjusted to 35%
in the test sample based on prior meta-analytic findings that community prevalence could be as high as ~25% for MCI and ~10% for dementia (in the
test sample, a subset of participants with MCI and dementia were randomly selected in the test sample to readjust the prevalence in the dataset; see
Methods section for further details). In plots (B), (D), and (F), the 2 horizontal dashed lines represent the 2 optimal cutoffs for IQ2+. The lower cutoff
has high sensitivity and negative predictive value (>80% each) and is used to rule out MCI/dementia when probability scores fall below this threshold
(as shown by the white region). The upper cutoff has high specificity and positive predictive value (>80% each) and identifies individuals likely to have
MCI/dementia (when probability scores exceed this threshold, as shown by the dark gray region). The light gray region (demarcated by the lower and
upper cutoffs) represents the intermediate range, identifying those who may warrant further assessment. AD8: the 8-item Informant Interview to
Differentiate Aging and Dementia; IQ2+: the Informant Questionnaire for Cognitive Impairment–2 Items (plus demographics); CI: cognitive impairment;
MCI/dementia: mild cognitive impairment or dementia.
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Discussion

Principal Findings
In this study, we developed and validated an ultra-brief
informant questionnaire (IQ2+) for the detection of cognitive
impairment in literacy-diverse communities. Using a rigorous
best-subset approach with cross-validation, we identified a
parsimonious 4-item model that was most useful in detecting
MCI/dementia, comprising 2 informant-based questions
(assistance with medications and worry about cognition), along
with age and years of education. In the independent test sample,
IQ2+ achieved an AUC of 85.3%, outperforming the widely
used AD8 (AUC=76.1%) and a baseline demographic model
(AUC=78.0%). In contrast, AD8 was not significantly better
than the baseline demographic model. The robust performance
of IQ2+ was consistent across education subgroups and under
varying prevalence scenarios, highlighting its potential utility
for case finding in diverse community settings. Adopting 2
optimal cutoffs [63-67], IQ2+ demonstrated high sensitivity,
specificity, negative predictive value, and positive predictive
value.

Interpretation of Findings
Despite being widely recommended [26,39-42], the AD8
performed poorly in detecting MCI/dementia and was not
substantially better than a basic demographic model comprising
age and education. This finding aligns with recent literature,
which demonstrates AD8’s lower performance for detecting
early cognitive impairment (AUC 61%‐69%) compared to its
performance in clear-cut dementia cases (AUC 89%‐93%)
[48,77]. AD8 was originally developed for the purpose of
detecting dementia [30], and its items tend to focus on
identifying conspicuous changes in iADL (ie, hallmarks of the
onset of dementia) [46]. As a result, AD8 may possibly not be
as sensitive or consistent in detecting subtle changes associated
with early cognitive impairment [30,78]. In contrast, the 2
informant questions in IQ2+ may plausibly be more sensitive
to early cognitive changes. Worry about cognition—especially
when reported by a knowledgeable informant—has been shown
to be an early symptom of cognitive decline [51]. This item

requires informants to compare current abilities with previous
premorbid abilities, making it more likely to detect subtle
cognitive decline over time. It also prompts informants to apply
a “threshold” to decide whether they are worried about the
cognitive decline, which serves as a filter to identify individuals
with meaningful changes. Similarly, the ability to manage one’s
medications is a complex task that possibly involves multiple
cognitive domains [16], such as language (for understanding
medication instructions), executive function (for scheduling
medication intake and problem-solving when medications are
not taken on schedule), and memory (for tracking medication
intake). A subtle decline in any of these domains may potentially
manifest as increasing difficulty in managing medications
independently, serving as an early symptom of cognitive decline
[79].

Implications
At the population level, IQ2+ can serve as a quick and efficient
risk stratification tool, facilitating appropriate triage for further
assessment. As summarized in Table 6, low-risk individuals
(<12% probability of MCI/dementia) may be reassured and
advised to repeat the test in 3 to 5 years or if circumstances
change (eg, appearance of new symptoms). Intermediate-risk
individuals (~25%‐45% probability of MCI/dementia) can be
directed to further assessments using brief cognitive tests
[4,32-34] to provide more conclusive evidence of cognitive
impairment [27]. High-risk individuals (>80% probability of
MCI/dementia) may benefit from direct referral to memory
clinics for further clinical management. This approach, as
summarized in Table 6, aligns with the 2-stage strategy for
active case finding of cognitive impairment (ie, subjective
reports, followed by brief cognitive tests) [27,28]. It offers a
scalable approach to case finding in large populations by
conserving resources for cognitive testing and reserving them
for individuals who truly need further verification [27]. To
ensure that IQ2+ remains useful in diverse populations, its
optimal cutoffs can also be adjusted depending on the prevalence
of MCI/dementia in different populations (as shown in Figure
1), thus providing a more tailored solution for identifying
individuals at varying risk levels.

Table . Potential clinical implications based on the result from IQ2+.

Potential implicationsRisk communicationResult from IQ2+a

<12% chance to have CILess likely to have CIb • Repeat IQ2+ in 3 to 5 years or when circum-
stances change (eg, appearance of new
symptoms)

~25% to 45% chance to have CIHigher risk of CI • Arrange with health care professionals to
do brief cognitive tests

>80% chance to have CILikely to have CI • Referral to memory clinic for further assess-
ment and management

aIQ2+: the Informant Questionnaire for cognitive impairment–2 items (plus demographics).
bCI: cognitive impairment.

Essentially, IQ2+ may have 2 plausible use cases in the
community. First, it allows family members who have concerns
about a loved one’s cognition to complete the questionnaire

online (accessible at [76]), providing an immediate result with
risk score and a brief interpretation of its implications. The
results can also be downloaded as a PDF file for further
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discussion with health care providers. This approach mirrors a
well-established practice in the field of diabetes mellitus, where
the public is encouraged to complete an online risk test [80] as
an initial screening to determine the need for further diagnostic
tests [81]. By enabling self-appraisal, this use case of IQ2+
leverages family members for efficient case finding and
empowers them to proactively support the brain health of older
persons.

Second, IQ2+ can also be used by health care workers who
routinely conduct comprehensive geriatric assessments in the
community. Since 2019, the WHO has advocated for routine
assessment of intrinsic capacity among community-dwelling
older persons, which requires comprehensive evaluations of
cognition, mobility, nutrition, hearing, vision, and mood [29].
Given the extensive range of components to cover, it can be
challenging to include routine cognitive testing in all geriatric
assessments. IQ2+, which can be completed in <1 minute, is
well-suited to be embedded within initial geriatric assessments
to prioritize individuals who require further cognitive testing.
Given its excellent performance across education subgroups
(Table 4), IQ2+ offers a practical tool that may potentially be
broadly implemented in diverse populations, including in
underserved populations in LMICs, which currently have the
largest number of undiagnosed cognitive impairment [82]. This
is also in line with the 2024 Lancet Commission’s call to address
the unmet need for cognitive screening tools that are also suited
for individuals with lower literacy in LMICs [35].

Limitations
Several limitations are notable. First, IQ2+ was developed for
older individuals aged ≥65 years. It is unclear whether IQ2+
would be useful for individuals aged <65 years. Second, IQ2+
would benefit from further validations in other cultures and
languages, as cultural differences may affect how informants

respond to its items and could potentially modify its performance
in different settings. Third, IQ2+ requires the use of a web-based
calculator to determine the probability of cognitive impairment.
This approach leverages technology to automate test scoring,
result visualization, and interpretation. However, it may limit
accessibility compared to pen-and-paper tests that use raw scores
as a cutoff (eg, AD8), particularly in settings with limited access
to technology. Fourth, one of the core questions of IQ2+
involves difficulty managing medications. This item was
identified as the most useful item in our exhaustive search (Table
3) and has some face validity (as it detects subtle changes in a
complex task of managing medications [16,79], and the need
to take regular medications may also be a proxy for higher risk
due to the presence of chronic diseases). However, this question
may be less useful among healthier older individuals who do
not need to take medications regularly. Fifth, although IQ2+
can be a useful case finding tool, it is not intended to replace
comprehensive clinical and neuropsychological assessments,
which provide more definitive diagnoses as well as granular
information on specific cognitive deficits [20,83,84].

Conclusions
Using rigorous methodology, this study developed an ultra-brief
questionnaire that enables untrained laypersons to screen for
cognitive impairment in <1 minute. Despite its brevity, the
questionnaire demonstrated excellent performance in detecting
MCI/dementia, outperforming the well-established AD8. The
questionnaire can be completed by members of the public who
have concerns about a family member’s cognition (accessible
at [76]) or embedded within community geriatric assessments
to prioritize cognitive testing. Its excellent performance was
consistent across education subgroups and varying prevalence
scenarios, supporting its utility for case finding in diverse
populations, including underserved communities and LMICs.
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Abstract

Background: Amid the convergence of global population aging and accelerating digital transformation, older adults’ digital
adaptability has emerged as a critical indicator of their quality of life, autonomy, and capacity for successful aging. However,
digital disparities, technology-related anxiety, and insufficient support systems continue to hinder older individuals from fully
participating in digital society. Particularly in modern family structures—where children often live apart from aging parents—the
diminishing role of family support further underscores the importance of broader social influences.

Objective: This study aims to examine how environmental factors (family support and social influence) and psychological
factors (digital anxiety and sense of achievement) are associated with older adults’ intention to use Assistive Digital Tools and
Services (ADTS), and how these relationships contribute to the development of digital literacy. Drawing upon an integrative
framework that combines constructs from the Technology Acceptance Model, the Unified Theory of Acceptance and Use of
Technology, and social cognitive theory, the study also investigates the mediating and moderating mechanisms underlying these
effects, offering strategic insights to support older adults in moving from social isolation to digital empowerment.

Methods: A structured questionnaire survey was conducted using a convenience sampling method among adults aged 55 years
and older in Shenyang, Liaoning Province, China, yielding 480 valid responses. Structural equation modeling, bootstrapping,
and moderation analysis were used to test the proposed integrative framework.

Results: For both family support and social influence, their associations with digital literacy were fully mediated by ADTS.
Higher family support was associated with lower digital anxiety, which in turn correlated with greater intention, while stronger
social influence was directly associated with higher intention. Digital anxiety showed a strong negative association with intention;
however, this relationship was significantly weaker among those reporting a higher sense of achievement. These findings highlight
usage intention as a central pathway through which environmental and psychological conditions are related to digital competence.

Conclusions: Digital literacy in later life is more than a technical skill set—it represents a vital form of psychological and social
capital that empowers autonomy, well-being, and social integration. Strengthening older adults’ intention to engage with digital
tools through emotional reinforcement, achievement-oriented experiences, and supportive social environments is key to narrowing
the digital divide. Beyond its personal benefits, fostering digital competence contributes to successful aging, which in turn brings
profound advantages for families, strengthens community cohesion, and supports national goals in public health, economic
participation, and social sustainability. Intergenerational learning initiatives, community-based engagement programs, and
leveraging social influence to offset weakened family support can create a more inclusive, resilient, and age-friendly digital
ecosystem—one that benefits not only older individuals but society at large.

(JMIR Aging 2026;9:e75245)   doi:10.2196/75245

KEYWORDS

digital literacy; successful aging; family support; social influence; technology acceptance; older adults; psychological moderation;
digital anxiety
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Introduction

Global Aging and the Challenge of Digital Inclusion
The intersection of rapid global population aging and accelerated
digital transformation has rendered digital inclusion among
older adults a pressing concern for researchers and policymakers
alike. According to the United Nations [1], by 2050, the global
population aged 65 years and older is projected to surpass 1.6
billion, accounting for nearly 16% of the total population. This
demographic shift not only places strain on health care systems
and labor markets but also redefines the societal roles and needs
of aging populations in an increasingly digital world.

Within this context, digital literacy—encompassing not only
operational skills but also digital confidence and information
navigation—has been widely recognized as a key enabler for
bridging this divide and promoting the effective use of Assistive
Digital Tools and Services (ADTS) [2].

Prior studies have linked digital literacy to improved
psychological well-being, life satisfaction, and learning
motivation among older adults [3]. Yet, how digital literacy
develops under the influence of environmental and psychological
factors—especially in the context of aging—remains
underexplored.

Digital exclusion exacerbates social isolation and loneliness
among older adults, increasing the risk of depression and
cognitive decline—while digital literacy offers a potential buffer
against these outcomes [4]. In digitally mediated societies, older
adults may experience compounded vulnerability—excluded
not only socially but technologically.

Crucially, digital literacy holds promise as a remedy to both
social and digital isolation. Older adults with strong digital
competencies are more likely to engage in video communication,
access health services remotely, and maintain active social
networks [5,6]. In this sense, digital literacy is not merely a
technical skill—it is a bridge to successful aging.

COVID-19: A Double-Edged Catalyst for Digital
Transformation
The COVID-19 pandemic served as a global stress test for
digital readiness, rapidly shifting key aspects of daily
life—health care, communication, commerce—into digital
spaces. While digital services such as telemedicine and online
grocery delivery became lifelines for many, they also exposed
and widened the digital gap among older populations [7].

Older adults demonstrated significantly lower intention to adopt
digital services during and after the pandemic, largely due to
digital anxiety, low confidence, and lack of digital trust [8].
Digital anxiety encompasses fears about making mistakes,
information overload, and concerns about fraud and data
breaches—factors particularly salient for older first-time users
[9].

While digital literacy training can alleviate anxiety and improve
adoption, sustained engagement often depends on ongoing
emotional and environmental support—particularly from family
and community contexts [10]. However, the long-term

sustainability of digital engagement often depends on external
support structures such as family guidance or community-based
learning. Without sustained environmental and emotional
support, even trained users may regress into avoidance
behaviors. This underscores the importance of examining how
family and social influences shape not only technology adoption
but also digital confidence and persistence among older adults.

Research Gaps and Objectives
While widely adopted models such as the Technology
Acceptance Model (TAM) and the Unified Theory of
Acceptance and Use of Technology (UTAUT) have contributed
significantly to understanding digital behavior, they were
primarily developed for younger, working-age users [11]. As
such, these models often overlook emotional vulnerabilities and
contextual factors that are particularly salient among older
adults—such as digital anxiety, family support, and social
influence.

At the same time, the Digital Literacy Framework highlights
competencies essential for navigating the digital world but does
not explicitly address how these skills develop within
psychosocial environments. Moreover, existing studies tend to
examine these psychological and environmental variables in
isolation, without a cohesive explanatory structure [5,11].

To address this gap, we propose an integrative framework that
draws on TAM, UTAUT, and social cognitive theory (SCT)
[12]. In this model:

• Family support and social influence reflect environmental
enablers of technology adoption (UTAUT);

• Digital anxiety and sense of achievement represent
emotional and cognitive mechanisms (SCT);

• Usage intention (from TAM) serves as a behavioral
mediator;

• Digital literacy is positioned as a dynamic outcome
representing both skill and empowerment.

Furthermore, we incorporate a moderated mediation structure,
positing that sense of achievement may buffer the negative
impact of digital anxiety on usage intention, thereby shaping
digital literacy development [12].

This integrative approach also aligns with Successful Aging
Theory, framing digital literacy as a form of “aging capital”
that enhances autonomy, social participation, and psychological
well-being.

Based on this framework, our study addresses the following
research questions:

1. To what extent are family support and social influence
associated with older adults’ intention to adopt ADTS?

2. Does digital anxiety negatively affect usage intention, and
is this effect moderated by sense of achievement?

3. Does usage intention mediate the relationship between
environmental/psychological factors and digital literacy?

By empirically validating this multilevel framework, we aim
to offer new insights into how older adults move from digital
exclusion to empowerment in an aging digital society.
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In applying UTAUT as a guiding framework, we intentionally
retained social influence and conceptualized family support as
an environmental enabler, while excluding performance
expectancy and effort expectancy. We do so for parsimony and
contextual salience: (1) their predictive roles have been robustly
established in prior work, so retesting them would add
replication rather than novel insight; (2) prestudy interviews
suggested many older adults lacked sufficient hands-on ADTS
experience to meaningfully assess usefulness or ease of use;
and (3) our theoretical focus is the age-specific psychosocial
mechanisms (family support, social influence, anxiety, and
achievement) that drive intention in later life. This selective
adaptation contextualizes UTAUT rather than diluting it.

We also model digital literacy as an outcome—an accumulated
form of “aging capital”—to trace how environmental and
psychological conditions translate into competence via usage
intention. While prior studies have treated literacy as an
antecedent that can reduce anxiety and strengthen intention, our
outcome-focused specification clarifies the developmental
pathway we test here; it does not preclude reciprocal dynamics,
which we note as an avenue for longitudinal research.

Literature Review

Family Support
Family support plays a critical role in facilitating older adults’
digital engagement. Defined broadly, family support
encompasses emotional encouragement, technical guidance,
and intergenerational interaction that collectively enhance older
adults’ adaptation to digital life [13]. Caplan [14] viewed the
family as a key provider of values and behavioral norms,
offering essential mediation when individuals encounter
challenges. Casper et al [15] further divided family support into
instrumental, financial, and emotional dimensions, all of which
contribute meaningfully to older adults’ ability to learn and
apply new technologies.

In the digital context, family members frequently act as
facilitators in older adults’ learning process, offering real-time
help and reassurance [16]. Older adults are often influenced by
their children’s or grandchildren’s attitudes toward technology,
making family encouragement a significant determinant of their
intention to engage with ADTS [17].

Empirical research supports this relationship. Xiong and Zuo
[13] showed that emotional support and technical instruction
from family members enhance digital literacy by reducing fear
and uncertainty. Similarly, Meng et al [18] and Sosa Díaz [19]
found that positive intergenerational communication increases
digital confidence and learning motivation. Sosa Díaz [19]
highlighted that assistance from younger family members
strengthens adaptability, while Roman et al [20] emphasized
how strong family bonds can boost learning confidence.

Thus, this study highlights family support as a foundational
environmental factor influencing both psychological readiness
and behavioral engagement in digital contexts. The focus on
intergenerational interaction aims to deepen our understanding
of how familial dynamics contribute to digital inclusion among
older adults.

Social Influence
Social influence refers to the degree to which individuals’
behaviors, attitudes, or decisions are shaped by those in their
social environment—such as family, friends, or peers [11].
Rooted in the UTAUT, social influence is recognized as a key
driver of technology adoption, particularly through normative
pressure and perceived expectations from significant others
[11,21].

From a broader psychological perspective, social influence
encompasses beliefs, emotions, and behavioral patterns formed
through interactions within social networks [21]. Morosan et al
[22] highlighted that individuals’ perceptions of others’
expectations can significantly affect their own technology
acceptance decisions. Karahanna et al [21] expanded this view
by discussing how proximity, contact frequency, and
interpersonal dynamics influence behavior, emphasizing that
social structures can either facilitate or inhibit digital
engagement.

Among older adults, social influence is particularly potent.
Compared with younger individuals, older adults are more likely
to rely on interpersonal cues and social norms when evaluating
new technologies [11]. The impact of social influence is also
more pronounced in collectivist cultures—such as in many East
Asian societies—where conformity to group norms and
maintaining social harmony are especially valued.

The role of social influence has become even more salient in
the postpandemic digital era. During COVID-19, social
distancing measures drove many older adults to adopt digital
tools for health, communication, and daily tasks, often under
the encouragement or guidance of their social circles [23].
Positive social reinforcement can lead to greater confidence and
higher willingness to engage with digital services, whereas
skepticism or lack of support may result in avoidance or anxiety
[24-26].

Furthermore, recent studies show that social influence not only
affects direct behavioral intention but also moderates
psychological factors such as digital anxiety and self-efficacy
[27]. These findings underscore the need to understand social
influence as both an external motivator and a psychological
buffer or amplifier in older adults’ digital adaptation.

By focusing on the multifaceted nature of social
influence—including social norms, peer encouragement, and
perceived expectations—this study aims to clarify how social
context shapes older adults’ engagement with ADTS and the
broader development of digital literacy.

Digital Anxiety: Concept and Development
Digital anxiety refers to the emotional discomfort, fear, or stress
that individuals—particularly older adults—experience when
interacting with digital technologies. Unlike simple
unfamiliarity, digital anxiety reflects a deeper psychological
resistance often rooted in low confidence, fear of failure, and
perceptions of complexity or risk [26,28]. Wang and Zhang
[29] defined it as a form of state anxiety, varying with task
demands and context. Among older adults, this anxiety is
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especially pronounced due to the widening digital divide and
their limited prior exposure to emerging technologies.

Rook [30] highlighted that older individuals frequently report
elevated anxiety when using ADTSs such as telemedicine
platforms, smartphones, or mobile payments. This is
compounded when they lack the digital self-efficacy or training
needed to operate these tools confidently. Straub [26] found
that prior experience and perceived self-efficacy can
significantly reduce anxiety and increase willingness to adopt
digital tools. Similarly, the TAM posits that perceived ease of
use and usefulness directly shape user attitudes and behaviors.

From the perspective of Rogers’ Diffusion of Innovations
Theory, perceived complexity and compatibility with past
experiences are key barriers for older adults. Even simple digital
interfaces can feel cognitively taxing, potentially triggering
avoidance behaviors rather than active engagement [31,32].

One of the most consistently supported buffers against digital
anxiety is family support. Beyond emotional reassurance, family
members often provide practical technical guidance and
encouragement, helping older adults feel less overwhelmed and
more motivated to engage with digital tools. Studies have shown
that such support fosters emotional security, strengthens digital
self-confidence, and decreases feelings of uncertainty in digital
environments [33]. For instance, when family members offer
direct assistance—such as walking through digital tasks
step-by-step—older adults are more likely to persist in their
learning process and overcome initial apprehension.

However, overly reliant support can have mixed effects. While
moderate, empowering support improves outcomes, excessive
dependence may inadvertently signal incompetence or fuel
learned helplessness, thereby reinforcing anxiety [7,34].
Nevertheless, the preponderance of evidence suggests a net
protective role of family involvement in alleviating digital stress,
leading to the following hypothesis:

H1: Family support negatively influences digital anxiety.

In addition to family, broader social influence plays a crucial
role in shaping digital anxiety. When older adults perceive
positive expectations or encouragement from peers, neighbors,
or community members, it can reduce fear and promote digital
exploration. On the contrary, negative social feedback—such
as expressions of doubt, impatience, or age-related
stereotypes—can heighten self-doubt and anxiety. Recent studies
have demonstrated that social environments that are judgmental
or unsupportive intensify older adults’ digital apprehension,
especially when they fear being seen as “incompetent” or “too
old to learn” [35,36].

Conversely, positive social modeling and group-based learning
environments—such as community digital workshops—can
boost older adults’digital confidence and reduce anxiety levels.
Venkatesh et al [11] and Cambre and Cook [27] have also
pointed out that perceived social expectations (a key dimension
of UTAUT) can influence both emotional responses and
behavioral intentions related to technology.

H2: Social influence positively influences digital anxiety.

In summary, digital anxiety among older adults is shaped not
only by individual cognitive appraisals but also by the
presence—or absence—of emotional and environmental support.
Understanding how family support and social influence interact
with psychological states like anxiety is essential for building
more inclusive and effective digital interventions.

Usage Intention of Assistive Digital Tools and Services
The intention to use ADTS among older adults is a central
construct in models of technology adoption. Usage intention
refers to an individual’s motivational readiness and willingness
to adopt or engage with a specific technology [37]. In the context
of aging populations, intention plays a critical intermediary role,
linking psychological and environmental factors with actual
digital behavior and literacy development.

Family Support and Usage Intention
Family support has been widely documented as a catalyst for
technology acceptance among older adults. Beyond alleviating
anxiety, supportive family environments contribute to a more
proactive stance toward digital learning. Emotional
encouragement, technical guidance, and shared experiences
with family members strengthen older adults’ belief in their
own capability, thereby enhancing their readiness to use ADTS.

Studies suggest that family members who model digital behavior
or provide hands-on help not only increase access but also shape
attitudes of usefulness and ease of use—2 key predictors in the
TAM [38]. For instance, Zhang [17] found that the opinions of
close family members significantly influenced older adults’
willingness to try new technologies. Likewise, Selwyn [16] and
Park [39] noted that active family involvement enhances digital
confidence and curiosity, which translates into a stronger
intention to use tools like mobile banking or telemedicine
services.

While over-dependence on family for digital engagement may
hinder independent learning, moderate and empowering support
appears to foster technology acceptance. Therefore, based on
the strong empirical and theoretical link between family support
and technology adoption, the following hypothesis is proposed:

H3: Family support positively influences older adults’ intention
to use ADTS.

Social Influence and Usage Intention
Social influence extends beyond the family unit to include peers,
community members, and broader societal norms that shape
older adults’ willingness to engage with digital technologies.
In UTAUT, social influence is considered a direct antecedent
of usage intention, reflecting how individuals perceive the
expectations and behaviors of others as relevant to their own
decision-making [11].

Research demonstrates that when older adults observe peers
successfully using ADTS, they are more likely to emulate those
behaviors, especially in collectivist cultures where conformity
and social approval are emphasized [40,41]. Additionally,
informational and normative forms of social influence—such
as digital learning groups, community workshops, or
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word-of-mouth recommendations—play a crucial role in shaping
perceived accessibility and relevance of digital services [42,43].

Moreover, positive social reinforcement enhances self-efficacy,
reduces uncertainty, and increases perceived behavioral
control—factors that strongly predict technology use.
Conversely, negative perceptions within one’s social network
may lead to skepticism or hesitation. Given this evidence, we
propose:

H4: Social influence positively influences older adults’ intention
to use ADTS.

Digital Anxiety and Usage Intention
Digital anxiety, as established in prior sections, serves as a
psychological inhibitor that can undermine willingness to engage
with ADTS. Fear of making mistakes, concerns over privacy,
and low digital confidence create a barrier that suppresses both
motivation and perceived ability.

Drawing from TAM and SCT, when anxiety increases, perceived
ease of use diminishes, leading to lower adoption intention [3,9].
In real-world contexts, this means older adults who feel
overwhelmed or unsupported are more likely to avoid digital
tools, even when such tools offer substantial benefits.

Studies in health care technology and fintech show consistent
negative correlations between digital anxiety and usage intention
[44,45]. Lee et al [9] emphasized that enhancing digital
self-efficacy can reduce anxiety and indirectly boost usage
intention, but when anxiety remains unaddressed, intention
significantly declines. Given this robust evidence, we
hypothesize:

H5: Digital anxiety negatively influences older adults’ intention
to use ADTS.

Digital Literacy
Digital literacy is a multidimensional competency that
encompasses not only the ability to use digital tools, but also
to evaluate, create, and communicate digital content effectively
[46,47]. It includes technical, cognitive, and socioemotional
skills, all of which are crucial for navigating digital
environments [48,49]. In aging populations, digital literacy has
emerged as a key determinant of autonomy, participation, and
well-being [50].

Research has shown that the intention to use digital tools often
precedes and fosters the development of digital literacy. When
older adults are motivated to use digital tools—such as
smartphones, e-payment systems, or telehealth platforms—they
are more likely to develop the necessary skills and confidence
through experiential learning [51,52]. This iterative process
suggests that usage intention is not merely an outcome but also
a catalyst in digital literacy acquisition.

H6: Usage intention of ADTS positively influences digital
literacy.

Beyond direct effects, usage intention also serves as a mediating
mechanism through which environmental support influences
digital literacy. For instance, when family members provide
technical guidance and emotional encouragement, they boost

older adults’ confidence and motivation. This, in turn, leads to
increased digital usage, which fosters skill development and
digital empowerment [38,53].

H7: Usage intention of ADTS mediates the relationship between
family support and digital literacy.

Similarly, social influence plays a significant role in digital skill
development. Older adults who are embedded in digitally
engaged social networks are more likely to receive informal
training, tips, and positive reinforcement, which enhance both
their usage intention and their digital competence [35,41,42].
This cascading effect suggests that social influence indirectly
contributes to digital literacy via behavioral intention.

H8: Usage intention of ADTS mediates the relationship between
social influence and digital literacy.

Sense of Achievement
Sense of achievement refers to the intrinsic satisfaction and
psychological reward individuals experience upon successfully
accomplishing a task, overcoming a challenge, or attaining a
self-defined goal [54,55]. This construct is closely tied to
self-efficacy, motivation, and emotional resilience—factors that
are especially relevant when individuals are navigating
unfamiliar or cognitively demanding environments.

For older adults adapting to digital life, a sense of achievement
plays a pivotal role. Unlike younger users who often grow up
immersed in digital environments, older adults frequently
approach technology as late adopters. When they successfully
use digital tools—such as conducting a video call, managing a
mobile payment, or accessing web-based health services—this
sense of accomplishment becomes a powerful motivator for
further learning and sustained engagement [56]. It also fosters
autonomy and contributes to their psychological well-being,
aligning with key principles of successful aging.

However, the digital environment presents numerous barriers
that can threaten or diminish this feeling of accomplishment.
These include perceived complexity, lack of intuitive design,
cybersecurity concerns, and insufficient support systems [57].
When older adults encounter repeated failure or confusion, their
confidence may erode, reinforcing negative beliefs about their
ability to master technology. In this context, a diminished sense
of achievement can magnify digital anxiety and lead to
avoidance behaviors.

Recent studies suggest that a strong sense of achievement can
buffer the negative effects of digital anxiety. Older adults who
perceive themselves as capable learners are more likely to persist
through technological challenges and less likely to internalize
failure as a reflection of their overall competence [9]. In contrast,
those who lack this sense of accomplishment are more prone
to technostress and self-doubt—factors that reduce usage
intention [58].

Given these dynamics, this study positions sense of achievement
as a moderator in the relationship between digital anxiety and
the intention to use ADTS. Specifically, we propose that
achievement-oriented individuals will experience a weaker
negative effect of digital anxiety on usage intention, as their
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internal sense of progress and mastery helps to offset fear and
hesitation.

H9: Sense of achievement moderates the relationship between
digital anxiety and usage intention of ADTS, such that the
negative effect is weaker at higher levels of achievement.

Methods

Participants
This study focuses on older adults in Shenyang, Liaoning
Province, China, considering the region’s demographic aging
trends and digital adaptation status. As one of the major cities
in Northeast China, Shenyang has a rapidly aging population,
with individuals aged 60 years and older accounting for over
20% of its residents, meeting the United Nations’ definition of
a “deeply aging society”[96]. With the advancement of digital
technologies, the internet behaviors and technological adaptation
of older adults have become critical research topics. However,
despite Shenyang’s well-developed urban infrastructure, older
adults in the region still face significant challenges in using
ADTS (smartphones and e-services, etc).

Previous research has highlighted the existence of a digital
divide among China’s aging population, which is particularly
pronounced in the northeastern region. Chu (2010) further
pointed out that older individuals’ digital learning and
technology adaptation are influenced by educational background,
social support, and technology anxiety, all of which contribute
to lower adoption rates of e-services. These factors may limit
older adults’ability to access web-based resources, subsequently
affecting their digital quality of life [13].

The socioeconomic structure of Shenyang also plays a crucial
role in shaping older adults’ digital behaviors. As a traditional
industrial city, Shenyang has a significant population of retirees
from state-owned enterprises, whose social support networks
and digital behavior patterns differ from those in coastal cities

or rural areas [5]. Research by Chen et al [5] has further
demonstrated a correlation between older adults’socioeconomic
status, online activity types, and susceptibility to digital fraud,
emphasizing the importance of digital literacy in ensuring their
safety on the web. Given these factors, this study selects
Shenyang as its research site to gain deeper insights into older
adults’ behavioral patterns and psychological influences in
digital environments.

Additionally, this study includes individuals aged 55 years and
older rather than limiting the sample to traditional older adult
groups. There are 2 key reasons for this decision. First,
individuals in this age group are rapidly adopting internet
technologies, making them a highly relevant demographic for
this study. Second, early retirement is common in China, with
many individuals experiencing retirement before the official
retirement age. By incorporating participants aged 55 years and
older, this study effectively captures the early stages of aging
and the transition into digital adaptation [5].

This study used a convenience sampling method, with surveys
distributed across community centers, senior activity venues,
and elderly care institutions in Shenyang. Individuals aged 55
years and older were invited to voluntarily complete the
questionnaire. A total of 541 responses were collected. After
excluding 61 incomplete questionnaires, 480 valid responses
were retained, resulting in an effective valid completion rate
among respondents of 88.7%. All participants were residents
of Shenyang, Liaoning Province, China.

Demographic data were collected on participants’ gender, age,
education level, marital status, family structure, place of
residence, and smartphone usage behavior. To ensure accurate
comprehension and response quality, the research team provided
detailed instructions and on-site assistance during the survey
process. The conceptual framework guiding this study is
presented in Figure 1.
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Figure 1. Research Framework. ADTS: Assistive Digital Tools and Services.

Measures
This study primarily investigates the psychological states and
digital behaviors of older adults. A 6-point Likert scale was
used, ranging from “strongly disagree” to “strongly agree,” to
measure key variables, including social influence, family
support, digital anxiety, digital literacy, adoption intention of
ADTS, and sense of achievement. The measurement instruments
were derived from well-established scales in the existing
literature:

Family support was adapted from Wang and Wu [28], originally
developed in the context of older adults’ digital adaptation in
urban China. The scale assesses 3 core dimensions of support
provided by family members: emotional encouragement,
technical assistance, and informational guidance. While Wang
and Wu’s [28] study focused on digital literacy outcomes, the
psychometric properties of the family support scale were
independently validated through confirmatory factor analysis
(CFA) and internal consistency measures (Cronbach α=0.82).
This scale was chosen for its cultural contextual relevance and
conceptual alignment with our study focus. In our sample,
Cronbach α was 0.802.

Social influence was adapted from Venkatesh et al [11] in the
UTAUT. The scale evaluates the extent to which individuals
perceive that important others—such as family members, peers,
or community figures—believe they should use digital
technologies. Each item was rated on a 6-point Likert scale.
This construct has been validated in numerous technology
acceptance studies across diverse populations, including older
adults. In this study, the scale demonstrated good internal
consistency (Cronbach α=0.798).

Digital anxiety was also adapted from Venkatesh et al [11]. The
items reflect the UTAUT construct of anxiety, which captures
individuals’ apprehension, fear, or discomfort when interacting
with digital technology. Although originally tested in younger
user populations, the scale has been applied and adapted in
aging research. In this study, internal consistency was acceptable
(Cronbach α=0.762), supporting its reliability among older adult
users.

Intention to use ADTS was adapted from the UTAUT model
(Venkatesh et al [11]), assessing respondents’ willingness to
engage with digital services such as e-health platforms, digital
payments, and digital communication tools. Each item was rated
on a 6-point Likert scale. The original scale has been validated
in both general and older adult populations. In this study,
Cronbach α was .789, indicating acceptable reliability.

Digital literacy was evaluated using the eHealth Literacy Scale
developed by Norman and Skinner [59], consisting of 8 items
that measure perceived ability to find, understand, evaluate, and
apply digital health information. This scale has been widely
adopted in aging, health, and digital divide studies and has
demonstrated strong psychometric properties across diverse
populations. In our study, the scale yielded a Cronbach α of
0.871, indicating high internal consistency.

Sense of achievement was measured using a 3-item subscale
from the achievement motivation framework developed by
Janke and Lüftenegger [50]. The items reflect individuals’
feelings of satisfaction and competence when overcoming digital
challenges. The original instrument was validated in academic
and motivational contexts and has since been adapted in studies
of digital learning among older adults. The internal consistency
for this scale in our sample was strong (Cronbach α=0.851).
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To ensure the statistical adequacy of structural equation
modeling (SEM), this study adhered to the sample size
recommendations proposed by Bentler and Chou [60], which
suggest that the sample size should be at least 5 times the
number of estimated parameters. Additionally, data screening
procedures, including missing data analysis and normality tests,
were conducted to ensure the suitability of the dataset for
subsequent analysis. Ultimately, a total of 480 valid responses
were collected, meeting the theoretical requirements for robust
statistical analysis.

Reliability (Cronbach α), CFA, and SEM were conducted using
SPSS (version 26.0; IBM Corp) and AMOS (version 24.0; IBM
Corp). Bootstrapping (n=5000) and PROCESS Macro (Model
1) were used to test mediation and moderation effects, ensuring
robust statistical validity.

Ethical Considerations
This study utilized fully anonymized survey data that contained
no personally identifiable information. As such, ethical approval
and informed consent were not required under institutional and
national research ethics regulations. All research procedures
adhered to internationally recognized ethical standards, ensuring
transparency, data integrity, and the responsible handling of
anonymized information.

Results

Sample Profile
Regarding gender distribution, 69% (n=331) of respondents
were male, and 31% (n=149) were female. In terms of age, the

majority were aged between 60 and 65 years (263/480, 54.8%),
followed by those aged 65 to 70 years (167/480, 34.8%), while
only 1.0% (n=5) were aged 75 years and older. Residential
distribution indicated that 60.4% (n=290) of participants lived
in urban areas, whereas 39.6% (n=190) resided in rural regions.
In terms of educational attainment, 57.1% (n=274) of
respondents had completed middle school or below, 23.5%
(n=111) held a university degree, and 1.5% (n=7) had attained
a postgraduate degree or higher. Regarding marital status, 87.5%
(n=420) of respondents were married, 4.8% (n=23) were
unmarried, 2.9% (n=14) were divorced, and 4.8% (n=23) were
widowed. As for family structure, 74.8% (n=359) lived with
their spouse, 12.5% (n=56) lived with their children, and 12.7%
(n=61) lived alone.

Regarding the usage of ADTS, 85.0% (n=408) of respondents
primarily used smartphones for voice calls, followed by text
messaging (381/480, 79.4%) and video calls (357/480, 74.4%).
In contrast, mobile shopping (261/480, 54.3%) and digital
payments (271/480, 56.5%) were less frequently used. Notably,
only 53.4% (n=256) of participants used their smartphones for
digital information retrieval, suggesting that a considerable
portion of older adults remains unfamiliar with internet-based
search functions.

Reliability Analysis
To assess the internal consistency of the measurement scales,
this study calculated Cronbach α for each variable. The results,
presented in Table 1, indicate that all Cronbach α values
exceeded the recommended threshold of 0.7, demonstrating
good reliability across the constructs.

Table . The results of reliability analysis (N=480). All constructs were measured on a 6-point Likert scale (1=strongly disagree, 6=strongly agree).

Values, Cronbach αValues, mean (SD)Variable

0.7982.850 (1.023)Social influence

0.8024.960 (0.803)Family support

0.7624.980 (0.784)Digital anxiety

0.7895.030 (0.844)ADTSa usage intention

0.8714.510 (0.919)Digital literacy

0.8515.380 (0.817)Achievability

aADTS: Assistive Digital Tools and Services.

Among the variables, Digital Literacy exhibited the highest
internal consistency, with a Cronbach α of 0.871, suggesting
strong reliability. Meanwhile, Digital Anxiety had a Cronbach
α of 0.762, which remains within an acceptable range, indicating
sufficient internal consistency for further analysis.

Confirmatory Factor Analysis
To ensure convergent validity and discriminant validity of the
measurement model, this study conducted CFA. Following the
recommendations of Hair et al [61], composite reliability should

exceed 0.7, and average variance extracted should be above 0.5
to confirm the internal consistency and validity of the
measurement instruments.

As shown in Table 2, all constructs in this study met these
criteria, with composite reliability values exceeding 0.7 and
average variance extracted values above 0.5, indicating strong
convergent validity. Additionally, all standardized factor
loadings were statistically significant (>0.60), demonstrating
that the observed variables effectively captured their respective
latent constructs.
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Table . Results of convergent validity analysis (N=480).

Average variance extractedComposite reliabilityStandard factor loadingConcept and item

0.5060.802Social influence (SI)

0.692    SI1

0.818    SI3

0.631    SI4

0.670    F1

0.5040.803Family support (F)

0.705    F3

0.748    F4

0.716    F5

0.586    D2

0.5350.872Digital literacy (D)

0.690    D4

0.696    D5

0.808    D6

0.798    D7

0.785    D8

0.765    ADTS1a

0.5780.802ADTS usage intention (ADTS)

0.865    ADTS2

0.633    ADTS3

0.704    DA1

0.5060.803Digital anxiety (DA)

0.732    DA2

0.729    DA3

0.678    DA4

0.804    A1

0.7110.880Achievability (A)

0.950    A2

0.765    A3

aADTS: Assistive Digital Tools and Services.

Overall, the results confirm that the measurement tools used in
this study exhibit high reliability and validity, ensuring their
suitability for further SEM analysis.

Structural Equation Modeling (SEM) Analysis

Model Fit Assessment
This study used SEM to validate the proposed research
framework, as illustrated in Figure 2. Prior to conducting SEM
analysis, we assessed the model fit indices to ensure the
suitability of the model.
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Figure 2. The model of structural equation modeling. ADTS: Assistive Digital Tools and Services. *P<.001, **P<.01, ***P<.05.

By examining the Modification Index, we identified and
removed items with large residual discrepancies, including 2
items from the Family Support scale and items 1 and 3 from

the Digital Literacy scale. After these modifications, the revised
model exhibited improved goodness-of-fit indices, confirming
its appropriateness for further SEM analysis (Table 3).
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Table . Goodness of model fit indices (N=480).

Modified model (Delete SI2, D1,
D3)

Goodness fit rangeScholarsGoodness of Fit Index

2.499＜3.00Joreskog and Sorbom [52]CMIN/DFa

0.925＞0.8Doll, Xia, and Torkzadeh [53]GFIb

0.902＞0.8MacCallum and Hong [62]AGFIc

0.057＜0.08Hu and Bentler [63]SRMRd

0.053＜0.08MacCallum, Browne, and Sugawara
[54]

RMSEAe

0.902＞0.8Hair et al [61]NFIf

0.884＞0.8Bentler and Bonett [55]NNFIg

0.941＞0.8Hair et al [61]CFIh

0.751＞0.5Mulaik et al [64]PNFIi

0.705＞0.5Mulaik et al [64]PGFIj

259＞200Mulaik et al [64]CNk

aCMIN/DF: chi-square minimum/degrees of freedom.
bGFI: Goodness-of-Fit Index.
cAGFI: Adjusted Goodness-of-Fit Index.
dSRMR: Standardized Root Mean Square R.
eRMSEA: Root Mean Square Error of Approximation.
fNFI: Normed Fit Index.
gNNFI: Non-Normed Fit Index.
hCFI: Comparative Fit Index.
iPNFI: Parsimony Normed Fit Index.
jPGFI: Parsimony Goodness-of-Fit Index.
kCN: Hoelter’s Critical N.

Structural Equation Modeling (SEM) Analysis
The SEM analysis in this study was conducted in 2 stages. First,
we examined the overall model fit indices to ensure the model’s

suitability. Second, we tested the path coefficients to validate
the research hypotheses.

By performing path analysis on the latent variables, we assessed
the relationships among key constructs. The results are presented
in Table 4 and Figure 2.

Table . The results of structural equation modeling path analysis.

P valueComposite reliabili-
ty

SEβDependent variableIndependent vari-
able

Hypothesis

<.037–2.0870.080−.152AbFaH1

<.0182.3620.081.176ASIcH2

<.0015.3560.077.391ADTSdFH3

<.0252.2350.071.153ADTSSIH4

<.035–2.1120.049−.108ADTSAH5

<.0016.0310.041.345DeADTSH6

aF: Family support.
bA: Achievability.
cSI: Social influence.
dADTS: Assistive Digital Tools and Services.
eD: Digital literacy.
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Mediating Effect
This study used the PROCESS macro in SPSS (version 26.0;
IBM Corp) with the bootstrap method to examine mediating
effects. The analysis tested whether usage intention of ADTS
mediated the relationships between (1) family support and digital
literacy, and (2) social influence and digital literacy.

For the family support → digital literacy pathway (Table 5),
the indirect effect was 0.071, with a 95% CI of (0.095-0.262),
indicating statistical significance as the interval did not include
zero. In contrast, the direct effect was 0.397, with a 95% CI of
(–0.130 to 0.082), which was nonsignificant. This pattern
reflects full mediation, meaning that family support influences
digital literacy entirely through its impact on usage intention.

Table . Mediating effect analysis (family support and digital literacy).

Bootstrapping (BCd 95% CI)EffectF→ADTS→Da,b,c

0.095 to 0.2620.071Indirect effect

–0.130 to 0.0820.397Direct effect

0.003 to 0.0520.468Total effect

aF: family support.
bADTS: Assistive Digital Tools and Services.
cD: digital literacy.
dBC: bias-corrected percentile method.

For the social influence → digital literacy pathway (Table 6),
the indirect effect was also significant (95% CI excluding zero),
whereas the direct effect was −0.418 with a 95% CI of (−0.141

to 0.186), which was nonsignificant. This likewise indicates
full mediation, suggesting that social influence affects digital
literacy only indirectly via usage intention.

Table . Mediating effect analysis (social influence and digital literacy).

Bootstrapping (BCd 95% CI)EffectSI→ADTS→Da,b,c

0.069 to 0.1940.128Indirect effect

–0.141 to 0.186–0.418Direct effect

0.014 to 0.1860.086Total effect

aSI: social influence.
bADTS: Assistive Digital Tools and Services.
cD: digital literacy.
dBC: bias-corrected percentile method.

Overall, these findings demonstrate that both family support
and social influence enhance older adults’ digital literacy not
by directly improving their skills, but by strengthening their
intention to use ADTS—thereby facilitating subsequent skill
acquisition and competence development.

Moderation Effect
The moderating effect of sense of achievement on the
relationship between digital anxiety and ADTS usage intention
was examined using PROCESS Model 1 with 5000 bootstrap

samples. The overall model was significant (R2=0.389, F1,

476=101.222, P=.003), and the interaction term (Digital
Anxiety×Sense of Achievement) was also significant, indicating
the presence of a moderation effect.

Simple-slopes analysis revealed that the negative association
between digital anxiety and ADTS usage intention was weaker
at higher levels of sense of achievement and stronger at lower
levels. This suggests that a greater sense of achievement can
buffer the detrimental impact of digital anxiety on the intention
to use ADTS. Figures 3 and 4 depict the slope differences across
varying levels of sense of achievement, providing visual
confirmation of the moderation effect.

In line with Self-Determination Theory, these results indicate
that perceived competence and mastery help sustain motivation
when engaging in tasks that may provoke anxiety. Accordingly,
H9 is supported: sense of achievement attenuates the negative
effect of digital anxiety on ADTS usage intention.
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Figure 3. Moderation path coefficients. ADTS: Assistive Digital Tools and Services. *P<.05.

Figure 4. Moderation slope analysis. ADTS: Assistive Digital Tools and Services.

Discussion

Summary of Key Findings
In an era marked by rapid digital transformation and global
population aging, older adults’ ability to adapt to digital
technologies has become a critical determinant of quality of
life, autonomy, and the trajectory of successful aging [2,3].
Grounded in the UTAUT and the Digital Literacy Framework,
this cross-sectional study tested an integrated model that
incorporated environmental, psychological, and behavioral

factors. Specifically, it examined how family support, social
influence, digital anxiety, and sense of achievement are
associated with older adults’ intention to use ADTS, and how
these factors, in turn, relate to the development of digital
literacy. The findings provide new insights into how digital
engagement can be transformed into real-life competence and
social connection.
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Family Support and Social Influence Operate Through
Intention
Both factors were positively associated with ADTS usage
intention (β=.413 and β=.160, respectively, P<.05). Mediation
analysis showed that their effects on digital literacy were fully
mediated by usage intention, with nonsignificant direct paths
after accounting for the mediator.

Family Support Was Associated With Lower Digital
Anxiety
Family support was negatively associated with digital anxiety
(β=−0.168, P<.05), which in turn was negatively associated
with usage intention (β=−.103, P<.05). This suggests that family
support may help older adults overcome apprehension toward
technology, indirectly promoting adoption.

Sense of Achievement Attenuates the Association of
the Negative Effect of Digital Anxiety
The interaction term (Digital Anxiety × Sense of Achievement)
was significant, indicating that a higher sense of achievement
attenuates the negative relationship between digital anxiety and
usage intention.

Usage Intention Is a Central Behavioral Pathway
Across environmental and psychological predictors, usage
intention emerged as the pivotal link to higher digital literacy
scores (β=.345, P<.001).

Theoretical Implications
This study advances the literature by showing how psychosocial
factors operate within an integrative, later-life adaptation of
UTAUT. Specifically, it contributes three distinctive
insights—each grounded in the SEM results:

1. Extending UTAUT with age-specific psychosocial
mechanisms: Beyond utilitarian appraisals, digital anxiety
exerts a negative effect on intention (β=−0.103, P<.05),
while sense of achievement attenuates this link (significant
interaction), indicating that affective constraints and
motivational buffers are integral to older adults’ adoption
processes.

2. Unpacking the pathway from environmental enablers to
competence: The effects of family support (β=.413) and
social influence (β=.160) on digital literacy are fully
mediated by usage intention (indirect effects with 95% CIs
excluding zero), positioning intention as a necessary conduit
from context to competence.

3. Reframing successful aging for the digital era: Digital
literacy functions as aging capital—a capability
accumulated through intentional engagement and shaped
by psychosocial conditions—thereby warranting its
incorporation into the theoretical core of successful aging
in technology-mediated societies.

Practical / Managerial Implications
The findings translate into the following action priorities for
policymakers, community organizations, and technology
designers:

1. Leverage family and peer networks as complementary
pillars: Given the stronger association of family support
with intention (β=.413) relative to social influence (β=.160),
intergenerational pairings can serve as high-impact entry
points. To avoid over-dependence, pair these with peer-led
workshops, senior tech clubs, and neighborhood “digital
ambassadors” for continuity.

2. Design for progressive achievement to counter anxiety:
Because achievement buffers the anxiety-intention link,
use milestone-based modules, micro-goals (eg, a first mobile
payment), and instant positive feedback to convert
apprehension into mastery and sustained engagement.

3. Prioritize sustained, habitual use over one-off adoption:
With literacy gains operating through intention, build
reinforcement sessions, periodic “digital check-ins,” and
adaptive nudges (reminders, personalized suggestions,
calibrated difficulty) to routinize use and consolidate skills.
These recommendations move beyond generic calls for
support, advancing age-sensitive, culturally grounded
strategies that directly target the psychosocial dynamics
revealed by our model.

Future Research and Practice Directions

Limitations and Future Directions
The cross-sectional design precludes causal inference; results
reflect associations within one metropolitan sample, limiting
generalizability. Demographic covariates (eg, age, education,
marital status) were collected but excluded from the structural
model to preserve parsimony; future work can incorporate them
to refine estimates.

Modeling Choices
We intentionally excluded performance expectancy and effort
expectancy to foreground later-life psychosocial mechanisms
and avoid redundancy with well-established findings; future
studies should reincorporate these UTAUT constructs to test
robustness and generalizability. We also modeled digital literacy
as an outcome to trace competence formation; longitudinal or
cross-lagged designs should examine possible bidirectional
effects whereby literacy reduces anxiety, enhances self-efficacy,
and strengthens intention.

Next Steps
We recommend longitudinal/experimental designs, cross-cultural
comparisons, and the inclusion of digital trust/privacy and
emerging AI/IoT tools to evaluate scalable, age-friendly
pathways to digital inclusion.
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Abstract

Background: As the global aging population accelerates, mobile health (mHealth) apps have emerged as critical tools in the
health management of older people. However, the promotion of mHealth apps has faced multiple obstacles, including insufficient
technological adaptation to aging, digital resistance, and ageism. The impact of ageism on technology usage experiences among
older adults is influenced by mechanisms such as stereotypes and biases. Notably, extant research has not adequately explored
the subjective experiences of older adults in the context of mHealth app usage scenarios.

Objectives: The present study was predicated on the extended unified theory of acceptance and use of technology model and
the risks of ageism model to systematically explore and understand older adults’ ageism experiences in mHealth app usage. Our
objectives were to provide a reference for optimizing age-friendly design and enhancing digital health management capabilities
for older adults.

Methods: This qualitative study utilized an interpretive phenomenological design and was conducted between February and
April 2025. Purposive sampling was employed to select older adults with experience using mHealth apps in a Shanghai community
for semistructured interviews. This study used Colaizzi’s phenomenological method to analyze and summarize older adults’
experiences and perceptions of ageism and to extract themes.

Results: The study identified 3 core themes: (1) internalized age stereotypes, which manifest as technological uselessness and
learning barriers; (2) anxiety and avoidance behaviors caused by stereotype threat; and (3) external unfair treatment (such as
age-friendly design flaws and inadequate support systems), which inhibits usage. These experiences significantly impact older
adults’ intention to use mHealth apps.

Conclusions: Ageism profoundly affects the engagement of older adults with mHealth apps. It is advisable to execute systematic
interventions to improve digital inclusion and health self-management capabilities, including strategies to challenge age stereotypes,
optimize intergenerational support, refine age-friendly design, and establish strong social support networks.

(JMIR Aging 2026;9:e79457)   doi:10.2196/79457

KEYWORDS

mHealth apps; ageism; technology use; older adults; healthy aging

Introduction

Background
The aging process of China’s population is accelerating and has
reached an advanced stage of development. Recent statistics
indicate that by the conclusion of 2024, China’s population aged

60 years and older will approximate 310 million, with those
aged 65 years and older reaching around 220 million. These
groups represent 22% and 15.6% of the total population,
respectively [1]. As the aging process advances, the population
of older internet users continues to expand. The 55th Statistical
Report on China’s Internet Development indicates that the
population of internet users aged 60 years and above has
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increased from 7.3 million in 2009 to 157.25 million in 2024
[2]. The internet has progressively emerged as a significant
platform for older adults to obtain health information and
services. Additionally, the incidence of chronic diseases in older
adults has attained 75%, necessitating increasingly
individualized and varied health care requirements [3]. This
requires transcending conventional health care approaches to
address the personalized health needs of the digital era [4]. The
State Council of China has released a medium- to long-term
plan (2017‐2025) on the prevention and treatment of chronic
diseases, proposing the use of information technology to
promote health management [5]. Mobile health (mHealth) apps
enable remote diagnostics and personalized therapies [6],
particularly aiding older adults by enhancing health care access
and fostering health autonomy [7]. Nevertheless, older adults
exhibit low awareness and utilization rates of mobile health
care [8], attributable to inadequate age-appropriate design,
technological resistance, and insufficient social support [8-10].
To resolve this issue, it is necessary to improve nationwide
access to digital health services. This necessitates the systematic
elimination of obstacles to digital health adoption among older
adults through the refinement of technical standards,
optimization of service systems, and enhancement of social
support.

Notably, ageism has been demonstrated to intensify the digital
divide [11,12]. The World Health Organization [13] defines
ageism as stereotyping, prejudice, or discrimination based on
actual age [14]. This includes self-directed ageism, which refers
to negative internalized beliefs about aging [15], as well as
benevolent forms, such as overprotection, and hostile forms,
including neglect and judgment [16,17]. Ageism impacts older
adults via 3 mechanisms: internalized stereotypes, avoidance
strategies, and direct discrimination experiences [18]. These
mechanisms undermine the psychological well-being of older
adults and exert various negative impacts on their physical and
mental health [19]. Research demonstrates that ageism markedly
diminishes life satisfaction among older adults, intensifies social
isolation, hinders chronic disease management outcomes, and
elevates the risk of depression and cognitive decline [20].
Moreover, ageism may instigate apprehension regarding
operational mistakes and reduce self-efficacy by leading older
adults to internalize adverse stereotypes such as
“techno-phobia.” This markedly diminishes their willingness
to engage with mHealth programs, thereby hindering their
capacity to access health resources through mHealth apps [21].
Previous research has mostly concentrated on quantitative
analyses of influencing factors [22-24]; however, it has
insufficiently addressed the subjective experiences of older
adults. Research on mHealth apps has identified issues such as

inadequate aging [25,26], yet it seldom explores the subjective
psychological effects resulting from ageism.

Objective
In order to investigate how older persons actually perceive
ageism in the use of mHealth apps, this study takes an
interpretive phenomenological method. It provides a reference
and foundation for enhancing the age-friendly mHealth app
design and creating an inclusive social support network, which
will encourage older individuals’ digital integration and health
management capabilities.

Theoretical Framework
In 2003, Venkatesh et al [27] proposed the unified theory of
acceptance and use of technology (UTAUT) model, which posits
that user behavior in adopting technology is explained by four
core dimensions: performance expectation (PE), effort
expectation (EE), social influence (SI), and facilitation
conditions (FC). The model demonstrated an explanatory power
of 70%. It has been extensively used in research examining the
adoption of new technologies among older adults [28]. This
study examines privacy risks in mobile health care services by
including a perceived risk (PR) dimension into the UTAUT
model to create an enhanced framework. That improvement has
been substantiated in the domain of medical technology [29,30].

The risks of ageism model (RAM) proposed by Swift et al
explains the obstacles to positive aging through 3 pathways
[18]: stereotype embodiment (negative labels imposed on older
people by society), stereotype threat (self-doubt caused by older
people internalizing negative labels), and being a target of
ageism. The RAM model’s psychosocial mechanisms are not
covered by the extended UTAUT model, although it can
evaluate older adults’ desire to use mHealth apps due to its five
dimensions: PEs, EEs, SI, enabling factors, and PR. The RAM
model focuses on the manifestation of ageism and is not directly
related to technology acceptance behavior.

The extended UTAUT model, primarily utilized in quantitative
research, encompasses 5 core dimensions that systematically
address essential factors influencing technology acceptance
behavior, thereby offering a thorough theoretical framework
for examining the digital health usage behavior of older adults.
This study applies qualitative research to examine the influence
of ageism on older adults’ perceptions and experiences within
the UTAUT dimensions, aiming to reveal underlying
mechanisms that quantitative research may not address. To
establish a theoretical framework, as seen in Figure 1, this study
combines the 2 models and maps the 3 routes of RAM to the 5
dimensions of UTAUT. This reveals how ageism affects the
mechanism of interaction between the intention to use mHealth
apps and behavior through these dimensions.
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Figure 1. Extended unified theory of acceptance and use of technology and risks of ageism models.

Methods

Design
We conducted face-to-face semistructured interviews from
February to April 2025. This study employed a qualitative
research design based on interpretive phenomenology. This
approach was chosen to deeply explore the subjective
experiences and psychological sentiments of older adults
concerning ageism in their usage of mHealth apps from their
own viewpoints. This study used Colaizzi’s method to
understand individuals’ real experiences and experiences [31].
We followed the COREQ (Consolidated Criteria for Reporting
Qualitative Research) reporting guideline to guarantee rigor and
transparency.

Participant Selection
We employed purposive sampling to select older adults in a
community in Shanghai based on gender, age, and mHealth app
usage experience. The selection criteria for interviewees were
as follows: (1) individuals aged 60 years or older, who have
resided in the community for a minimum of 5 years (or at least
10 mo/y); (2) individuals with normal cognitive function,
adequate physical strength to participate in the interview, and
the ability to communicate in Mandarin; (3) regular use of
mHealth apps for at least 3 months; and (4) voluntary consent
obtained through the signing of an informed consent form.
Exclusion criteria included the presence of mental illness or
cognitive impairment, severe hearing or language impairment,
and withdrawal from the study. We adopted the principle of
maximum differentiation sampling, with sample size determined
by information saturation (ie, no new themes appeared in the
interview content).

Eligible interviewees were recruited through community hospital
nurses. The study conducted face-to-face semistructured
interviews from February to April 2025, with the interview
outline designed based on the RAM and UTAUT theoretical
frameworks. The research design emphasized ethical approval
to ensure the protection of participants’ privacy.

Ethical Considerations
This study was approved by the hospital ethics committee
(RA-2021‐465). All participants were informed that their
participation was voluntary and anonymous and that no adverse
consequences would result from the interview. All participants
signed written informed consent forms after being informed of
the study’s purpose, procedures, risks, and benefits, and received
guidance on mHealth apps usage as compensation. We refer to
all interviewees with a number (N) and a letter to ensure their
anonymity.

Setting
To facilitate comprehension among older adults regarding the
study, information leaflets were handed out, and interviews
were conducted in soundproof rooms to ensure privacy and
minimize interference from unrelated individuals. The
interviewer initially articulated the study’s purpose and
significance to the interviewee, ensuring that their personal
information would remain confidential. Following that, after
establishing trust through a 30-minute warm-up, the interviewer
conducted a semistructured interview lasting 25 to 35 minutes,
employing the “dual recording method” (audio recording along
with written notes). The interviewer dynamically adjusted the
questioning strategy and documented nonverbal cues, such as
facial expressions and body language, using information
saturation as the criterion for termination. The interviewer (first
author) transcribed the recorded interviews verbatim within 24
hours and invited the interviewees to verify the transcripts. Data
were encrypted and stored, accessible only by the project team
within an ethical framework, in full compliance with the
Declaration of Helsinki requirements.

Data Collection
After obtaining approval from the community hospital, we
contacted the hospital staff to determine the visit time. Before
inviting eligible residents to sign the informed consents, the
researcher (first author) explained the study to them. After
signing the informed consents, data were collected through
semistructured face-to-face interviews and observations. The
first author conducted individual semistructured face-to-face
interviews from February to April 2025.
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Following the identification of participants, researchers engaged
with them to observe their daily utilization of mHealth apps,
including the types of apps and their level of proficiency in
usage. Using the extended UTAUT and RAM theoretical
framework, we employed an interpretive phenomenological
approach to develop semistructured interview outline. Following
2 rounds of Delphi expert consultation (n=5) and 3 discussions
among the research team, along with practical feedback from
2 preliminary interviews (n=2), we developed a semistructured
interview outline consisting of 6 theoretical dimensions: (1)
EE: Which mHealth apps have you used? Can you give us a
brief overview of your learning and usage experience? (2) PE:
What is your attitude toward mHealth apps? Have they met
your expectations? (3) SI: What is the attitude of your family,
friends, or health care providers toward your usage of mHealth
apps, and how does their attitude influence your usage? (4) FC
and PR: What factors do you think influence your usage of
mHealth apps? (5) In your opinion, what kind of mHealth app
would be most suitable for you and your peers to use? (6) What
kind of help would you like to receive when using mHealth
apps? The research process strictly followed qualitative research
standards. All interview questions were optimized for readability
(Flesch-Kincaid index≤6.0) and cognitive adaptability testing
to ensure that they were understandable to older interviewees.

Probing questions within the interview allowed participants to
raise unexpected issues and provided flexibility to follow-up
on these issues. By asking follow-up questions based on the
answers to previous questions, interviewees were encouraged
to freely share their experiences. The interview guide was used
to ensure that all topics were covered.

Data Analysis
This study employed a systematic qualitative data analysis
approach: initially, interview data was anonymized and assigned
identification codes, while data collection and analysis occurred
concurrently. Transcription was finalized within 24 hours
post-interviews, with accuracy confirmed by a research team

member and observational notes incorporated as supplementary
data. The Colaizzi’s method [31] was employed alongside
NVivo 14.0 software to facilitate the analysis, resulting in a
thematic map established through a 3-tier quality control process
involving analysis by principal investigators, expert supervision,
and review by the research team. Disputed content was
addressed through consensus meetings to ensure the research’s
rigor and the interpretation’s reliability.

Rigor
The content of the interview outline was determined through
literature review and theoretical framework, and semistructured
interviews were conducted with the target group in advance
(not included in the study) to ensure that the interview outline
was rigorous and easy to understand. The interviews were
carried out by master’s degree nursing students trained in
qualitative research methodologies. To ensure the reliability of
the collected data, we employed a combination of prolonged
exposure, comprehensive analysis, diverse information sources,
and various data collection methods, including interviews, field
notes, and member checking by colleagues and participants. In
the data analysis, efforts were made to incorporate the
interviewees’ emotions while minimizing the influence of the
researchers’ preconceived notions.

Results

Overview of Data and Analysis
The study achieved data saturation after conducting interviews
with 12 participants, at which point no new codes emerged,
leading to the termination of the interviews. A total of 12 older
adults were included in the study. The total duration of the
interviews was approximately 370 minutes, with the transcripts
of the relevant themes totaling around 50,000 words. Table 1
presents the general information of the 12 interviewees. The
analysis process is shown in Figure 2, which only showed the
analysis process of Theme 3.
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Table . General information of the interviewees (n=12).

Self-reported
health status

Health insur-
ance

Marital statusLiving arrange-
ment

EducationMonthly
household in-

comea

Age, yGenderCode

ExcellentURBMIbMarriedThree-genera-
tion co-resi-
dence

Middle school3000‐5000
(US $420-
700)

66FemaleN1

ExcellentUEBMIMarriedLiving with
spouse

Middle school3000‐5000
(US $420-
700)

67FemaleN2

GoodUEBMIcWidowedLiving aloneHigh school5000‐10,000
(US $700-
1400)

77FemaleN3

FairURBMIMarriedLiving with
spouse

Middle school5000‐10,000
(US $700-
1400)

73MaleN4

GoodURBMIMarriedLiving with
spouse

High school1000‐3000
(US $140-
420)

75MaleN5

FairURBMIDivorcedLiving aloneHigh school5000‐10,000
(US $700-
1400)

69FemaleN6

GoodURBMIMarriedLiving with
spouse

High school5000‐10,000
(US $700-
1400)

65FemaleN7

FairNCMSdMarriedLiving with
children

High school3000‐5000
(US $420-
700)

72MaleN8

GoodUEBMIMarriedLiving with
spouse

High school3000‐5000
(US $420-
700)

74FemaleN9

FairNCMSMarriedThree-genera-
tion co-resi-
dence

Middle school1000‐3000
(US $140-
420)

63MaleN10

FairURBMIMarriedLiving with
spouse

High school5000‐10,000
(US $700-
1400)

75MaleN11

GoodUEBMIMarriedLiving with
spouse

Middle school5000‐10,000
(US $700-
1400)

66FemaleN12

aA currency exchange rate of CNY 1 = US$ 0.14 (as of December 2025) is applicable for converting monthly household income.
bURBMI: Urban Resident Basic Medical Insurance.
cUEBMI: Urban Employees Basic Medical Insurance.
dNCMS: New Cooperative Medical Scheme.
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Figure 2. Process of thematic analysis (theme 3). EE: effort expectation; FC: facilitation condition; PE: performance expectation; PR: perceived risk;
SI: social influence.

Theme 1: Stereotype Embodiment

PE: Age Labeling Weakens the Perceived Value of
mHealth Apps
The internalization of age-related stereotypes caused participants
to associate advanced age with a decrease in technological skills,
resulting in a self-perception of “technological uselessness.”
The reduction in self-efficacy significantly impaired their
acknowledgment of the potential health management advantages
provided by mHealth apps. As N11 articulated:

I’m 75 years old. Why should I learn anything new?
I’m getting old. These mHealth apps won’t help much.

It is worth noting that some interviewees actively use technology
to compensate for age-related cognitive decline, reflecting
compensatory strategies in individual behavior under the threat
of stereotypes.

If there is something wrong with my body, I will look
for answers. [N9]

The doctor also talked about it (health-related
knowledge), but we don’t have very excellent
recollections, so we can’t remember anything. That’s
why we look for information online on our own. [N10]

EE: Magnification Technology Usage Barriers
Attributed to Age
Participants frequently ascribe operational challenges to the
unavoidable cognitive and physical decline linked to aging,
rather than to design deficiencies or insufficient guidance, thus
exacerbating perceived obstacles to usage. N12 stated:

It’s best if it’s simple (in terms of operation and
functions). We (elderly people) sometimes don’t really
understand (complex) programs.

N11’s attribution to educational background: “We have a
relatively low level of education, so we don't really know how
to use many of the functions, and it’s quite difficult to learn,”
forming self-imposed barriers to technical learning. This
cognitive pattern of attributing operational failures to age is
essentially a concrete manifestation of implicit age stereotypes
in the field of technology.

SI: Family Environment Reinforces Negative
Expectations About Technology
External stereotypes are internalized as self-perceptions through
significant individuals, particularly family members.
Respondents reported that specific attitudes held by family
members—such as the belief that “older adults are easily misled”
(N10) and the idea that basic mobile phones are adequate for
seniors (N8)—contributed to their negative self-perceptions
about technological abilities. This indicates that the perpetuation
of negative stereotypes within the social milieu substantially
impedes the inclination to engage with technology.

My family told me not to believe what I read online
because it’s all scams aimed at old people, and
they’re worried that I’ll get scammed. [N10]

My kids said that basic phones for seniors are fine,
so why do I need a smartphone? [N8]

FC: Self-Imposed Constraints Hinder the Utilization of
External Resources
Internalized stereotypes are evident in 2 specific behavioral
patterns: intentional avoidance of acquiring new technologies
and an overdependence on intergenerational support. The
self-identification as “unlearnable” served as a significant
obstacle, hindering the effective conversion of available external
support resources into realized technical skills. As a result, a
disconnect arose between the availability of facilitating
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conditions and their actual behavioral application, thereby
constraining the practical adoption of mHealth apps.

We’re not like young people; we don’t want to learn
new functions; these functions are enough for us.
[N12]

I’m lazy. I won’t learn how to use (mHealth apps)
unless I have to. My kids will help us if I need it. [N5]

Theme 2: Stereotype Threat

PE: Avoidance of Perceived Value of mHealth Apps
Internalized age stereotypes diminish older individuals’
confidence in the health advantages of technology, thereby
creating a cycle of self-fulfilling prophecy. N12 said,

I can’t find the answers I want (in the software) … I
like going to the hospital to visit a doctor more
because I trust what they say more.

This preference indicates a strategic avoidance of digital health
information, motivated by a concern that unsuccessful attempts
may reinforce the stereotype that older individuals are unable
to effectively use technology. Meanwhile, N10’s prudent
disposition (“My mind works slowly, so I’m not very willing
to try new things unless they’re truly useful”) illustrated the
inhibition of perceived technological efficacy induced by
stereotype threat, stemming from the allocation of working
memory resources to anxiety.

EE: Psychological Attributions for Avoiding Technical
Learning
Older adults attributed operational challenges to the inevitability
of aging, creating a cognitive pattern of technical inertia. The
assertions “I’m getting older and don’t want to learn new things”
in N7 and “I’m not familiar with it (mHealth apps) and am too
lazy to learn; my son will assist me” in N4 suggest that
age-related labels generate negative psychological expectations
and significantly reduce the motivation to develop technological
skills. This attribution corresponds with the behavioral pattern
of stereotype threat characterized by low expectations and low
investment, leading to additional impairment of executive
processes, such as cognitive flexibility.

SI: Usage Avoidance Under Interpersonal Pressure
External stereotypes were internalized as self-restrictive ideas
through intergenerational exchanges. N8 expressed that his
children’s belief that “the elderly are easily deceived” made
him feel “afraid to look, lest my children get into trouble,” while
N10 stopped asking questions after encountering his children’s
“impatient” attitude, illustrating how adverse feedback within
the familial context reinforced avoidance behavior. This social
pressure may be viewed as a manifestation of “group identity
threat,” leading older adults to preserve interpersonal harmony
by refraining from technological involvement.

PR: Safety Concerns Intensify the Crisis of Confidence
Technical risk issues combined with traditional age biases
resulted in a dual barrier to trust. The primary concerns for older
adults using mHealth apps were the security of personal
information and the protection of property. N3’s awareness of

concealed charges (“they charge you after asking a few
questions”), N2’s apprehension and concern regarding potential
fraud (“you will be scammed if you click on it”), and N12’s
doubt regarding the accuracy of information (“it’s a mix of truth
and falsehood, so it’s better to go to the hospital”) illustrated
the spillover effect of stereotype threat; anxiety consistently
undermined trust in technology, even when detached from
specific contexts.

Theme 3: Being a Target of Ageism

PE: Lack of Appropriate Health Information
Systematically disregarding the cognitive traits of older adults
resulted in ineffective health content. N3 indicated that “the
software content (in the software) is too difficult to understand…
too technical and hard to remember,” while N4 complained that
“the content is too technical.” These perceptions indicate a
failure in information design to accommodate age-related
changes in cognitive processing, such as declines in working
memory capacity, thereby reducing the perceived usefulness
and accessibility of the information provided. N5 revealed
deceptive advertising (“the recommended products claim to
lower blood sugar, but there is no scientific basis for this”),
which decreased trust in technology and highlighted the
exploitation of older adults for profit.

EE: The Absence of Age-Friendly Design
There were considerable age-related deficiencies in interface
interaction. N4 emphasized the lack of physiological adaptation,
stating that “There is no version specifically designed for the
elderly... the font should be enlarged.” N8 emphasized the
necessity for multimodal requirements, asserting that “the voice
version should be directly audible.” N9 criticized the
“cumbersome operations and unfriendly interface,” specifically
highlighting the design issue of prioritizing “technology-centric”
over “user-centric” in product development. The lack of
age-appropriate design increased the learning burden for older
adults and reduced the user experience.

SI: Disruption of Systemic Support
The intergenerational influence within families significantly
impacted technology usage. N1 was designated as “specialized
in buying fake medicine” and prohibited from using mHealth
apps, while N4 encountered limitations due to his children’s
concerns regarding possible financial exploitation,
demonstrating that protective measures resulted in technological
deprivation.

The health care system offered minimal professional support.
N10 noted, “The medical staff didn’t mention it and told me to
go to the hospital,” whereas N1 stated, “Sometimes when I ask
them, they get a little impatient.”

FC: Imbalance in the Allocation of Resources
Public health education resources were insufficiently integrated
into digital platforms. The lack of resources intensified the
technological marginalization of older adults. Some older adults
exhibited confidence in official information sources and a desire
to gain knowledge.
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There are no such platforms available on a regular
basis, so I don’t know what software is available or
which software is suitable for us. Apart from what
the nurses at the hospital recommend, I don’t know
anything else. [N8]

Because we are older and our health is not very good,
we tend to have relatively limited access to
information. [N9]

PR: Information Leakage and Lack of Trust
Older adults often mentioned challenges associated with
breaches of personal information, excessive promotional
communications, and misleading marketing practices from
unregistered medical institutions.

I don’t know how they got my personal information.
Many “doctors” send me text messages. [N10]

They recommend products that claim to cure diabetes,
but that’s a scam… We also try to verify the
authenticity of such information. [N8]

There are too many scams… They tried to sell me
health supplements, so I just deleted the messages.
[N11]

Discussion

Principal Findings
This study examined the ageism encountered by older adults in
the community while using mHealth apps and the mechanisms
through which it impacts them. The primary findings indicate
that ageism obstructs the adoption and utilization of mHealth
apps via 3 principal pathways of the RAM model: Stereotype
internalization in older adults leads to the attribution of
operational difficulties to aging, resulting in a self-perception
of technological incompetence. This perception diminishes their
acknowledgment of the benefits of mHealth and establishes a
challenging learning threshold to surpass. Stereotype threat
induces anxiety avoidance, characterized by fears of privacy
breaches, worries regarding operational failures, and excessive
protection or negative feedback from family members. These
factors collectively result in the active avoidance of technology
exploration and usage. External unfair treatment, evident in
age-inappropriate design flaws in apps, including complex
interfaces, limited information availability, and insufficient
support systems, creates barriers to usage and diminishes the
perceived value of these apps. Research indicates that ageism
operates at various levels, including individual cognition, social
interaction, and the technological environment, creating
substantial barriers that impede older adults’ integration into
digital health.

Reconstructing Digital Health Cognition in Older
Adults: A Dual-Pathway Intervention to Enhance
mHealth App Usage Effectiveness
Older adults typically internalize the stereotype that “age dictates
technological ability.” This belief leads to attributing operational
failures to age, avoiding the learning of new technologies, and
concerns about inconveniencing others. Consequently, this
significantly diminishes their willingness to use mHealth apps

and undermines their sense of self-efficacy [32]. This cognitive
pattern establishes obstacles in 3 dimensions—PE (diminished
perceived health value), EE (reduced learning motivation), and
FC (increased perceived learning costs)—illustrating the
self-fulfilling prophecy of stereotype threat within the RAM
model [33-35], thereby compromising well-being and impacting
physical health [36]. Interventions should implement a dual
approach to address this phenomenon. Positive narratives should
be employed to highlight success stories among peers, such as
in chronic disease management, underscoring that proficiency
with technology is contingent upon practice rather than age,
while minimizing the notion of “technological disadvantage.”
Meanwhile, an educational approach characterized by “low
threshold+high feedback” should be adopted. This involves
deconstructing essential functions, such as blood pressure
monitoring and medication reminders, while offering voice
navigation and immediate feedback to build successful
experiences, improve self-efficacy, and encourage proactive
health behaviors [37].

From Substitution to Empowerment: Developing a
Novel Paradigm for Digital Health Support for Older
Adults
Research indicates that benevolent ageism, characterized by
overprotective family members and insufficient support from
medical personnel, exacerbates older individuals’ perceptions
of incompetence [16]. The original intention may be to protect
older adults; however, it implicitly stereotypes them as deficient
in information, judgment, and technical skills, thereby
diminishing their willingness to utilize mHealth apps [17,18].
This discrimination establishes a vicious cycle of “external
rejection-self-rejection-behavioral withdrawal” through the
“being a target of ageism” path in the RAM model and the
“social influence” dimension in the UTAUT model. Studies
indicate that the advice and trust that kids give notably affect
older adults’ willingness to adopt technology, while positive
interactions between generations may improve perceptions of
aging [38], Studies indicate that the advice and trust that kids
give notably affect older adults’willingness to adopt technology,
while positive interactions between generations may improve
perceptions of aging [39]. Digital reverse mentoring should be
promoted to enhance older adults’ information literacy, while
improving medical staff’s negative perceptions of older adults
[40]. The objective is to shift the support framework from
“substitution” to “empowerment and accompaniment,”
motivating older adults to assume control over device operation,
acknowledging their advancements promptly, eliminating their
self-perception as “technologically disadvantaged,” and
enhancing their sense of worth as participants to digital health.

Eliminating Invisible Technological Barriers: A
Dual-Path Approach to Aging-Friendly Design and
Risk Prevention in mHealth Apps
Research indicates that only 40% of mHealth apps incorporate
older adults in the design process [41], and challenges such as
intricate interfaces, superfluous operations, and insufficient
information availability highlight invisible ageism at the
technology level. Analysis based on the UTAUT model: in the
EE dimension, design deficiencies such as small font sizes and
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poor-quality push notifications elevate learning costs [42]; in
the PE dimension, an overabundance of technical terms and
insufficient personalized guidance diminish perceived utility
[43]; in the PR dimension, apprehensions regarding privacy
breaches and misleading advertisements undermine usage
intentions [44,45], all of which exacerbate older adults’
self-perceptions of technological discrimination [41,46]. We
advocate adopting a dual-faceted strategy: in terms of
technology, implement age-appropriate features such as
adjustable font sizes and voice navigation [47], create
specialized and accessible health information [48], and engage
older adults in the initial design stages to mitigate stereotypes
[41]. In terms of risk prevention and control, establish data
protection methods to eliminate hazardous information [49],
while strengthening governmental regulation to create a
trustworthy environment. By systematically optimizing design
and management processes, obstacles to utilization by older
adults can be efficiently reduced, consequently enhancing digital
health inclusivity.

Multistakeholder Collaborative Empowerment:
Constructing a Social Support System for Older
Adults' Digital Health
Findings indicate that older adults frequently avoid engaging
with mHealth apps due to a lack of informational resources and
prevailing stereotypes (eg, “incapable of learning,” “poor
judgment”) [50], which results in a diminished perception of
resource support in the FC dimension. A multitiered support
network is essential: medical institutions should incorporate
mHealth guidance into health management services, and medical
staff must acquire aging-friendly instructional skills to establish
trust through recommendations from authoritative institutions.
Research indicates that 55.5% of older internet users have
encountered online risks [51], while also demonstrating
significant vigilance [52]. Governments need to encourage
platforms to enhance the digital environment, optimize
recommendation algorithms, and implement antifraud training
to bolster information discrimination capabilities. Through the
combination of professional support from the medical system
and social risk prevention and control, it is feasible to address
older adults’ demand for authoritative information while
mitigating digital risks. This approach enhances the perceived
benefits of mHealth apps and promotes healthy aging.

This study systematically elucidates the psychosocial
mechanisms by which age discrimination affects older adults’
adoption of mHealth apps, integrating and extending the
UTAUT and RAM models. This study extends the application
of the UTAUT model, confirming its efficacy and potential as
a qualitative research framework for examining the subjective
experiences of older adults. The integration of the RAM model
with UTAUT elucidates the impact of ageism’s psychosocial
mechanisms on critical aspects of technology acceptance,
providing fresh insights into the digital health barriers faced by
older adults. These findings have practical implications for
improving the delivery of digital health services in the
communities and hospitals of Shanghai. Community health
promotion activities must challenge stereotypes regarding older
adults, enhancing their confidence through peer modeling and

prompt feedback. Second, families and health care institutions
ought to transition from “substitute operation” to “empowering
accompaniment,” thereby reducing psychological barriers
through enhanced communication and initial guidance.
Ultimately, the optimization of technology and services should
be closely aligned with distinct user requirements, including
interface complexity, information credibility, and the availability
of continuous support.

Limitations
First, the sample size of this qualitative study is relatively small.
Although small, the sample has reached theoretical saturation,
meaning that adding more participants is unlikely to yield new
insights. The current sample is drawn exclusively from a single
community in Shanghai, which may introduce geographical and
cultural biases that limit the generalizability of the findings.
Second, despite using purposive sampling, selection bias may
still be present, as participants who are more positive or more
persistent in their usage of mHealth apps are more likely to
participate. To mitigate this effect, we deliberately recruited
participants who reported lower levels of mHealth apps usage.
Additionally, the study was limited to older adults living in the
community and did not include older adults in institutions such
as nursing homes, which may have overlooked the experiences
of ageism among more vulnerable groups. Therefore, future
studies should include a broader population for comparative
analysis to gain a more comprehensive understanding of the
experiences of ageism in the use of mHealth apps among
different groups.

In addition, this study used qualitative research methods, which
are inherently subjective. To improve the scientific rigor of our
research, we referenced qualitative research quality standards
and focused on the following areas: researchers engaged in all
interviews, recordings, and transcription processes to establish
trust with participants, thereby enhancing credibility. Purposeful
sampling was utilized to enhance the transferability of findings,
accompanied by comprehensive descriptions of the sample
characteristics. To ensure dependability, all interviews were
audio-recorded, and comprehensive interview notes, transcripts,
and research reflection journals were preserved. To ensure
confirmability, 2 researchers performed independent data
analyses, sought third-party consensus in cases of discrepancies,
and provided organized data to research participants for
verification. Although we used rigorous qualitative analysis to
minimize bias, incorporating quantitative methods could provide
more objective data, thereby improving the credibility and
scientific rigor of the results. Future studies should adopt a
mixed-method approach, combining qualitative and quantitative
data to gain a more comprehensive understanding, provide
objective indicators to enhance the reliability of the research
results, and quantify the impact of ageism on the usage of
mHealth apps. Finally, the duration of this study may limit our
ability to track long-term changes in older adults’ experiences
of ageism. Future studies should include long-term follow-up
to assess the temporal changes in ageism experiences and
technology acceptance behavior, thereby providing more
comprehensive insights and practical guidance for intervention
design.
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Conclusions
In this study, based on the extended UTAUT and RAM models,
we identified 3 significant issues related to ageism in the usage
of mHealth apps among older adults in the community:
internalized stereotypes, benevolent ageism, and aging-friendly
design flaws. We propose intervention strategies throughout 4
dimensions: psychological cognition, support systems,

technological optimization, and social networks. This research
is confined to a singular community sample located in Shanghai.
Future studies should enhance the geographical and cultural
diversity of the sample, implement longitudinal tracking and
quantitative methods, and perform comprehensive research on
the causal relationship between ageism and mHealth apps usage
behavior to establish a foundation for creating an inclusive
digital health environment.
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Abstract

Background: Mild cognitive impairment (MCI) is an intermediate state between normal aging and dementia, characterized by
subjective cognitive decline and objective memory impairment. Cognitive training has consistently shown short-term benefits
for individuals with MCI, but evidence on the long-term effectiveness is extremely limited. Given the progressive nature of MCI
and the need for sustainable strategies to delay cognitive decline, research on the long-term impact of cognitive training is necessary
and timely. Mobile-based platforms offer a promising solution by enhancing accessibility and adherence, but their durability of
effect over extended periods remains underexplored.

Objective: This study aimed to evaluate the long-term effects of a mobile-based cognitive training app on the cognitive function
of older adults with MCI.

Methods: In total, 28 older adults with MCI used Cogthera, a mobile cognitive training app based on metamemory training.
Participants completed 2 training sessions daily for 3 months, and 9 (32%) continued for an additional 12 months. Cognitive
function and quality of life were assessed using the Alzheimer’s Disease Assessment Scale-Cognitive Subscale 14 and EQ-5D-5L.

Results: Cognitive function improved over 15 months, as measured by Alzheimer’s Disease Assessment Scale-Cognitive
Subscale (F2,35.56=7.08; P=.003). EQ-5D-5L scores increased at 3 months but did not show sustained change at 15 months
(F2,42.14=3.40; P=.04). Greater cognitive improvements were associated with younger age, higher functional status, and lower
baseline cognitive function.

Conclusions: This study showed that long-term use of a mobile-based metamemory cognitive training app was associated with
cognitive improvements over 15 months. Although limited by the small sample size and the absence of a control group, these
findings suggest potential for mobile cognitive training as a sustainable intervention that warrants validation in larger trials.

(JMIR Aging 2026;9:e81648)   doi:10.2196/81648
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Introduction

Background
Mild cognitive impairment (MCI) is an intermediate stage
between normal aging and Alzheimer disease (AD). It has
emerged as a key target for early intervention to delay AD. MCI
is characterized by subjective cognitive decline along with
objective memory impairment without functional impairment
[1]. The prevalence of MCI is 6.7% among individuals aged
between 60 and 64 years and 25.5% among those aged between
80 and 84 years [2]. In addition, approximately 10% of
individuals with MCI progress to AD annually [3].

Nonpharmacological interventions, such as physical activity,
social engagement, and cognitive training, are widely
recommended to delay AD onset in MCI [4-7]. Cognitive
training has demonstrated superior efficacy in improving
cognitive function in short-term treatment [8-11]. Despite these
short-term benefits, few studies have examined whether
cognitive training produces sustained effects beyond 1 year
because of methodological difficulties [12]. Traditional cognitive
interventions also rely on in-person, paper-based sessions, which
can limit accessibility and adherence [13]. Digital cognitive
training based on a mobile app enables home-based, self-paced
engagement and has demonstrated greater participation [14].

We have previously reported the short-term efficacy of
metamemory training (MMT) [15,16]. Metamemory refers to
an individual’s awareness and understanding of their memory
functions, including their contents and processes [17,18]. MMT
is based on this concept and has been shown to be effective in
teaching mnemonic strategies and improving cognitive function
[19-22]. However, its long-term efficacy may need to be
investigated, especially with a mobile cognitive training app.

Objectives
This study aimed to examine the long-term effects of a cognitive
training app based on MMT in older adults with MCI. We
hypothesized that prolonged use of the app would lead to
sustained improvements in cognitive function.

Methods

Participants
Participants were recruited from 1 memory clinic. Inclusion
criteria were as follows: (1) aged between 55 and 85 years; (2)
diagnosed with MCI by trained psychiatrists or neurologists
according to the criteria proposed by Petersen [23]; (3)
ownership of a personal smartphone and no difficulties using
mobile apps; (4) if taking cognitive enhancers
(acetylcholinesterase inhibitors or memantine), a stable dose
maintained for at least 12 weeks before randomization; (5)
availability of a caregiver who spends more than 8 hours per
week with the participant and agrees to assist with follow-up
and clinical evaluations; (6) ability to independently make phone
calls to a caregiver using a smartphone; (7) no difficulties with
reading or writing in Korean; and (8) adequate vision and
hearing to participate in the clinical trial. MCI diagnosis was
based on the following criteria by Petersen [23]: (1) reported

concerns regarding cognitive changes, (2) impairment in 1 or
more cognitive domains, (3) preservation of independence in
functional abilities, and (4) absence of dementia [24].
Participants underwent cognitive assessments conducted by
clinical psychologists using the Clinical Dementia Rating (CDR)
and the Korean version of the Consortium to Establish a Registry
for Alzheimer’s Disease Neuropsychological Assessment
Battery (CERAD-NP). Eligibility criteria required a global CDR
score of 0.5 and performance at least 1.0 SD below the mean
in 1 or more memory domains of the CERAD-NP.

Exclusion criteria included the presence of serious physical
illness or psychiatric disorders that could interfere with study
procedures; the use of medications known to affect cognitive
function (except those taken consistently for at least 3 months);
and any neurological or medical conditions associated with
cognitive decline other than MCI, such as stroke, central nervous
system infection, head trauma, alcohol dependence, or
depression. Of the 40 participants screened, 10 (25%) were
excluded, 1 (3%) dropped out, and 1 (3%) experienced a stroke.
Data from 28 (70%) participants were analyzed.

Ethical Considerations
This study was reviewed and approved by the institutional
review board of Seoul Metropolitan Government-Seoul National
University Boramae Medical Center (20-2022-48). All
participants provided informed consent before participation.
All collected data were deidentified and stored securely, and
no personally identifiable information was accessible to the
research team. Participants received KRW 200,000 (US $136)
as compensation for their participation.

Intervention
Participants underwent cognitive training using Cogthera, a
smartphone-based app based on MMT developed by Youn et
al [16]. The structure and content of the Cogthera intervention,
including its implementation of metamemory-based strategies,
have been previously described in detail. The program was
designed to enhance key cognitive functions, including attention,
imagery, and association, which support effective memory
encoding and retrieval. Attention training helped participants
focus and concentrate on target information to facilitate deeper
encoding. Imagery training encouraged vivid visualization to
reinforce memory consolidation and retrieval. Association
training promoted the integration of new information into
existing semantic memory networks. Throughout the training
process, Cogthera provides personalized feedback and
dynamically adjusts task difficulty, enabling users to observe
and evaluate their cognitive processes independently.

A 15-month single-arm longitudinal study was conducted to
investigate the long-term efficacy of mobile-based cognitive
training. Participants completed a 3-month cognitive training
program using Cogthera, with 9 (32%) of the 28 participants
continuing an additional 12 months. The training program
consisted of 2 daily sessions, 7 days per week, with each session
lasting approximately 15 minutes. The first session comprised
3 core cognitive exercises targeting attention, imagery, and
association. The second session included 4 additional exercises,
selected from 9 available options, excluding those already used

JMIR Aging 2026 | vol. 9 | e81648 | p.119https://aging.jmir.org/2026/1/e81648
(page number not for citation purposes)

Lim et alJMIR AGING

XSL•FO
RenderX

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


in the first session. A personalized algorithm determined daily
exercise composition to optimize engagement. All participants
were able to use the Cogthera program independently without
external assistance. The detailed content of each exercise can
be found in Multimedia Appendix 1.

Measures

Alzheimer’s Disease Assessment Scale-Cognitive
Subscale 14
The Alzheimer’s Disease Assessment Scale-Cognitive Subscale
14 (ADAS-Cog 14) was used to assess the severity of cognitive
dysfunction [25]. This measure consists of fourteen tasks: (1)
word recall, (2) commands, (3) constructional praxis, (4) delayed
word recall, (5) naming, (6) ideational praxis, (7) orientation,
(8) word recognition, (9) maze, (10) number cancelation, (11)
remembering instructions, (12) comprehension, (13) word
finding difficulty, and (14) spoken language ability. The
ADAS-Cog 14 subdomains were categorized into 3 cognitive
domains: memory, language, and praxis [26]. The total
ADAS-Cog 14 score ranges from 0 to 90 points, with higher
scores indicating greater cognitive impairment, as the score
reflects the number of errors made across tasks.

CERAD-NP Assessment
The CERAD-NP was administered to assess cognitive function
[27,28]. This battery included the following neuropsychological
tests: (1) verbal fluency, (2) Boston Naming Test, (3)
Mini-Mental State Examination, (4) word list learning, (5)
constructional praxis, (6) word list recall, (7) word list
recognition, (8) constructional praxis recall, (9) Trail Making
Test, and (10) Stroop test. The CERAD-NP total score was
calculated as the sum of raw scores, with higher scores
indicating better cognitive function.

CDR Scale
The CDR scale was used to stage dementia severity [29]. This
scale is informed by semistructured interviews conducted with
both participants and informants, covering 6 domains: memory,
orientation, judgment and problem-solving, community affairs,
home and hobbies, and personal care. Each domain is scored
from 0 to 3, with the scores used in calculating the global CDR
score and the CDR-Sum of Boxes (CDR-SB). The global CDR
score is an ordinal scale ranked from 0 to 3 as follows: 0=no
cognitive impairment, 0.5=questionable or MCI, 1=mild
dementia, 2=moderate dementia, 3=severe dementia. The
CDR-SB is a continuous measure ranging from 0 to 18,
calculated by summing the individual domain scores. Higher
scores on both the global CDR and CDR-SB indicate greater
cognitive and functional impairment.

EQ-5D-5L Scale
The EQ-5D-5L was administered to evaluate health-related
quality of life [30]. This measure consists of five dimensions:
(1) mobility, (2) self-care, (3) usual activities, (4) pain and
discomfort, and (5) anxiety and depression. Each dimension is
rated on a 5-level scale, with response options ranging from no
problem to extreme problem. Responses were converted into a
single index score using a national-specific value set [31]. This
value set, derived from stated preference data collected from

the general population, assigns weights to each health dimension
level. The index score ranges from 0 to 1, with higher scores
indicating better overall health status. In contrast, a lower score
on each subdimension reflects a higher level of health in that
specific domain.

Data Collection
Participants who provided informed consent were screened
using global CDR and CERAD-NP. During the initial visit,
participants underwent cognitive function assessments using
ADAS-Cog 14 and completed self-reported questionnaires, such
as EQ-5D-5L. After completing these assessments, they were
provided with a smartphone preinstalled with Cogthera.
Follow-up data on ADAS-Cog 14 and EQ-5D-5L were collected
after 3 months of using Cogthera. In addition, further
assessments were conducted on 9 (32%) of the 28 participants
who continued using Cogthera for 15 months. Training
adherence was assessed using compliance, which was defined
as the proportion of completed sessions relative to the total
number of assigned sessions. The assigned frequency was 2
sessions per day, and compliance was calculated separately for
the initial 3-month period and the 12-month extension.

Statistical Analysis
Linear mixed model analyses were performed to assess changes
in ADAS-Cog 14 and EQ-5D-5L scores over time while
accounting for both intraindividual and interindividual variations
in longitudinal data. The models included time (baseline, 3 mo,
and 15 mo) as a fixed factor and participant as a random effect,
allowing individual variability in intercepts. To evaluate the
overall effect of time, type Ⅲ ANOVA was conducted.

To identify explanatory variables predicting intervention effects,
the least absolute shrinkage and selection operator (LASSO)
regression was used. This approach was used to identify the
most relevant predictors while minimizing overfitting [32]. The
outcome variable was the change in ADAS-Cog 14 at follow-up,
with LASSO models including age, sex, education, CDR-SB,
baseline ADAS-Cog 14 scores, and baseline EQ-5D-5L scores
as predictors. All variables were standardized by centering each
variable around the mean and scaling by the SD. The
regularization parameter, λ, was optimized using 9-fold
cross-validation to balance model complexity and predictive
performance. The optimal λ value was then applied to estimate
the coefficients of the selected predictors.

To contextualize cognitive changes observed in this study,
descriptive data from the placebo cohort of EXPEDITION
studies were used as a historical reference [33,34].
EXPEDITION and EXPEDITION-2 were multicenter,
double-blind, phase 3 trials of solanezumab, including 663
patients with MCI treated with a placebo. Cognitive function
was assessed using ADAS-Cog 14 at baseline and at 6 follow-up
points every 3 months over 18 months. Welch t test (2-tailed)
was conducted to compare data from this study with the
EXPEDITION placebo cohort at baseline, 3 months, and 15
months, accounting for unequal variances and sample sizes.

All statistical analyses were conducted using R software (version
4.4.1; R Foundation for Statistical Computing). Statistical
significance was set at P<.05, with all tests being 2-tailed. For
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the post hoc analysis of the linear mixed model,
Bonferroni-adjusted P values were reported. Effect sizes for the
fixed time effects were also reported, with partial eta-squared

(η2
p) computed from the corresponding F statistics. Missing

data were addressed through complete case analysis without
imputation. To ensure analytic independence, all data access,
monitoring, and statistical analyses were conducted exclusively
by authors not affiliated with the company. Company-affiliated
authors had no access to raw data and did not participate in data
cleaning, analytic decisions, or interpretation of results.

Results

Demographic Characteristics
A total of 28 participants were included in the analysis (Table
1). The mean age of participants was 72.8 (SD 6.7) years, and
the mean education level was 11.4 (SD 5.0) years. The sample
comprised a higher proportion of female individuals (20/28,
71%) and was predominantly composed of nondrinkers (27/28,
96%) and nonsmokers (26/28, 93%). The mean CDR-SB score
was 2.0 (SD 1.1), ranging from 0.5 to 4.0.

Table 1. Baseline demographic data for the participants (N=28).

ValuesDemographic characteristic

72.8 (6.7)Age (y), mean (SD)

Sex, n (%)

20 (71)Female

8 (29)Male

11.4 (5.0)Education (y), mean (SD)

Consortium to Establish a Registry for Alzheimer’s Disease Neuropsychological Assessment Battery (z scorea), mean (SD)

–0.5 (0.9)Word list learning

–1.6 (1.0)Word list recall

–1.7 (1.4)Word list recognition

–1.3 (0.9)Constructional praxis recall

2.0 (1.1)Clinical Dementia Rating-Sum of Boxes (score), mean (SD)

aA standardized score indicating how many SDs a value is from the mean.

Training Adherence
During the initial 3-month training period, participants
completed an average of 85.3% (SD 23.6%) of assigned
sessions. Among 9 (32%) of the 28 participants who continued
for an additional 12 months, mean compliance during the
extension period was 51.7% (SD 25.1%).

Intervention Effects of Cogthera
Linear mixed model analysis revealed a significant decrease in
total ADAS-Cog 14 scores over time, indicating improved

cognitive function (F2,35.56=7.08; P=.003; η2
p=0.28; Table 2).

Specifically, a significant decrease in total ADAS-Cog 14 scores
was observed over 15 months (Bonferroni-adjusted P=.001),
while the change over 3 months was not significant
(Bonferroni-adjusted P=.27; Table 3).

Table 2. Effects of time on cognitive function and quality of life.

P valueF test (df)15 mo (n=9), mean (SD)3 mo (n=28), mean (SD)Baseline (n=28), mean (SD)

Alzheimer’s Disease Assessment Scale-Cognitive Subscalea

.0037.08 (2, 35.56)25.56 (8.28)27.07 (7.73)28.18 (8.21)Total score

.092.53 (2, 35.83)20.44 (8.56)21.86 (6.29)22.25 (6.24)Memoryb

.211.64 (2, 35.83)0.56 (0.73)0.64 (0.83)0.86 (0.93)Languagec

.0027.11 (2, 39.33)1.33 (1.00)1.96 (1.10)2.32 (1.19)Praxisd

EQ-5D-5L

.043.40 (2, 42.14)0.84 (0.07)0.85 (0.04)0.81 (0.08)Index score

aLower scores represent better performance.
bSum of word recall, delayed word recall, orientation, and word recognition task scores.
cSum of naming, remembering instructions, comprehension, word finding difficulty, and spoken language ability task scores.
dSum of commands, constructional praxis, and ideational praxis task scores.
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Table 3. Longitudinal changes in cognitive function and quality of life.

P valueat test (df)Estimate (SE)

Alzheimer’s Disease Assessment Scale-Cognitive Subscale

Total score

.27–1.53 (35.06)–1.11 (0.72)3 months vs baseline

.001–3.74 (35.96)–4.33 (1.16)15 months vs baseline

Memory

.99–0.58 (35.17)–0.39 (0.68)3 months vs baseline

.06–2.25 (36.38)–2.42 (1.08)15 months vs baseline

Language

.16–1.81 (34.65)–0.21 (0.12)3 months vs baseline

.99–0.47 (36.83)–0.09 (0.19)15 months vs baseline

Praxis

.27–1.53 (35.78)–0.36 (0.23)3 months vs baseline

.001–3.76 (42.63)–1.35 (0.36)15 months vs baseline

EQ-5D-5L

Index score

.032.58 (35.29)0.04 (0.02)3 months vs baseline

.421.27 (49.19)0.03 (0.02)15 months vs baseline

aBonferroni-adjusted P values.

In the ADAS-Cog 14 subdomain analysis, praxis scores,
representing executive function, showed a significant decline

over time (F2,39.33=7.11; P=.002; η2
p=0.27), particularly over

15 months (Bonferroni-adjusted P=.001). The reduction in

memory scores was marginal (F2,35.83=2.53; P=.09; η2
p=0.12),

with a trend-level decrease observed at 15 months
(Bonferroni-adjusted P=.06). The overall effect of time on
language scores was not significant.

A significant change in the EQ-5D-5L index score was observed

over time (F2,42.14=3.40; P=.04; η2
p=0.14), with a statistically

significant increase from baseline to 3 months
(Bonferroni-adjusted P=.03). Among the EQ-5D-5L
subdimensions, mobility showed a marginal overall effect of

time (F2, 39.05=2.59; P=.09; η2
p=0.12), with a trend-level

decrease observed at 3 months (Bonferroni-adjusted P=.06).
Detailed results for the EQ-5D-5L subdimensions are provided
in Tables S1 and S2 in Multimedia Appendix 2).

Factors Associated With Intervention Effects on
Cognitive Function
According to the LASSO results, CDR-SB and baseline
ADAS-Cog 14 scores predicted score changes over 3 months,
while age, CDR-SB, and baseline ADAS-Cog 14 scores
predicted score changes over 15 months. The multiple linear
regression model, which included sex, CDR-SB, and baseline
ADAS-Cog 14 scores, explained a significant proportion of the

variance in score changes over 3 months (R2=0.40; adjusted

R2=0.33; P=.01; Table 4). Specifically, lower CDR-SB scores
(β=–0.51; P=.02), and higher baseline ADAS-Cog 14 scores
significantly predicted greater improvements (β=0.61; P=.01).
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Table 4. Factors predicting cognitive function improvements.

P valueR2 (adjusted R2)t test (df)βValues, estimate (SE)

.010.40 (0.33)Change over 3 monthsa

.061.970.692.60 (1.32)Sex

.02–2.53–0.51–1.78 (0.70)CDR-SBb

.013.010.610.28 (0.09)ADAS-Cog 14c

.030.81 (0.70)Change over 15 monthsd

.02–3.23–0.62–0.44 (0.14)Age

.02–3.47–1.10–4.80 (1.39)CDR-SB

.014.251.050.61 (0.14)ADAS-Cog 14

aScore obtained by subtracting the Alzheimer’s Disease Assessment Scale-Cognitive Subscale score at 3 months from the baseline Alzheimer’s Disease
Assessment Scale-Cognitive Subscale score.
bCDR-SB: Clinical Dementia Rating-Sum of Boxes.
cADAS-Cog 14: Alzheimer’s Disease Assessment Scale-Cognitive Subscale.
dScore obtained by subtracting the Alzheimer’s Disease Assessment Scale-Cognitive Subscale score at 15 months from the baseline Alzheimer’s Disease
Assessment Scale-Cognitive Subscale score.

The regression model, which included age, CDR-SB, and
baseline ADAS-Cog 14 scores, accounted for a significant
proportion of the variance in score changes observed over 15

months (R2=0.81; adjusted R2=0.70; P=.03). Specifically,
younger age (β=–0.62; P=.02), lower CDR-SB scores (β=–1.10;
P=.02), and higher baseline ADAS-Cog 14 scores significantly
predicted greater improvements (β=1.05; P=.01).

Comparison With Historical Placebo Data
The mean and SD data from a previously reported placebo
cohort were used for comparison at each time point. No
significant differences were observed between the Cogthera
group and the placebo group at baseline (t29.68=0.89; P=.38;
Figure 1). At 3 months, ADAS-Cog 14 scores in the Cogthera
group were marginally lower than those in the placebo group
(t30.63=1.81; P=.08). By 15 months, the difference became
statistically significant, suggesting greater cognitive
improvement in the Cogthera group (t8.55=3.01; P=.02).

Figure 1. Comparison of cognitive function between the Cogthera group and the historical placebo group. Error bars represent 95% CIs of the mean
Alzheimer’s Disease Assessment Scale-Cognitive Subscale 14 (ADAS-Cog 14) scores at each time point.
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Discussion

Principal Findings
This study examined the long-term effects of a mobile-based
cognitive training app in older adults with MCI. ADAS-Cog 14
scores decreased over time, and EQ-5D-5L scores increased in
the early phase of training. Age, CDR-SB, and baseline
ADAS-Cog 14 scores were associated with the degree of
cognitive change. Although comparisons with a historical
placebo cohort are limited by differences in design and sample
characteristics, the observed reduction in ADAS-Cog 14 scores
over 15 months suggests a pattern of cognitive change associated
with long-term training use.

The primary finding of this study is the reduction in ADAS-Cog
14 total, memory, and praxis scores associated with long-term
use of Cogthera. While no meaningful change was observed at
3 months, a clearer reduction emerged at 15 months. This
delayed pattern may reflect the cumulative effects of training,
but it could also be influenced by practice effects, familiarity
with test procedures, or natural fluctuations in cognitive
performance. These possibilities underscore the need for
cautious interpretation, particularly in the absence of a control
group. Even so, the overall pattern is consistent with previous
studies, suggesting that longer training durations are more likely
to yield detectable cognitive improvements [35]. Unlike other
ADAS-Cog 14 subdomains, language scores did not show
meaningful change. The small numerical variation observed is
likely to reflect measurement variability or stabilization rather
than the true effect of the intervention. This aligns with previous
research indicating that language tends to remain relatively
preserved in the early stage of cognitive decline compared with
other ADAS-Cog 14 subdomains [36,37].

Another finding is a rise in the EQ-5D-5L index score during
the first 3 months of training. This early change is consistent
with previous studies reporting short-term benefits in quality
of life among individuals with MCI, but the effect did not persist
at 15 months in this study [38-41]. This pattern suggests that
changes in perceived well-being may be limited to the initial
phase of training. Such early gains may also reflect nonspecific
factors, including placebo effects or heightened engagement at
the beginning of training.

Predictor analyses revealed that both short- and long-term
improvements in cognitive function were associated with lower
baseline cognitive function and higher functional status.
Participants with higher baseline ADAS-Cog 14 scores, which
indicate poorer initial cognitive performance, and those with
lower CDR-SB scores, which indicate less functional
impairment, tended to show larger reductions over time.
Previous research has reported conflicting findings regarding
the relationship between baseline cognitive performance and
cognitive training effectiveness [42]. Two competing hypotheses
have been proposed to explain this relationship: the
compensation effect and the magnification effect. The
compensation effect suggests that individuals with higher
baseline cognitive performance benefit less from training due
to limited room for improvement. In contrast, the magnification
effect proposes that they benefit more by leveraging greater

cognitive efficiency and plasticity. The findings of this study
align with the compensation effect, as participants with lower
baseline cognitive performance showed greater training-related
gains. This pattern suggests that Cogthera may have provided
compensatory cognitive stimulation. Such stimulation could
have helped individuals with lower baseline cognitive
performance make better use of their remaining cognitive
resources. CDR-SB reflects the pathological progression of
cognitive and functional decline and reliably differentiates MCI
from very early AD while predicting future progression [43-45].
The association between lower CDR-SB scores and greater
cognitive gains may suggest that individuals with preserved
daily function but greater cognitive vulnerability were more
responsive to training. These observations are broadly consistent
with compensatory mechanisms, while other explanations
remain possible.

Younger age was associated with modestly better cognitive
outcomes over the 15-month period. One possible explanation
is that younger participants may engage more consistently in
long-term digital interventions. Previous research has shown
that they tend to complete more training sessions and
demonstrate higher adherence. Such patterns of adherence may
help account for the cognitive changes observed in this group
[46-48].

These findings suggest that MMT delivered through a mobile
app may offer a scalable and accessible approach for individuals
with MCI. Mobile apps provide a practical alternative to
traditional cognitive training by allowing users to engage in
cognitive exercises at their convenience. As memory decline
has already begun in individuals with MCI, this approach may
serve as a supportive digital complement to existing strategies.
A potential strength of this study is the observation that
cognitive changes became more evident with prolonged use,
which may help inform future work on long-term digital
training. Given the lack of known adverse effects, mobile-based
cognitive training could represent a feasible and well-tolerated
adjunctive approach for older adults with MCI. It may be
particularly useful in cases where pharmacological treatments
carry a higher risk of side effects.

Limitations
Despite the observational insights provided by this study, several
limitations warrant careful consideration. First, the absence of
a control group limits internal validity, as it is not possible to
distinguish training-related changes from those that may occur
naturally over time. Without contemporaneous controls, causal
inferences cannot be drawn.

Second, although 28 participants initiated the study, only 9
(32%) continued to the 15-month assessment. Because long-term
participation was voluntary, those who remained may differ in
motivation or engagement. However, baseline comparisons
between participants who continued to 15 months and those
who participated only in the initial 3-month period showed no
significant differences in demographic characteristics, cognitive
measures, quality of life scores, or training adherence, as
presented in Table S3 in Multimedia Appendix 2. In addition,
baseline-to–3-month change scores did not differ between the
2 groups, indicating that early improvement was not greater
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among those who remained in the study. These findings suggest
that systematic baseline differences were limited, although
unmeasured factors related to motivation or persistence may
still have influenced long-term retention. The small number of
long-term participants also restricts the generalizability of the
15-month findings.

Finally, the overall sample size was small, constraining
statistical power and limiting the ability to detect subtle effects.
Future studies with larger, randomized, and more diverse
samples will be essential to determine whether long-term

mobile-based cognitive training produces reliable and sustained
effects in individuals with MCI.

Conclusions
This study suggests that a mobile-based MMT app may offer
supportive benefits for cognitive function in older adults with
MCI. Although methodological limitations constrain definitive
interpretation, the observed patterns indicate that mobile-based
cognitive training could be a feasible and accessible approach
for individuals seeking strategies to maintain cognitive health.
Continued evaluation in larger, controlled studies will help
determine the extent and durability of these potential effects.
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Abstract

Background: Population aging poses significant public health challenges. Older adults often face multimorbidity, functional
decline, and diminished quality of life. While physical activity can mitigate these effects, adherence remains low. Immersive
virtual reality (IVR) has emerged as a promising, engaging tool to promote physical and cognitive health in this population.

Objective: The review aims to evaluate the effectiveness of IVR interventions lasting 4 weeks or more on quality of life, physical
activity, pain, perceived effort, and adverse events in older adults.

Methods: A systematic review and meta-analysis were conducted following PRISMA (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses) and Cochrane guidelines. Literature was searched across PubMed, Web of Science, PEDro, and
Scopus, as well as sources of gray literature. Eligible studies included randomized controlled trials involving participants aged
>60 years, using IVR via head-mounted display. Outcomes assessed included quality of life, physical activity, pain, perceived
effort, and adverse events. Risk of bias and evidence certainty were assessed using Risk of Bias 2.0 and GRADE (Grades of
Recommendation Assessment Development and Evaluation), respectively.

Results: A total of 14 studies with 839 participants were included in the qualitative synthesis, of which 8 were eligible for
quantitative meta-analysis. The pooled analysis showed a statistically significant moderate effect of IVR on quality of life
(standardized mean difference [SMD]=0.48, 95% CI 0.1-0.8; P=.007), particularly in interventions lasting 10 to 12 weeks or
involving more than 600 minutes of exposure. For physical activity, no significant differences were found between IVR and
control groups (SMD=–0.2, 95% CI –0.7 to 0.4; P=.50). Evidence for secondary outcomes (pain, perceived exertion, and adverse
events) was limited and largely qualitative, with inconsistent findings. Pain outcomes, assessed in 2 studies, indicated reductions
in the IVR group, especially when multimodal approaches were used. Perceived effort was not systematically measured. Adverse
events were generally mild, with cybersickness being the most reported issue.

Conclusions: IVR interventions of 4 weeks or more appear to moderately improve quality of life in older adults, especially
those with clinical vulnerabilities or in institutional settings. Although effects on physical activity were not significant, trends
suggest potential with appropriate program design. Preliminary findings support IVR’s use in pain reduction, particularly when
incorporating emotional and multisensory elements. The low incidence of adverse events suggests good tolerability. Overall, IVR
is a promising and safe tool to support healthy aging, though further high-quality studies are needed to confirm these findings
and assess long-term outcomes.

(JMIR Aging 2026;9:e80820)   doi:10.2196/80820

KEYWORDS

adverse events; immersive virtual reality; older adults; pain; perceived effort; physical activity; PRISMA; Preferred Reporting
Items for Systematic Reviews and Meta-Analyses; quality of life
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Introduction

By 2030, the population of adults aged ≥65 years is expected
to reach 994 million (12% worldwide), intensifying pressures
on public-health systems [1]. From a biological perspective,
aging is defined as a complex and progressive process that
affects multiple systems, leading to a decline in functional
capacity and increased vulnerability to various pathologies [2].
Aging is often accompanied by impairments such as loss of
muscle strength, cognitive decline, and a heightened risk of falls
and disability, all of which negatively impact the autonomy and
quality of life of older adults [2-4].

In this context, it is crucial to identify effective strategies that
support health and well-being in later life, with physical activity
being one of the fundamental pillars for promoting healthy aging
[5]. In older adults, physical activity is associated with better
physical function, preservation of cognition, and enhanced
quality of life. It is also linked to lower disability in activities
of daily living, fewer falls, and a reduced risk of
neurodegenerative diseases such as dementia [6-9]. Moreover,
it has been linked to decreased mortality rates, and it is a leading
modifiable determinant of healthy aging with a dose–response
association to all-cause and cardiovascular mortality in older
adults [10,11]. However, despite the available evidence, the
proportion of older adults who meet physical activity
recommendations remains suboptimal [11]. Several factors
contribute to this, including lack of awareness of the benefits,
fear of pain or falling, low motivation, and environmental
barriers [12].

In this regard, immersive virtual reality (IVR) emerges as a
potential nonpharmacological therapeutic alternative. Through
3D-simulated environments experienced via devices known as
head-mounted displays, IVR offers an immersive experience
in which users can interact with the virtual environment [13].
IVR’s sensorimotor immersion and playful elements may
support engagement with physical activity, but current evidence
is exploratory and based on a small feasibility trial [14]. Because
IVR may enhance motivation and engagement, it is clinically
and pragmatically important to test whether multiweek IVR
programs can change physical activity behavior. Accordingly,
our protocol designated physical activity as a coprimary outcome
[15]. Additionally, its design allows for the adjustment of
difficulty levels, making it a customizable alternative [16,17]—a
feature considered essential in exercise prescription [18].

On the other hand, IVR has also proven useful in interventions
aimed at cognitive stimulation and reminiscence, thereby
expanding its range of applications in the context of active aging
[19,20].

Currently, evidence suggests that IVR may benefit balance,
mobility, cognition, and psychological well-being. However,
some trials have reported mixed or modest effects [20-23]. These
findings highlight the need for standardized outcome measures
and adequately dosed programs in future research. These
interventions have been implemented in both healthy individuals
[21,24] and those with chronic medical conditions [22] or mild
cognitive impairment [20]. However, existing reviews often
involve short intervention periods [25]. This limits the ability

to observe sustained long-term effects and may inflate
immediate benefits [15,21]. Therefore, the focus is placed on
programs delivered over periods that map onto the recall
horizons of core quality-of-life instruments, a window that also
coincides with the early emergence of neural and motor
adaptations in response to training [26-30]. Trials in older adults
have reported measurable gains over such intervals—cognition,
balance, and functional outcomes [31-34]. Importantly, centering
analyses on these exposure windows reduces the susceptibility
of very brief interventions to novelty and Hawthorne effects
[35]. In line with the World Health Organization’s (WHO)
healthy aging agenda, which prioritizes functional capacity and
well-being as central goals in aging societies, we selected quality
of life and physical activity as primary outcomes. These
measures are patient-centered indicators of healthy aging and
modifiable behavior, making them particularly relevant
assessment criteria [36].

Prior reviews in older adults have primarily established that
virtual reality (VR) is acceptable and feasible, while noting that
evidence for effectiveness remains limited [15]. Other syntheses
have focused on exergames and outcomes such as balance in
long-term care facilities, aggregating heterogeneous exposure
durations and without a prespecified minimum dose [37]. More
recent randomized controlled trial (RCT)-only reviews of
head-mounted display VR suggest benefits for physical activity
and broader well-being, but do not isolate ≥4-week programs
as an a priori inclusion criterion [38]. To our knowledge, no
systematic review has focused exclusively on IVR interventions
in older adults with a minimum duration of ≥4 weeks as an a
priori inclusion criterion.

The objective of this systematic review and meta-analysis is to
evaluate the effectiveness of IVR interventions lasting 4 weeks
or more on the quality of life, physical activity, pain, perceived
effort, and adverse events in older adults.

Methods

The protocol for this systematic review and meta-analysis was
registered in the International Prospective Register of Systematic
Reviews (CRD420251019170). It was conducted following the
recommendations of the Cochrane Collaboration and the
PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses) guidelines (Checklist 1) [39]

Search Strategy
A bibliographic search was completed between March 15, 2025,
and June 15, 2025, in all the following databases: PubMed, Web
of Science, PEDro, and Scopus. Additionally, we systematically
searched for gray literature. This included searches in
ClinicalTrials.gov, the WHO International Clinical Trials
Registry Platform, ProQuest Dissertations & Theses Global,
and medRxiv. Search strategies used are available in Multimedia
Appendix 1 [14,18,24,29,40-53].

We also carried out a “snowball” search to identify additional
studies by searching the reference lists of publications eligible
for full-text review.
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Inclusion and Exclusion Criteria
Inclusion criteria were defined according to the PICOS
(population, intervention, comparison, outcome, study design)
framework: (1) we included studies only if all participants were
aged ≥60 years at baseline; (2) IVR intervention, alone or
combined with other therapies, lasting 4 weeks or more; (3) the
comparison group can be control, placebo, or another type of
intervention; (4) outcome measures related to physical activity,
quality of life, pain intensity, perceived effort, and adverse
events; and (5) randomized controlled trials (RCTs), crossover
clinical trials, and randomized mixed methods studies.

Exclusion criteria were: (1) studies with participants aged under
60 years, although the average age is 60 years or older; and (2)
studies whose intervention is defined as immersive but does not
use the head-mounted display.

No language restrictions were applied while searching.

Study Selection
Once the research question was defined, studies were identified
and screened accordingly. Following the search strategy, all
references were imported into Rayyan (Rayyan Systems Inc)
to exclude duplicate studies [54].

Two independent researchers (IT-C and JB-A) conducted the
study selection based on the predefined inclusion and exclusion
criteria. In cases of disagreement, a third researcher (HB-A)
was consulted to resolve discrepancies and reach a consensus.

Data Extraction
First, two researchers (IT-C and JB-A) independently extracted
key information from the included studies. In case of
discrepancies, a third researcher was consulted to resolve
disagreements. The extracted data included: first author and
year of publication, country, study design, sample size, age,
diagnosis, setting, type of intervention of the groups, hardware
and software of VR used, time of intervention (total amount of
time in h, session time, frequency, and number of wk),
outcomes, and follow-up period.

In the second phase, quantitative data for both primary and
secondary outcomes were extracted. For the primary
outcomes—physical activity and quality of life—as well as for
the secondary outcomes of pain, perceived effort, and adverse
events, mean and SD values were collected. When studies
reported both change scores and final values, the final values
were prioritized for analysis. When information regarding any
of the above was unclear, we contacted authors of the reports
to provide further details.

If data were only available in graphs, the graph digitization
software GraphGrabber 2.0.2 (Quintessa Ltd) was used for
extraction [55].

Risk of Bias
The methodological quality of the included studies was
independently assessed by 2 researchers using the Cochrane
Risk of Bias 2.0 tool for both parallel and crossover designs
[56]. In instances where discrepancies arose between the two
primary researchers, a third independent researcher was
consulted to resolve disagreements. This tool evaluates the risk

of bias across 5 domains: randomization process, missing
outcome data, measurement of outcomes, selection of reported
results, and deviations from intended interventions.

In addition, selective reporting will be judged by comparing
published outcomes with registered protocols when available.

Main Outcomes
The primary outcomes of this study were quality of life and
physical activity. Any objective or self-reported measure of
these outcomes was considered eligible for inclusion, provided
the instruments used demonstrated evidence of validity and
reliability. No restrictions were placed on the number or timing
of assessment time points (eg, baseline, postintervention, and
follow-up).

The secondary outcomes included pain intensity, perceived
effort, and adverse events. The same eligibility and selection
criteria were applied, with preference given to the numeric rating
scale (NRS) and visual analog scale (VAS) for pain intensity
[57].

Statistical Analysis
A meta-analysis was conducted to estimate the overall effect
of IVR interventions on quality of life and physical activity
levels in older adults. As the included studies used different
scales to assess these outcomes, the standardized mean
difference (SMD) was used as the effect size measure. In all
cases, higher scores indicated better outcomes, except for the
study by Rodríguez-Fuentes et al [43], which used the Parkinson
Disease Questionnaire (PDQ-39) scale, where lower scores
reflect a better quality of life.

All hypothesis tests were 2-tailed, with statistical significance
set at α=.05. Effect estimates are reported with 95% CIs. The
inverse variance method was applied using a random-effects
model, considering the expected clinical and methodological
heterogeneity among studies. For each outcome, 95% CI were
calculated, and a significance level of P<.05 was established.
The magnitude of the effect was interpreted according to the
Cohen criteria: small effect (SMD approximately 0.2), moderate
(approximately 0.5), and large (≥0.8).

Statistical heterogeneity was assessed using the chi-square test,
the   ² estimate, and the I² statistic. Heterogeneity was established

as low for I2=25%, moderate for I2=50%, and high for I2=75%.
Subgroup analyses were conducted based on type of control
group (active vs passive), intervention duration in weeks
(6‐8wk vs 10‐12 wk), and total exposure time (180‐480
min vs 600‐1800 min). In addition, a sensitivity analysis was
conducted by sequentially excluding each individual study to
assess its impact on the overall effect size and heterogeneity.

All statistical analyses were performed using Review Manager
(RevMan) version 5.4.1. The certainty of the evidence will be
assessed using the GRADE (Grades of Recommendation
Assessment Development and Evaluation) approach [58].

Deviations From Protocol
Several deviations from the International Prospective Register
of Systematic Reviews protocol occurred. The mental
component of the 12-item Short Form Survey (SF-12) was not
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analyzed to avoid conceptual overlap (Multimedia Appendix 1
[14,18,24,29,40-53]). Publication bias assessment was planned
but not performed due to <10 studies per outcome (Multimedia
Appendix 1 [14,18,24,29,40-53]). When required, means and
SDs were estimated from median (IQR) following validated
procedures (Multimedia Appendix 1 [14,18,24,29,40-53]).
Subgroup analyses were restricted to comparator type,
intervention duration, and total exposure; definitions and

limitations are detailed in Multimedia Appendix 1
[14,18,24,29,40-53].

Results

Study Selection
The selection process is illustrated in the PRISMA 2020 flow
diagram (Figure 1) in this review.

Figure 1. Flow diagram in this review. ICTRP: International Clinical Trials Registry Platform.

We found 1426 records in database searching. After duplicate
removal, we screened 1184 records, from which we reviewed
60 full-text documents. Later, we searched documents that cited
any of the initially included studies as well as the references of
the initially included studies. However, no extra studies that
fulfilled the inclusion criteria were found in these searches.

Ultimately, 14 trials met the inclusion criteria and were included
in the systematic review. Of these, 8 studies were included in
the meta-analysis. The remaining 6 studies were excluded from
the quantitative synthesis because they did not report outcome
measures corresponding to the primary endpoints analyzed in
the meta-analysis (ie, quality of life or physical activity).

Study Characteristics
This systematic review included 14 RCTs published between
2021 and 2025 [14,19,25,43-53], with a total of 839 older adults
and sample sizes ranging from 9 to 293 participants. While most
studies included older adults without specific diagnoses
[14,19,25,44,45], others focused on populations with cognitive
impairment or frailty [46-48,50], balance and mobility issues
[51], Parkinson disease [43], knee osteoarthritis [53], chronic
low back pain [52], or individuals with joint arthroplasty [49].

Regarding settings, 10 studies were conducted in community
centers or nursing homes [19,43-48,50-52], 3 in laboratory
conditions [44,52], and 2 at home [14,53].

Most studies focused on physical activity delivered via VR,
using environments that required movement [14,44,51]. In some
cases, VR-based physical activity was combined with usual
care or conventional rehabilitation, such as occupational therapy
or kinesiotherapy [45,49]. Other interventions emphasized
cognitive training delivered via VR [46], sometimes including
underdesk ergometers for simultaneous stimulation [47,48].
Some protocols included education sessions, followed by
structured VR-based exercise programs [25,53].

A few studies explored more therapeutic applications of VR,
such as immersive reminiscence therapy [19], or multimodal
pain management programs that integrated psychoeducation
and movement therapy [52]. One study used VR to simulate
daily living environments, aiming to promote autonomy in
participants with cognitive frailty [50].

Control conditions varied: some used usual care [19,45,47,50],
others applied active comparators such as conventional
rehabilitation or group-based exercise [14,43,48,49,51-53] and
a few used no-intervention or educational controls [25,44,46].
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Session durations typically ranged from 15 to 60 minutes, with
frequencies varying from 1 to 5 times per week over periods
from 4 to 12 weeks. The longest interventions, by Lo et al [53]
and Rodríguez-Fuentes et al [43], lasted 12 weeks.

Detailed tables summarizing the characteristics of each included
study are provided in Table 1 (study characteristics) and Table
2 (intervention characteristics). In addition, detailed
specifications of software, hardware, and outcome instruments
are provided in Multimedia Appendix 1 [14,18,24,29,40-53].
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Table . Study characteristics.

SettingDiagnosisAge (y)Sample sizeStudy designStudy ID

Laboratory-basedNSDeNIdn=60;

VRGb n=29;

CGc n=31

RCTaBarsasella et al (2021)
[44]

Clinical-basedNSDVRG: mean 85.08 (SD
8.48)

CG: mean 84.82 (SD
8.1)

n=24;

VRG n=13;

CG n=11

RCTCampo-Prieto et al
(2022) [45]

Clinical-basedCognitive impairmentVRG: mean 80.7 (SD
8.8)

CG: mean 80 (SD 7.9)

n=60;

VRG n=30;

CG n=30

RCTChiu et al (2023) [46]

Clinical-basedNSDMean 74.1 (SD 6.5)n=20;

VRG n=10;

CG n=10

Pilot RCTDrazich et al (2023)
[24]

Home-basedNSDMean 66.8 (SD 4.8)n=9;

VRG n=5;

CG n=4

Pilot RCTKershner et al (2024)
[14]

Clinical-basedNSDMean 66.68 (SD 4.22)n=60.

VRG n=20;

RT group n=20;

CG n=20

RCTKhirallah Abd el Fatah
et al (2024) [18]

Clinical-basedCognitive frailtyMedian: 74 (IQR 9,5)n=15;

VRG n=9;

CG n=8

Pilot RCTKwan et al (2021) [48]

Clinical-basedCognitive frailtyMean 74.5 (SD 6.8)n=293;

VRG n=146;

CG n=147

RCTKwan et al (2024) [47]

Home-basedKnee osteoarthritisMedian: 63.5 (IQR
61.8‐66.3)

n=30;

VRG n=15;

CG n=15

Mixed methods pilot
RCT

Lo et al (2024) [53]

Laboratory-basedHip or knee joint
arthroplasty surgeries

Mean 69.59 (SD 6.16)n=68;

VRG n=34;

CG n=34

RCTMazurek et al (2023)
[49]

Parkinson AssociationParkinsonMean 70.79 (SD 6.59)n=52;

VRG n=30;

CG n=22

RCTRodríguez-Fuentes et
al (2024) [43]

Clinical-basedBalance and mobility
issues

NIn=60;

VRG=30;

CG=30

RCTSekar et al (2024) [51]

Laboratory-basedChronic low back painVRG: mean 75.0 (SD
5.8)

CG: mean 75.5 (SD
4.39)

n=22;

VRG n=11;

CG n=11

Pilot RCTStamm et al (2022)
[52]

Clinical-basedCognitive frailtyMean 80.20 (SD 9.14)n=66;

VRG n=33;

CG n=33

RCTZheng et al (2025) [50]

aRCT: randomized controlled trial.
bVRG: virtual reality group.
cCG: control group.
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dNI: no information.
eNSD: no specific diagnosis.
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Table . Intervention characteristics.

Follow-upFrequencyControl groupExperimental group (s)Study ID

—e15’

2 t/wc

6 weeks

TT:d 180’

No interventionPAa via VRbBarsasella et al (2021) [44]

—6’

3 t/w

10 weeks

TT: 180’

Usual care (occupational
therapy and memory work-
shops)

Usual care+PA via VRCampo-Prieto et al (2022)
[45]

—60’

1 t/w

8 weeks

TT: 480’

No interventionCognitive training interven-
tion via VR

Chiu et al (2023) [46]

—40’

2 t/w

8 weeks

TT: 640’

1 session of PA educationPA education+VRDrazich et al (2023) [24]

—45‐60’ minimum/w

4 weeks

TT: 180‐240’ minimum

PA via group videoconfer-
ence

PA via VRKershner et al (2024) [14]

3 months30‐45’

2 t/w

6 weeks

TT: 360‐540’

Usual care (daily personal
care, primary nursing care,
medical care)

EXP 1: IVRf reminiscence
therapy

EXP 2: Traditional reminis-
cence therapy

Khirallah Abd el Fatah et al
(2024) [18]

—30’

2 t/w

8 weeks

TT: 480’

Cognitive training on tablet
computers and motor train-
ing cycling on ergometer

Motor and cognitive training
on VR+underdesk ergometer

Kwan et al (2021) [48]

—20‐30’

2 t/w

8 weeks

TT: 320‐480’

Usual care (activities provid-
ed by the community cen-
ters)

Motor and cognitive training
on VR+underdesk ergometer

Kwan et al (2024) [47]

—30’

5 t/w

12 weeks

TT: 1800’

Lower limb exercisesHealth talk+lower limb exer-
cises via VR

Lo et al (2024) [53]

—VR sessions:

20’

2 t/w

4 weeks

TT: 160’

Conventional rehabilitation
(kinesiotherapy, ergothera-
py, laser therapy/magnetic
therapy/electrotherapy)

Relaxing VR+conventional
rehabilitation

Mazurek et al (2023) [49]

—25’

2 t/w

12 weeks

TT: 600’

Static Cycling using Smart
Cycloergometers

Cycloergometer+VRRodríguez-Fuentes et al
(2024) [43]

—2 t/w

8 weeks

Balance and mobility exer-
cises

Balance and mobility exer-
cises with VR

Sekar et al (2024) [51]
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Follow-upFrequencyControl groupExperimental group (s)Study ID

—30’

3 t/w

4 weeks

TT: 360’

Conventional multimodal
pain therapy (chair-based
group exercises and psychoe-
ducation units)

Movement therapy and psy-
choeducation via VR

Stamm et al (2022) [52]

—45’

2 t/w

12 weeks

TT: 1080’

Usual care (nursing care,
and routine activities like
finger exercises and holiday
paper cutting)

Scenarios with daily environ-
ments via VR

Zheng et al (2025) [50]

aPA: physical activity.
bVR: virtual reality.
ct/w: times/week.
dTT: total time.
e—: not available.
fIVR: immersive virtual reality.

Main Outcomes

Quality of Life
Among all 6 studies assessed quality of life using various
validated tools such as EuroQol VAS [44,53], SF-12 [45,50],
World Health Organization Quality of Life Scale Brief Version
(WHOQOL-BREF) [43,46] and PDQ-39 [46,50].

Overall, 5 studies reported improvements in quality of life
following IVR interventions. Chiu et al [46] and Zheng et al
[50] found the most notable effects, with WHOQOL-BREF
scores nearly doubling and significant gains in SF-12 mental
health, respectively. Only Barsasella et al [44] found no overall
differences in EuroQol 5D-3L scores between groups, though
improvements were noted in specific domains such as pain and
anxiety.

Physical Activity
Among all 3 studies assessed physical activity using both
self-report and objective measures (eg, Yale Physical Activity
Survey, Garmin Vivosmart 4, and ActivPAL accelerometry)
[14,25,53].

Drazich et al [24] observed modest gains in vigorous activity
within the VR group, despite stable weekly activity levels.
Kershner et al [14] reported greater gains in steps and vigorous
activity for the video conference group, though the VR group
improved more in functional capacity. Lo et al [53] found
slightly higher metabolic equivalent of tasks in the VR group,
but without significant differences.

Intensity of Pain
Out of all 2 studies addressed pain. Lo et al [53] used the NRS
and Western Ontario and McMaster Universities Osteoarthritis
Index subscale in patients with osteoarthritis, showing reductions
in both scores within the VR group (NRS: 5.93-4.78; Western
Ontario and McMaster Universities Osteoarthritis Index:

189.5-160.2), with minimal changes in controls. However, these
differences did not reach statistical significance when comparing
IVR to control, suggesting no conclusive effect attributable to
the intervention. Mazurek et al [49] reported a significant drop
in VAS scores in the VR group (5.27-0.88), exceeding
improvements in the control group.

Perceived Effort
None of the included studies systematically assessed perceived
effort using validated tools such as the Borg rating of perceived
exertion scale or comparable measures.

Adverse Events
Adverse events were reported in 7 of the included studies,
focusing on cybersickness [14,19,25,45,47,48,53]. Overall, most
studies reported minimal or mild adverse events. In the pilot
study of Kwan et al [47,48], 1 participant in the VR group
withdrew early due to persistent symptoms of cybersickness,
while the RCT reported low incidence rates (0.7%-3%) across
293 participants. Kershner et al [14] observed mild symptoms
present in some participants. Lo et al [53] found that 5 out of
15 participants in the VR group reported mild adverse events
such as dizziness or visual fatigue, though these did not result
in discontinuation.

Risk of Bias in Studies
Most studies were judged to be at high risk of bias, except for
3 studies that showed a moderate risk [49,50,53]. All studies
demonstrated low risk in domain 3 (missing outcome data). In
domain 4 (measurement of the outcome), all but 3 studies were
rated as high risk [49,50,53]. In domain 5 (selection of the
reported result), 3 studies were rated as low risk, while the
remaining studies were judged to have unclear risk.

As shown in Figure 2, the agreement rate achieved between the
2 researchers who completed risk of bias assessment was
81.43%. In case of disagreement, a third researcher resolved it.
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Figure 2. Risk of bias [14,18,24,43-53].

Results of Syntheses

Quality of Life
As shown in Figure 3 (effect of IVR on quality of life), a total
of 6 RCTs including 286 participants (IVR group: n=144;

control group: n=142) were synthesized to examine the effect
of IVR interventions on quality of life in older adults. The
meta-analysis yielded a statistically significant moderate effect
in favor of IVR compared to control conditions (SMD=0.48,
95% CI 0.1-0.8; P=.007). Heterogeneity was moderate (I²=52%;
P=.06;   ²=0.10), indicating some variability across studies.

Figure 3. Effect of immersive virtual reality (IVR) on quality of life [43-46,50,53].

As shown in Table 3 subgroup analyses were performed to
explore the potential influence of comparator type, intervention
duration in weeks, and total intervention time in minutes.
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Table . Subgroup analysis.

Between subgroups differenceHeterogeneity

I2b (%)

Random-effects modelParticipants, nStudies, nSubgroup

P valueChi-square (df)P valueSMDa (95% CI)

.890.02 (1)Comparator type

71.070.50 (−0.04 to
1.04)

1104    Passive con-
trol

0.050.48 (0.12 to
0.84)

822    Active control

.970.00 (1)Weeks of intervention

90.400.51 (−0.69 to
1.72)

1202    6‐8

0.0020.48 (0.18 to
0.79)

1724    10‐12

.990.00 (1)Minutes of intervention

80.230.49 (−0.31 to
1.28)

1383    180‐480

0.0030.49 (0.13 to
0.84)

2863    600‐1800

aSMD: standardized mean difference.
bI2: inconsistency index.

Within-subgroup analyses showed statistically significant effects
in some conditions. For instance, a significant effect was
observed in the subgroup receiving 600‐1800 minutes of
intervention (SMD=0.49, 95% CI 0.13-0.84; P=.003), in contrast
to the nonsignificant effect in the 180‐480 minutes group.
Similarly, the 10‐12 week intervention subgroup showed a
statistically significant moderate effect (SMD=0.48, 95% CI
0.18-0.79; P=.002), while the 6‐8 week group did not (P=.40).

Regarding comparator type, significant effects were observed
in the active control group (P=.05), but not in the passive control
group (P=.07). However, despite these within-subgroup
differences, the overall between-subgroup comparisons were
not statistically significant for any of the 3 variables assessed:

comparator type (P=.89), duration in weeks (P=.97), or total
minutes of intervention (P=.99). These findings suggest that
while effect sizes may vary descriptively across subgroups, such
differences are not supported statistically.

As shown in Figure 4 (sensitivity analysis of IVR effects on
quality of life), a sensitivity analysis was conducted excluding
the study by Chiu et al [46], which presented the largest effect
size (SMD=1.1). When this study was removed, the overall
effect in favor of IVR remained statistically significant
(SMD=0.3, 95% CI 0.08-0.6; P=.01), although the magnitude
of the effect was reduced. Notably, heterogeneity was eliminated
(I²=0%;   ²=0.00), suggesting that this study contributed
substantially to the observed heterogeneity in the main analysis.

Figure 4. Sensitivity analysis of IVR effects on quality of life. IVR: immersive virtual reality [43-46,50,53].

Physical Activity
Among all 3 RCTs involving a total of 59 participants (IVR
group: n=30; control group: n=29), IVR was assessed on
physical activity in older adults. The meta-analysis revealed no
statistically significant difference between groups (SMD=−0.2,
95% CI −0.7 to 0.4; P=.50).

As shown in Figure 5 (effect of IVR on physical activity),
heterogeneity among studies was minimal (I²=0%; P=.70;
  ²=0.00), indicating high consistency in the direction and
magnitude of effects across studies. Due to the small number
of studies, no subgroup or sensitivity analyses were performed
for this outcome.
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Figure 5. Effect of immersive virtual reality (IVR) on physical activity [14,24,53].

Certainty of Evidence
As shown in Figure 6 (assessment of evidence according to
GRADE), the certainty of the evidence for the outcome quality
of life was rated as low. Downgrading was applied due to very

serious concerns related to the risk of bias. For the outcome of
physical activity, the certainty of the evidence was rated as very
low. Downgrading was applied due to serious risk of bias, very
serious imprecision, and strong suspicion of publication bias.

Figure 6. Assessment of evidence according to GRADE (Grades of Recommendation Assessment Development and Evaluation). IVR: immersive
virtual reality; SMD: standardized mean difference. *Out of 6 studies, 4 contributing to this outcome were judged to have high risk of bias, particularly
due to issues in the randomization process, deviations from intended interventions, and selective reporting. The remaining 2 had some concerns. **Out
of the 3 studies, 2 were judged to have high risk of bias, particularly in randomization and outcome assessment. The overall certainty was downgraded
due to methodological limitations. ***The CI was wide and included both meaningful benefit and harm. The small sample size and lack of statistical
significance led to downgrading by 2 levels. ****Only 3 studies were included in the meta-analysis for physical activity, which prevents formal
assessment of publication bias. Due to the small number of trials and likelihood of selective reporting, strong suspicion of publication bias was considered.

Discussion

Principal Findings
To our knowledge, this review is the first to focus exclusively
on IVR interventions in older adults with a minimum duration
of ≥4 weeks as a predefined inclusion criterion. The findings
reveal a statistically significant moderate effect of IVR on
quality of life, especially in individuals with clinical
vulnerability or living in institutional settings. In contrast, no
significant effects were observed for physical activity, and the
direction of the results across included studies was inconsistent.
Although some isolated findings indicated minor improvements
in specific physical activity parameters, these were not replicated
across trials and were derived from interventions of limited
intensity or duration. As such, current evidence does not support
definitive conclusions regarding the impact of IVR on physical
activity, though it highlights important considerations for future
program design. On the other hand, given the limited number
of studies and heterogeneous measurement, secondary outcomes
(pain, perceived exertion, and adverse events) could not be
robustly quantified. We retained these outcomes because they
were prespecified in our protocol and are clinically salient, but
current evidence is insufficient to support firm conclusions.
Additionally, preliminary results indicate potential benefits for
pain reduction, and IVR was well tolerated, with low incidence
of mild adverse events.

Quality of Life
Our findings suggest a moderate, statistically significant
improvement in quality of life with IVR versus control;
however, the certainty of evidence is low due to risk of bias.
The observed effect size—approaching the 0.5 threshold
commonly regarded as clinically meaningful in geriatric
interventions—suggests a relevant improvement in this
population. The psychological sense of presence elicited by
IVR may diminish the perception of aversive stimuli such as
pain or anxiety and promote emotional regulation, intrinsic
motivation, and well-being [59,60].

Notably, the most pronounced benefits were evident among
older adults with clinical diagnoses, indicating efficacy in
individuals with functional vulnerabilities. This observation is
consistent with previous research reporting cognitive gains in
populations with mild cognitive impairment [61]. Moreover,
interventions implemented in residential or institutional
environments tended to yield more consistent and favorable
outcomes. In support of this, Li et al [62] reported that IVR
experiences in nursing homes enhanced not only well-being
and social engagement but were also perceived as meaningful
and motivating by participants.

Regarding intervention characteristics, programs incorporating
cognitive or functional components generated more substantial
improvements than those centered exclusively on physical
exercise. This may reflect the inherently multidimensional nature
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of quality of life, which integrates cognitive, emotional, and
social dimensions in addition to physical health [63].

In terms of duration, longer interventions (10‐12 wk or
exceeding 600 min) could be associated with more reliable
improvements in quality of life. This finding is aligned with
results from Vasodi et al [64], who reported that extended IVR
programs led to better outcomes in older adults’ mood and
well-being, potentially due to increased engagement, gradual
adaptation, and the consolidation of behavioral changes over
time.

Physical Activity
The effectiveness of IVR in promoting physical activity among
older adults appears to be highly contingent on intervention
design; however, in our review, the evidence is very uncertain.
The meta-analysis included only 3 randomized trials and showed
no statistically significant differences between IVR and control
groups, with inconsistent directions of effect across studies.
Coupled with the very low certainty of evidence, small total
sample size, and wide confidence intervals, these findings should
be interpreted as hypothesis-generating rather than
decision-informing. These findings align with previous evidence
suggesting that brief, lab-based programs are generally
insufficient to generate sustained behavioral change. For
instance, studies by Lo et al [53] and Drazich et al [24] reported
only modest or transient increases in activity, likely due to
seated, low-intensity exercises and short durations. In contrast,
research in younger adults shows IVR can elicit greater
physiological responses—such as increased oxygen consumption
and enjoyment—when compared to traditional 2D formats,
likely due to enhanced emotional engagement [65].

The success of longer, home-based interventions like those
reported by Dinet and Nouchi [66] may reflect the critical
importance of habit formation and environmental integration,
which require extended exposure periods and real-world
application contexts. However, such outcomes seem contingent
on the intervention’s ability to integrate into daily routines,
adapt to user capacity, and sustain motivation over time.

A further limitation is the reliance on self-reported physical
activity measures, which are subject to bias. Future research
should use wearable devices with validated protocols for
objective monitoring. Overall, IVR can support physical activity,
but only if programs are engaging, adaptable, and promote
long-term autonomous use.

Intensity of Pain
The effects of IVR on pain intensity in older adults show
heterogeneous results, probably conditioned by the design of
the interventions and the characteristics of the participants. In
the pilot study by Lo et al [53] with older people with knee
osteoarthritis, the differences in pain intensity did not reach
statistical significance compared to the control group, which
may be attributed to the limited format of the intervention,
focusing exclusively on strength without aerobic elements or
relevant visual distracters.

In contrast, the study by Mazurek et al [49] shows more robust
results: after 8 sessions of IVR with psychotherapeutic approach

and immersive relaxation, a significant reduction in pain was
observed, with a significant difference compared to the control
group. This effect could be explained by the inclusion of
psychological components, such as attentional distraction,
emotional reinforcement, and the use of therapeutic metaphors,
which have been associated with a downward modulation of
pain in previous neurobiological studies [67,68].

Additional studies reinforce this approach. Li et al [69] observed
a significant reduction in chronic low back pain in older adults
after 8 weeks of IVR combined with functional exercise,
highlighting increased adherence and reduced analgesic use in
the IVR group. Taken together, the evidence suggests that IVR
may be effective in reducing pain in older adults, especially
when applied with a multisensory, emotional, and adaptive
approach.

Adverse Events
The results of this review suggest that IVR is generally well
tolerated by older adults, with a low incidence of adverse events,
mainly related to mild symptoms of cybersickness (dizziness,
nausea, and visual fatigue). Studies such as those by
Campo-Prieto et al [45], Drazich et al [24], or Khirallah et al
[18] reported no adverse events, while others, such as Lo et al
[53], did observe mild symptoms in one third of participants,
with no related dropouts. In Kwan et al [47,48], one withdrawal
due to persistent cybersickness was reported, but in their later
study, with a larger sample size, the incidence was low
(0.7%‐3%). These findings are consistent with previous
reviews. Weech et al [70], in a systematic review, identified
that symptoms of cybersickness are common in immersive
environments, but their severity tends to be mild and dependent
on factors such as content type, duration of exposure, and
individual characteristics. Stanney et al [71] emphasized the
importance of individualized visor fit, especially interpupillary
distance, noting that poor fit significantly increases discomfort,
especially in women.

Overall, the evidence suggests good overall tolerability, although
not without some episodes.

Clinical Implications
The findings suggest that IVR may be a valuable clinical tool
to enhance the quality of life in older adults, particularly those
with functional limitations or in institutional settings. Given the
predominance of high risk of bias across several trials and low
to very low certainty by GRADE, the pooled effects should be
interpreted as signals of possible benefit, not as precise estimates
for clinical decision-making.

Interventions combining cognitive, physical, and motivational
elements show greater effectiveness. Although physical activity
outcomes were not significant, appropriate program design
appears crucial for adherence. Preliminary evidence also
supports IVR’s use in pain management, especially with
emotionally engaging approaches. Its low rate of adverse events
indicates good tolerability. With proper device adjustment and
supervision, IVR can be progressively integrated into geriatric
rehabilitation across various care environments.
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From a policy perspective, our findings align with the UN
Decade of Healthy Aging, particularly its priority on maintaining
functional ability and person-centered care. IVR could act as
an engagement-enhancing tool when embedded within routine
health and social care services [72]. Operationally, its integration
should be guided by WHO’s integrated care for older people
pathways in primary and community care and adhere to the
principles of the Global Strategy on Digital Health—namely
interoperability, equity, and evidence-based implementation
[72].

Limitations
This systematic review and meta-analysis present several
limitations related to its design and execution. First, although
the search strategy was comprehensive and included 4 major
databases, relevant studies indexed in other sources may have
been missed. However, no language restrictions were applied,
which mitigates selection bias. Second, the number of studies
eligible for inclusion in the meta-analysis was limited,
particularly for some outcomes such as physical activity and
pain, reducing the statistical power and precision of the effect
estimates. Additionally, due to the low number of included trials
per outcome (n<10), we could not perform funnel plots or the
Egger test to formally assess publication bias. Third, the
heterogeneity in outcome measurement instruments and
reporting formats across studies made it necessary to apply
specific criteria for data inclusion, such as prioritizing final
values over change scores and estimating means and SD when
only medians and interquartile ranges were reported. These
decisions, although methodologically justified, may introduce
some degree of imprecision. Finally, some planned subgroup
analyses could not be conducted due to insufficient data
availability. While sensitivity analyses were performed where
possible, the overall ability to explore sources of heterogeneity
was limited.

A wide range of instruments was used to assess quality of life
and physical activity (SF-12, EuroQol-5 Dimensions,
WHOQOL-BREF, PDQ-39, accelerometers, and self-report
surveys). While we synthesized conceptually similar constructs,

instrument heterogeneity reduces scale-specific interpretability
and likely contributed to between-study variance.

Future RCTs should address current evidence gaps by
prioritizing: (1) the use of standardized and psychometrically
validated outcome measures, particularly for physical activity
and perceived effort; (2) objective monitoring of physical
activity levels through wearable devices to reduce reliance on
self-report; (3) long-term follow-up assessments to determine
the durability of IVR effects on quality of life and functional
outcomes; and (4) cost-effectiveness analyses to evaluate the
feasibility of implementing IVR programs in real-world geriatric
care settings; and (5) future studies should focus on the analysis
of contextual factors—such as delivery model (standalone IVR
vs adjunct), supervision intensity, and care setting—as potential
effect modifiers. In addition, the main bias in the review was
due to the unblinding of assessors and nonregistered protocols;
therefore, future studies should (1) blind outcome assessors,
and (2) prospectively register protocols with a prespecified
analysis plan to prevent selective reporting.

Conclusions
IVR interventions lasting 4 weeks or more appear to moderately
improve quality of life in older adults, especially those with
clinical vulnerability or living in institutional settings. In
contrast, no significant effects were observed for physical
activity, and available evidence does not support a consistent
trend in favor of IVR. Further research is needed to determine
whether specific program designs could enhance its impact in
this domain. Pain, perceived effort, and adverse events are
included as secondary outcomes, but the evidence is sparse and
largely qualitative. Policies and previous research also support
the potential of IVR in reducing pain, particularly when using
multisensory and emotionally engaging approaches, although
the certainty of evidence is low to very low according to
GRADE; therefore, these findings should be interpreted with
caution. Overall, IVR is well tolerated and shows promise as a
safe, adaptable, and motivating tool to support healthy aging,
warranting further research in diverse settings.
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Abstract

Background: The theory of complexity in aging indicates that the complexity of sensor-derived physiological and behavioral
signals reflects an older adult’s adaptive capacity and, in turn, their frailty. Smart homes with ambient sensors offer a unique
opportunity to longitudinally explore the complexity of older adults’ indoor movement in a real-world setting. Here, we introduce
a computational method to estimate behavior complexity from sensor data. We further conduct a multiple-methods case series
to explore the relationship between entropy-measured smart home data complexity and older adult frailty.

Objective: This study aims to explore the relationship between entropy-measured ambient sensor data complexity and frailty
in independent community-dwelling older adults.

Methods: The nature of older adults’ indoor movement complexity is measured by quantifying the entropy of smart home data.
Overall, 11 cases with persons aged 65 years and older were drawn from an ongoing smart home study to illustrate the method.
We assessed weekly frailty for these cases using the Clinical Frailty Scale. For corresponding time ranges, we measured the
complexity of smart home data using a fixed-width sliding window and an entropy-based complexity index (Rényi Complexity
Index) built on a Universal Sequence Map (USM-Rényi). Descriptive statistics and graphical analysis were used to describe
intraindividual frailty and sensor complexity change.

Results: The complexity of sensor-observed indoor movement does change over time in older adults as quantified by the
computational method. In some individuals, these changes track with health transitions and frailty progression. The trends and
monotonicity of complexity trajectories varied between cases. Overall, 3 of the cases demonstrated a negative association between
frailty and complexity, while the association was not as clear for the other cases.

Conclusions: The complexity of older adults’ smart home data is highly diverse. Changes in health and frailty influence indoor
movement complexity. Although the findings suggest a relationship between frailty and complexity, confounding factors, such
as home layout, visitors, external events, and technology disruptions, may influence sensor signals.

(JMIR Aging 2026;9:e77322)   doi:10.2196/77322

KEYWORDS

entropy; complexity; smart home; movement; frailty

Introduction

Background
Frailty is a critical public health challenge among older adults
globally. It is characterized as a clinically identifiable state of
diminished physiologic reserve and heightened vulnerability to
stressors and affects. An estimated 10%‐15% of
community-dwelling individuals aged 65 years and older
experience frailty, with the prevalence escalating to 51% among
those aged 90 years and older [1]. This multifactorial syndrome,
encompassing multiple impairments such as physical weakness,
exhaustion, slow gait, low activity levels, and unintentional
weight loss, elevates risks for adverse outcomes like falls,

hospitalizations, functional decline, and mortality [1,2]. When
unaddressed, frailty imposes substantial economic burdens, with
frail older adult women incurring as much as 184% the health
care cost of nonfrail older adult women [3,4]. Poor outcomes
related to frailty strain health care systems and diminish quality
of life [3-5].

Most older adults prefer to remain in their own homes and
communities as they age. Despite this desire, age-related frailty
and its sequelae remain a threat to their independence and
quality of life. Older adults who are frail are more likely to
present with atypical, nonspecific symptoms of acute illness,
which include immobility, instability, incontinence, weakness,
and delirium [6]. This can put them at risk for poorer outcomes
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if such atypical signs are treated as the primary problem rather
than merely the manifestation of underlying, seemingly
unrelated illnesses. Thus, while frailty is a significant issue, it
also functions as a gateway to a wide array of other salient health
issues for older adults [7].

Two urgent challenges face older adults who wish to age in
place: (1) needing validated methods to detect incipient frailty
at home and (2) determining the best way to analyze these data
for predicting frailty that focuses on the efforts of early
intervention strategies [8]. This study addresses both challenges
by exploring complexity as a feature of frailty in smart home
sensor data. In the context of aging, the term “complexity” is
often used to describe difficult problems that must be mitigated,
making care more daunting [9]. While complex behavior is
often seen as a challenge in caregiving, from a systems theory
perspective, too little complexity may indicate diminished
physiological adaptability. The theory of complexity in aging
asserts that complexity is a direct indicator of the health of
physiologic systems and aging reduces this complexity, resulting
in frailty [10].

Sensors are ubiquitous in our world, and this reality is
accompanied by an increasing interest in discovering indicators
of human health using these sensors. These indicators serve a
similar function as conventional biological and imaging
biomarkers with less reliance on expensive lab equipment, visits
to remote sites for time-consuming tests, or physically invasive
procedures [11]. Digital biomarkers are valuable components
of geriatric telehealth and precision medicine since these
technologies support continuous, longitudinal, remotely
delivered measurement of intraindividual changes in older
adults’ health [12]. Among this class of markers are behavior
markers created from continuously collected sensor data, which
open substantial opportunities to explore the complex dynamics
of aging in an ecologically valid, real-world setting.

In this study, we enlist digital biomarkers to explore the
relationships between behavior and frailty. This is increasingly
important because the number of persons aged 80 years and
older is expected to triple between 2020 and 2050 [13]. With
the rise in age-related frailty and incidence of chronic conditions,
meeting the health needs of older adults is increasingly
burdensome. A review of unobtrusive frailty digital biomarkers
concluded that passive infrared motion sensors, especially as
part of a smart home, are the most promising type of embedded
ambient sensor for detecting frailty [14]. Smart homes were
promoted for their potential to uniquely inform individual
responses to disease or treatment.

Older adults prefer digital biomarker technologies that minimally
impose on their lifestyles [15]. From this perspective, digital
behavior markers derived from completely passive monitoring
(eg, ambient sensors embedded in residential environments)
offer advantages over those measured via semipassive or active
monitoring (eg, wearable sensors that must be routinely charged
and positioned) [14]. Smart homes represent a passive biomarker
technology that consists of ambient sensors to monitor
movement and door interactions, combined with a computing
infrastructure to collect, organize, and store the data [16]. The

resulting time series data can be analyzed to understand the
smart home resident’s health status.

Prior Work
The theory of complexity in aging hypothesizes that measuring
the complexity of a person’s sensor-derived signals can indicate
the underlying state of an older adult’s adaptive capacity [17,18].
We analyze a person’s behavioral signal complexity as an
indicator of their adaptive capacity or functional reserve,
referring to the capacity of their physiological and behavioral
systems to maintain or regain function when perturbed. In a
complex-systems view of aging, this reserve depends on the
multiscale dynamics that are present between the system
components [19]. These dynamics support homeostasis, the
process that maintains internal stability while adapting to
change.

In earlier work, researchers have investigated the use of
multiscale entropy (MSE) to quantify complexity across time
scales for physiological data. Bizovska et al [20] used MSE and
Shannon entropy to analyze gait complexity as a mechanism
for predicting fall risk in older adults. Castiglia et al [21]
investigated the selection of MSE parameters that yield the best
predictive probability in differentiating subjects with Parkinson
disease from healthy subjects based on trunk acceleration
patterns. Gao et al [22] use distribution entropy, which calculates
the complexity of signal pattern distribution within a phase
space representation, to determine whether pulse rate complexity
is associated with corresponding cognitive decline in older
adults.

Frailty is hypothesized to be an emergent state that arises from
a critically dysregulated complex system [9]. In other words,
the system dynamics may erode with aging and disease, causing
complexity to decline and frailty vulnerability to increase.
Evidence from cross-sectional studies suggests this process can
be observed as a change in complexity in a diverse range of
physiological and behavioral signals. For example, lower blood
pressure interbeat interval complexity, when the beat-to-beat
pattern becomes simpler and more uniform, is associated with
greater frailty and dementia risk [23]. Similarly, lower
moment-to-moment center-of-pressure complexity, such as
simpler, more regular sway, during balance tasks is associated
with increased future incidence of falls [24]. Reduced
complexity of spontaneous brain activity, measured via the
blood oxygenation signal, is associated with slower gait speed
[25], and lower physical activity complexity and variance are
associated with greater self-reported frailty [26] and mortality
risk [27]. These examples suggest that reduced signal complexity
may be a generalizable marker of physiologic decline.

Prior studies have measured the complexity of smart home data
[28,29]. These earlier studies included complexity as one of a
set of variables input to machine-learning models that were
trained for specific tasks such as detecting visitors or predicting
in-home movement [30,31]. Little is known regarding how
within-person complexity, in isolation from other variables,
evolves in relation to health outcomes over the long term. In a
study by Schutz et al [28], Shannon entropy of refrigerator use
was one of the strongest predictors of frailty (r=−0.25).
However, this analysis did not explore the evolution of
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complexity over time. A study by Takahashi et al [32] examined
activities over a 2-year period and found that increased activity
diversity manifested an inverse relationship with frailty. The
findings support our hypothesis, but they are based on survey
data rather than analysis of passively observed activity patterns.

Two prior studies applied complexity measures to data collected
by the Center for Advanced Studies in Adaptive Systems
(CASAS), the same data collection infrastructure used in this
study. Specifically, Wang et al [30] estimated complexity using
compression-based estimators to establish a theoretical limit on
the predictability of indoor human mobility. In an earlier study
by Gopalratnam and Cook [33], CASAS smart home data were
analyzed with a Lempel-Ziv compression-based incremental
parser to predict the resident’s next interaction with the home.
Although the smart home sites and analysis goals differed from
this study, the prior work established the use of such behavior
analyses from smart home data.

The common approach to predicting frailty leverages sources
such as electronic health records and manually collected clinical
data [34]. However, wearable sensors are increasingly accessible
and offer a mechanism for passively sensing and detecting frailty
[8]. Many frailty studies that analyze wearable data focus on
predicting physical frailty components such as slowness and
inactivity. These studies extract gait parameters such as cadence
and indicators of time spent walking and standing [35,36]. One
study instead analyzed Fitbit data that were collected while
individuals performed an upper extremity function test [37].
While the primary component of these analyses is accelerometry,
Merchant et al [38] combine these parameters with heart rate
to analyze scripted movements such as sit-to-stand, walk, and
climb stairs.

Wearable sensors have demonstrated the ability to sense and
quantify changes in movement parameters that are associated
with frailty. We focus here on monitoring activity and detecting
frailty using ambient sensors in smart homes. Ambient sensors
impose no user burden. Sensors collect data for multiple years
on a charge, which results in continuous, uninterrupted
monitoring of in-home behavior as a person’s health status
changes. Using wearable sensors, consistent multiday wear is
challenging, and adherence varies with demographics and
cognition [39]. While wearable sensors provide direct access
to heart rate and gait parameters, the smart home sensors
contribute context-rich information about location traces, sleep
and wake routines, and activity patterns that are not easily
modeled from wearable data [40]. Because we want to monitor
uninterrupted longitudinal behavior patterns, we focus this
analysis on data collected in smart home settings.

To address this knowledge gap, we present an exploratory case
series investigating how the complexity of older adults’ indoor
movement patterns, as captured by the CASAS smart home,
changes over time in relation to changes in their health status.
Considering that this relationship between complexity and frailty

has been observed across a diverse range of seemingly unrelated
physiologic and behavioral signals, we hypothesize that changes
in the complexity of time series obtained from smart home
sensors are similarly associated with changes in health status
and frailty of the older adult smart home occupant.

The case series design prioritizes investigation of intraindividual
interpretation and allows us to integrate each participant’s
clinical narrative into the analysis. To promote replication of
methods and application to new data, we make the analysis and
visualization tools publicly available for the community to use
in the calculation of sensor-derived behavior complexity.

Methods

Overview
We performed a multiple-methods exploratory case series,
combining participant narrative and qualitative nursing data
with complexity analysis of smart home sensor time series data
to contextualize intraindividual changes in complexity of indoor
movement. A case series analysis was chosen because the
method is useful for exploring intricate, real-world issues in
novel ways, especially when triangulating data from different
sources to discover differences and similarities across similar
cases. The method fosters a more nuanced, valid, and actionable
understanding of the cases under study.

Participants
We used secondary data from sensors installed in the homes of
community-dwelling older adults between October 2016 and
December 2022 as part of the ongoing clinician-in-the-loop
smart home research study [41]. To be included in the
clinician-in-the-loop study, participants had to be aged 60 years
and older, have at least 1 chronic condition, and had to be
proficient in English. For this case study series, we applied the
additional criteria of living alone without pets for the entire
duration of the data collection and collected a minimum of 9
months of smart home data. Cases were further excluded if a
majority of the days and sensors were missing. The resulting
sample consisted of 11 cases, representing a balance between
stable participants and those who exhibited frailty transitions.
For this case series, each participant is considered as 1 case.
Among these participants, cases 8 through 10 exhibited constant
frailty scores, while the others experienced frailty that fluctuated
throughout the data collection.

Participant cases included in the present analysis lived in
independent living apartments in continuing care retirement
communities. Most cases’ ages were in the range of 80 to 89
years, although 2 were aged 70‐79 years and 1 was aged
90‐99 years. All included cases identified as non-Hispanic
White, and 7 of the cases identified as women. Information
summarizing participants, their chronic health conditions, and
their home characteristics is provided in Table 1.
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Table . Demographics and data characteristics for each participant case.

Chronic condi-
tions

Window sizebDaysSensorsHome typeSexAgea (years)Case

CVc, NMd,

Paine

25,159310151-bedroom
apartment

Female80‐891

CV, Pulmf, Pain63,419416131-bedroom
apartment

Female70‐792

CV, Pulm, NM19,714366203-bedroom du-
plex

Female80‐893

CV, Pulm, NM33,358349131-bedroom
apartment

Female80‐894

NM, Pain60,800629151-bedroom
apartment

Male80‐895

CV, Pulm, NM,
Pain

28,951571121-bedroom
apartment

Female80‐896

Pain, CIg28,182385141-bedroom
apartment

Female80‐897

CV, NM, Pain49,303330222-bedroom du-
plex

Male70‐798

CV, Pain, CI35,31035411Studio apartmentFemale80‐899

CV, NM, Pain18,951264121-bedroom
apartment

Male90‐9910

CV, Pain34,903286131-bedroom
apartment

Male80‐8911

aTo preserve privacy, age is given as a range.
bSliding window size was determined by the maximum biweekly count of sensor messages (excluding OFF and CLOSE) observed in the participant’s
data.
cCV: cardiovascular.
d NM: neuromuscular.
e Pain: chronic pain.
fPulm: pulmonary.
gCI: cognitive impairment.

CASAS Smart Home
The CASAS smart home contains passive infrared motion
detectors, light, magnetic door use, and temperature sensors.
These sensors were installed strategically throughout each house
to capture activity in critical locations (Figure 1). At least 1

motion detector with a 360o view was installed in each room.
Additional motion detectors with a narrower field of view
(approximately 1 m in diameter) were positioned in areas of
high use, such as the bed, sinks, toilet, and frequented furniture
(eg, preferred living room chair). Because floor plans, furniture
layouts, and daily routines differed across each home, the

number of sensors installed for included cases ranged from 11
to 22.

CASAS sensors send messages containing their readings to a
middleware layer resident on a Raspberry Pi [16]. Architecture
components communicate using a Zigbee wireless mesh. The
middleware publish and subscribe manager allows hardware
components to publish and receive messages. And annotates
sensor readings with the corresponding sensor identifier and
timestamp. All collected data are encrypted and securely
transmitted to a password-protected server for storage and
analysis.

JMIR Aging 2026 | vol. 9 | e77322 | p.150https://aging.jmir.org/2026/1/e77322
(page number not for citation purposes)

Wuestney et alJMIR AGING

XSL•FO
RenderX

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


Figure 1. Location of sensors in a Center for Advanced Studies in Adaptive Systems smart home.

We examined data collected from the passive infrared and
door-use sensors. Each sensor samples the environment at 1.25
Hz. Rather than report the state at a constant frequency, the
sensors record data when a change in state is sensed (eg, a door
is opened, motion is detected). Once triggered, the sensor sends
a message reflecting the new state to a central relay, which
labels each message with the sensor identifier and timestamp,
then transmits the data to a secured database. The resulting
dataset is a timestamped series of binary messages (“ON” or
“OFF” for motion sensors, “OPEN” or “CLOSE” for door
sensors) indicating the time and location of the sensor reading
in the home. Because an ON message from a motion sensor is
followed by an OFF message (marking the end of movement
within the sensor’s field of view or lack of activity for 1.25 s),
both ON and OFF messages artificially inflated the regularity
of the data sequence. Following previous literature measuring
the entropy of smart home data [30,42], we excluded all OFF
messages from motion sensors and all CLOSE messages from
door sensors. Example deidentified CASAS datasets are
available online [43].

Clinical Data
For each participant, nurse researchers conducted an initial
comprehensive geriatric assessment, including functional status
in activities of daily living (ADL) and instrumental activities
of daily living (IADL), current health diagnoses, health history,
medications, fall history, psychosocial supports and family
presence, assistive device use, review of body systems, and
personal demographic history. Participants then received weekly
follow-up telehealth calls from a nurse researcher to assess for
any changes in health or function from baseline. Weekly nursing
data included, but was not limited to, vital signs, pain, sleep
quality, psychosocial well-being (including the presence of
visitors), changes in ADL and IADL status, and a brief review
of physiologic systems and daily routines [41].

Although frailty was not measured as part of the primary data
collection, the clinical data collected during the study provided
information to retrospectively estimate weekly frailty using the
Clinical Frailty Scale (CFS) [44]. The CFS is a 9-point scale
(1=very fit to 9=terminal illness) designed to guide a clinician
in assessing a holistic picture of a person’s frailty status using
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elements of a comprehensive geriatric assessment, including
overall activity level, functional dependence, and management
and control of chronic condition symptoms [45]. Two
CFS-trained nurse scientists reviewed the clinical data for each
participant and assigned a frailty score for each week of data

collection (Table 2). Changes in ADL and IADL independence,
use of a new assistive device, and descriptions of increasing
fatigue or “slowing down” were the most common health
changes associated with an upward shift in the participant’s
CFS score.

Table . Example Clinical Frailty Scale codebook with scores for case 4.

RationaleCFSb scoreDate (2017)Weeka

No change5July 2445

No change5July 3146

Decreased activity, increased weep-
ing lower legs

5August 747

“I have to be careful not to fall”6August 1448

Considering assisted living but hir-
ing in-home help

6August 2149

No change6August 2850

Losing weight, legs improving6September 451

Legs continue weeping due to heart
failure

6September 1152

Began using pursed-lip breathing,
moving less

6September 1853

Doctor’s visit, medication change6September 2554

Legs improving, taking diuretic6October 255

aWeeks 1‐44 (CFS score: mean 4.9, SD 0.33; range 4‐5); weeks 56‐60 (CFS score: mean 6.4, SD 0.89; range 6‐8).
bCFS: Clinical Frailty Scale.

Data Preprocessing
Because smart home data were collected in real-world settings
over extended periods, we needed to address missing and noisy
data. We screened each participant’s sensor data for evidence
of sensor malfunctioning, extended absences, and other issues.
Periods associated with participant absence for more than one
night (eg, vacation or hospitalization) were excluded from the
analysis. Additionally, any periods where all sensors did not
report readings, regardless of explanation, were excluded.
Periods with no messages from a given sensor were
cross-referenced with battery data from that sensor to confirm
whether the absence was due to a change in behavior or a sensor
malfunction. Sensors missing >50% of the observation time
over one or more consecutive days were excluded. Sensors
missing more than 50% of the observation period were either
excluded or they were included, and the time associated with
that sensor’s absence was excluded.

The varying size of the homes and the corresponding number
and density of sensors impact the scale of Rényi Complexity
Index (RényiCI) values we observe in each home. A
cross-sectional study would require that sensors be grouped into
larger, consistently sized sets or that the values be normalized.
For this study, we are interested in within-home RényiCI
changes, so no adjustments are made to the per-home RényiCI
scales. Because the sensors report binary state (motion ON or
OFF, door OPEN or CLOSED), the raw sensor values are not
normalized.

Some of the participants included in this study were enrolled
during the onset of the COVID-19 pandemic, which had a
dramatic global impact on daily activities. For those participants,
if the majority of a participant’s data were collected after the
pandemic onset, data from before March 16, 2020, were
excluded. Similarly, for participants with most data collected
before the pandemic, we excluded data from March 16, 2020,
onward.

Data cleaning included the removal of sensor data from analysis
for sensors sending “error” signals, which can occur when low
battery health or technical issues occur during installation. Only
2 homes were affected by this: case 1 (dining room area sensor,
hallway, bathroom sink, and door for the primary bedroom) and
case 5 (entry door, refrigerator, and bathroom area sensor). After
data cleaning procedures were applied, the series of timestamped
sensor messages was coded based on the sensor identifiers,
resulting in a time series of discrete (categorical) sensor states.
These discrete-valued series were then used to compute the
complexity of sensor state transitions over time.

Complexity Measurement
Understanding patterns in human behavior, especially those
that signal changes in health or frailty, requires tools that
quantify how predictable or irregular those behaviors are over
time. One such method is based on entropy, a way of measuring
complexity or unpredictability in a sequence of events. Almeida
and Vinga [46] introduced a technique to calculate this
complexity using a Universal Sequence Map (USM). This
approach turns a sequence of events (eg, daily activities recorded
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in a smart home) into a set of coordinates in a multidimensional
space. These coordinates reflect how often and in what sequence
specific symbols (eg, messages from home sensors) occur
relative to one another. Once the sequence has been mapped to
this space, the method estimates how densely packed these
points are in space using the kernel density estimation statistical
technique. The resulting density provides insight into whether
the behavior is highly repetitive (low complexity) or highly
varied (high complexity). Highly repetitive behavior may, for
example, reflect a person moving primarily between the living
room and bathroom each day. A more complex behavior will
vary the daily sequence and perhaps more frequently introduce
additional areas, including the guest room, the garage, and the
front door to leave the home.

Figure 2 illustrates the process of creating a USM. Unique sensor
readings are converted to symbols (A-D). USM coordinates are
calculated by assigning each unit symbol in the sequence to a
position in a multidimensional space. The positions are defined
so that each symbol is equally distant from the others, ensuring
that no symbol is biased in how the space is structured. The
number of dimensions of the space is chosen so that each distinct
symbol can be uniquely represented using binary digits. The
sequence is processed forward (considering prior context) and
backward (considering subsequent context), and the 2 resulting
maps are merged to capture bidirectional structure in the
behavior.

Figure 2. Plot of 2 sequences in a Universal Sequence Map. The last 4 symbols of sequence x are ACCA, and the last 4 of sequence y are CCCA. The
highlighted subquadrant contains the coordinate of the sequences’ last symbol, A.

The resulting space creates a unified framework to measure the
complexity of sequences from the resulting coordinates. To
quantify the complexity of these mapped sequences, Vinga and

Almeida [47] introduced a method that computes Rényi entropy,
a generalization of Shannon entropy, from the density of the
USM coordinate distribution. This approach is particularly
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effective for relatively short sequences, such as those
representing daily behavior in smart homes.

Since the idea of entropy was introduced in information theory,
many variations have been introduced to measure complexity
in different contexts. These measures vary by the type and
quantity of data they process, their sensitivity to noise, and their
assumptions about the underlying state space distribution. An
ideal measure of sensor-based time series complexity is one
that tends toward a minimum value for both deterministic and
random sequences while handling varying alphabet sizes and
being sensitive to changes in complexity over short sample
lengths. Rényi entropy of USMs was selected for our analysis
as a method that meets these constraints.

A key strength of this method is its flexibility: it can emphasize
either common or rare patterns, depending on how the
parameters are configured. Importantly, the frequency of any
subsequence of any length can be estimated by analyzing how
dense different regions of the USM space are. The kernel size
(ie, the size of the region considered) controls the length of the
subsequences being emphasized. We use this principle to
estimate Rényi entropy at multiple scales, where each scale
corresponds to a different behavioral timespan or sequence
length. This flexibility enables a multiscale view of behavioral

complexity, which we refer to as the RényiCI. An in-depth
tutorial and code are provided online [48].

Statistical Analysis
Because this case series investigates how the complexity of
motion sensor transitions, representing indoor movement
trajectories, evolves over time, we computed RényiCI for each
participant using a sliding window approach with a fixed
window size, n. The actual RényiCI values will shift with the
number of sensors in the space and the window size; thus, the
values should be examined for change within a single home
across multiple time points. Higher RényiCI values indicate
more complex behavior, while lower values suggest simpler,
more predictable patterns. The sliding window method evaluates
the time series in overlapping segments: starting with the first
n data points, it computes summary statistics, shifts the window
forward by a set number of steps, and repeats the process.

To ensure each window captured both routine cyclic behaviors
(eg, weekly housekeeping) and short-term variations, we defined
each participant’s window size as the maximum number of
sensor messages observed within any 2-week period (Table 3).
The window was advanced using a step size equal to one-quarter
of the window size.
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Table . Sliding window statistics for each case. Runs test results were omitted as all resulted in P values <.001.

P valueρaRényiCI statisticsSliding window

P valueKSdMedian
(IQR)

CoVb, cMean (SD)Days, medi-
an (IQR;
max)

CountCase

.480.11.410.10−45.89
(−46.07 to
−45.79)

.006−45.95
(0.26)

16.6 (15.5 to
17.2; 18.9)

701

.060.29<.0010.21−38.65
(−39.09 to
−38.47)

.015−38.85
(0.57)

24.7 (21.7 to
26.1; 30.8)

662

.360.12.290.11−61.94
(−62.18 to
−61.78)

.004−61.97
(0.23)

16.3 (15.4 to
16.9; 18)

803

.960.01.600.09−38.93
(−39.13 to
−38.74)

.007−38.91
(0.27)

18.1 (16.8 to
19.2; 21)

734

<.001−0.68.230.09−44.68
(−44.81 to
−44.51)

.004−44.66
(0.19)

18.1 (17.4 to
18.8; 30.7)

1215

<.0010.26.340.09−36.3 (−36.4
to −36.25)

.003−36.32
(0.10)

16 (15.5 to
16.6; 18.4)

1216

<.0010.42.770.07−42.76
(−42.84 to
−42.66)

.003−42.74
(0.14)

16.8 (15.6 to
17.7; 20.5)

827

——e.380.12−70.18
(−70.26 to
−70.01)

.003−70.13
(0.20)

17.1 (16.1 to
18.1; 20.1)

528

——.980.05−33.07
(−33.15 to
−32.99)

.004−33.07
(0.13)

18.3 (17.7 to
19; 20.6)

739

——.470.12−36.64
(−36.84 to
−36.43)

.007−36.64
(0.25)

18.9 (18 to
19.5; 22.6)

4910

.090.24.530.10−39.58
(−39.78 to
−39.35)

.006−39.58
(0.24)

15.5 (15 to
16.2; 18)

6511

aSpearman rank correlation.
bCoV: coefficient of variance.
cCoefficient of variance was computed as the SD/mean.
dKS: Kolmogorov-Smirnov distance.
eCorrelation is not provided because CFS is a constant.

To examine how the complexity of patterns relates to frailty
status, we visualized RényiCI values using time series plots and
categorical scatter (jitter) plots. Because RényiCI values can
vary in scale depending on the number of sensors and the
window size, we applied normalization within each case to
enable comparison. To assess temporal fluctuations in
complexity, we also computed the first-order difference of the
n o r m a l i z e d  R é n y i C I  s e q u e n c e :
ΔRenyiCI`t=RenyiCI`t-RenyiCI`t-1. Here, ΔRenyiCI`t
represents the change in normalized complexity between
consecutive windows.

To evaluate whether these complexity estimates varied
systematically over time (in comparison to random changes in
complexity), we applied Kolmogorov-Smirnov (KS) tests and

runs tests to each participant’s sequence of RényiCI values
under the null hypothesis of randomness. The KS test checks
whether the complexity values follow a normal distribution, as
would be expected with random data. The runs test looks at the
order of values in the sequence, rather than just the distribution,
to determine if they appear in nonrandom patterns. Computation
of USM-based RényiCI values was conducted in Python (version
3.9; Python Software Foundation) using our pyusm library [48].
This open-source package is publicly available and includes
tools for computing USM, USM-Rényi, and generating 2D
USM visualizations.

Finally, to resolve ambiguous quantitative results, sequential
explanatory techniques were used. Quantitative results were
reviewed alongside frailty scores assigned to each week of
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nursing narrative documentation, which included written text
about participants’ physical and functional health recorded
during weekly phone calls and monthly home visits. RényiCI
complexity values were compared to recorded CFS scores.
Lower complexity values combined with higher CFS scores
meant the participant was frailer.

Ethical Considerations
The Washington State University Institutional Review Board
approved the presented secondary analysis (protocol 18764)
and parent study (protocol 15412). All participants provided
informed consent, and their data were deidentified and securely
managed for analysis. Participation was voluntary and without
compensation.

Results

Distributional Characteristics and Statistical Testing
Figure 3 presents time series plots of normalized RényiCI, frailty
scores, and first-order differences in normalized RényiCI for
each case. In the plots, time is measured in observation days.
Summary statistics of overall RényiCI, KS, and Spearman rank
correlation values are reported in Table 3. The shape of the
RényiCI distributions varied notably across cases. Case 9
exhibited the only unimodal, symmetric distribution (Figure 4),
while the remaining cases showed skewness or kurtosis. Cases
1 and 2 were strongly left-skewed, while cases 3, 5, 10, and 11
displayed low kurtosis. Cases 3 and 11 also showed bimodal
distributions. Despite this heterogeneity, only case 2 showed a
statistically significant deviation from a random normal
distribution (P=.006) based on the KS test of normality.
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Figure 3. Plots of complexity, frailty, and complexity change as a function of time. Lower values reflect less complexity. Δ4RényiCI' represents the
value difference between sliding windows at times t and t-4. CFS: Clinical Frailty Scale; RényiCI: Rényi Complexity Index.
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Figure 4. Histograms of RényiCI values.

Overall, case participants ranged from “fit” (CFS=2) to “living
with moderate frailty” (CFS=6), although the trajectories of
frailty within each participant varied considerably (Figure 3).
For example, cases 2, 3, 7, and 11 all experienced periods of
elevated frailty but all recovered and returned to baseline by
the end of observation. Cases 4, 5, and 6 were the only cases
that increased in frailty over time, ending frailer than their
baseline. Most cases exhibited 2‐3 transitions in frailty over
time, with the extreme being case 2 with 7 frailty transitions.

While the goal of this study is not to directly infer CFS from
RényiCI values, we note that Table 3 shows a significant
correlation for all cases that have variable frailty scores. While
they are significant, the correlations are mostly quite small. The
overall correlation for all combined values is ρ=−.055 (P<.001).
These results indicate that while a relationship between
behavioral complexity and frailty can be observed, other factors
must be considered when assessing a person’s frailty from smart
home sensor readings.

As Figure 3 demonstrates, trajectories of sensor complexity
were similarly varied. RényiCI values for cases 1, 5, 7, and 9
exhibited downward trends over time, while cases 3 and 6
demonstrated an overall positive trend. Case 11 showed a
concave shape with a general downward trend in sensor RényiCI
for the first half of the data, followed by a general upward trend.
The remaining cases exhibited nonmonotonic fluctuations. In
each case, RényiCI values and frailty trajectories aligned with

frailty scores assigned by the CFS-trained researchers during
qualitative processing of clinical data.

Frailty-Complexity Associations
The relationship between frailty level and sensor data
complexity also varied from case to case. Figure 5 shows jitter
plots of RényiCI values by CFS score grouped by the number
of sensors installed in the home. Cases 5 and 11 exhibited a
negative trend between complexity and frailty, while cases 3
and 7 demonstrated a mostly positive trend. The range and mean
of USM-Rényi values shift farther from 0 as the number of
sensors in the home increases. The range of RényiCI for the
home with the fewest sensors (11 sensors) spanned
approximately −34 to −32, while in the home with the most
sensors (22 sensors), the range extended from about −71 to −69.

Initial runs tests applied to the full sequence of RényiCI values
were statistically significant (P<.001) for all participants,
suggesting nonrandom temporal ordering. To reduce potential
autocorrelation introduced by overlapping windows, we repeated
the runs tests on a downsampled sequence using every fourth
window. Under this condition, only cases 3 (P<.001) and 5
(P=.002) remained statistically significant.

To account for these differences, Table 3 also includes the
coefficient of variation (CoV) that normalizes the RényiCI SD
by the mean for each case. Cases 6, 7, and 8 exhibited the least
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amount of relative variability in RényiCI (CoV=0.003), while case 2 exhibited the highest (CoV=0.015).

Figure 5. Categorical scatter (jitter) plot of RényiCI values by frailty, grouped by sensor count and case. CFS: Clinical Frailty Scale.

The cases with statistically significant nonoverlapping runs
tests, cases 3 and 5, also represented the clearest long-term
monotonic trends. Case 3 demonstrated an overall increase in
complexity between the start and end of her data, while case 5
demonstrated an overall decreasing trend. The only RényiCI
distribution with a statistically significant KS test, case 2, had
some of the most extreme variation among the cases, with an
extremely left-skewed distribution and a coefficient of variation
5 times greater than the smallest coefficient of variation among
the cases. To explore possible explanations for the diverse
patterns of frailty and complexity trajectories observed, we
compared the frailty and complexity trajectories of the cases
with contextual information derived from the nursing assessment
records.

Data selection for cases 2 and 3 started at the beginning of the
COVID-19 pandemic shutdowns. The horizontal bars in Figure
3 represent sliding window durations (in days). For both cases,
the shortest windows are at the beginning of the time series.
The shorter sliding window durations during this period likely
reflect increased in-home activity, with participants generating
more sensor events due to spending more time indoors during
COVID-19 lockdowns. However, where RényiCI increased
steadily over the coming months for case 2, RényiCI decreased
steadily for case 3 (Figure 3).

Cases 2 and 3 also showed pronounced shifts in RényiCI
midway through the observation period. For both cases, this
period roughly correlates to a time period of hazardous air
quality caused by continued wildfire smoke over the course of
about a month. However, the steep dip in RényiCI for case 2
occurring between days 186 and 212 is short, while for case 3,
the sharp increase in RényiCI around day 231 appears to be a

vertical shift in their average complexity that continues for the
rest of her data.

Case Narratives

Case 2
A woman in her 70s with congestive heart failure and mild
asthma. She was independent at baseline (CFS=3) and in stable
health, which is consistent with the increasing RényiCI values
plotted in Figure 3 at the beginning of data collection. This
participant experienced 3 episodes of worsening fatigue and
shortness of breath (days 20‐54, 160‐215, 258‐397), which
impacted her ADLs and IADLs and contributed to transient
increases in frailty. During the first episode, the nurse’s report
indicated that “walking has been much more taxing on her this
past week. She will walk around the building today but runs
out of energy very quickly... her fatigue level has increased
significantly over the past week.” During the second episode,
the nurse reported “the last 3 days she noticed … more soa [sic,
shortness of air] and tired[ness].” During the third episode, the
nurse recorded a direct quote from the participant indicating
that she had “absolute fatigue beyond anything I’ve
experienced.” Two of these periods coincided with substantial
troughs in RényiCI, suggesting alignment between behavioral
simplification and functional decline. The primary movement
patterns manifested in the CFS score and measured by RényiCI
(ie, mechanisms of interest) were less in-home overall activity
and less time spent out of the home on walks and social activities
(frequency and duration). This case also had the highest
variability in complexity and was the only one with a statistically
significant KS test result. Possible gerontological clinical actions
informed by these results include recommendations to follow
up with the cardiologist, referral to a pulmonologist, and referral
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to senior services to determine whether the patient qualifies for
in-home care support services.

Case 3
A woman in her 80s with cardiovascular disease and
allergy-induced asthma. Initially independent, she experienced
progressive health decline, including 2 hospitalizations for acute
hypertension and dyspnea. Her frailty peaked after the second
hospitalization during a period of wildfire smoke, when she
relied full-time on a walker for ambulation. Nursing records
include statements during this timeframe like “no energy, has
not left the house since Thursday [4 d]” and “overall health is
declining.” Following physical therapy, she recovered and
reported no activity limitations by day 295. The nursing record
indicated that she “went shopping” and had “several visitors
over” across multiple days of the week. Her RényiCI trajectory
reflected this pattern. As shown in Figure 3, the RényiCI values
initially show a steady decrease aligned with the health issues.
After she received treatment and improved her ambulation and
functional independence, the RényiCI values showed a steady
rise in complexity. Notably, this case showed a strong monotonic
increase in RényiCI and passed the runs test even under
downsampling. This result provides evidence that the pattern
of increasing frailty, followed by improvement after treatment,
is distinct and nonrandom. The mechanism of interest impacting
her RényiCI trajectory was a renewed increase in time spent
out of the home (frequency and duration) concurrent with an
increase in the number of visitors. The case exemplifies how
RényiCI trajectories could help clinical gerontologists
understand treatment efficacy through novel remote patient
monitoring tools that include sensor monitoring and associated
behavior patterns.

Case 5
A man in his 80s with Parkinson disease. He began with mild
frailty (CFS=4) and was independent but slowed by symptoms.
Over time, he required increasing assistance with ADLs and
IADLs. Nurses recorded that he began to require assistance
“getting compression sock on in the morning and off at night”
and “needing help with laundry and housekeeping” and that his
daughter began assisting with bill paying. He experienced
multiple hospitalizations and rehabilitation stays and ultimately
progressed to moderate frailty (CFS=6). The moderate frailty
score was based on the nurse reporting “unsteady gait” and that
he “has cracked ribs from a fall last week” and his “symptoms
of PD [are] increasing, [and] noticeable upon observation.” His
RényiCI trajectory followed a corresponding decline, with
complexity peaking early and then falling across successive
rehabilitation episodes. This case also exhibited a significant
runs test and a clear downward trend in complexity. The
mechanism of interest in this case was more overall time spent
in his recliner chair, more nighttime sleeping in the recliner
chair, and the decreased time spent out of the home (frequency
and duration). This case illustrates how RényiCI trajectories
may support automated smart home monitoring aimed at
detecting increasing frailty upstream so interventions can be
implemented.

Cases 4 and 10
Both cases involved sustained or increased caregiving over time.
In case 4, RényiCI peaked just before caregiving began and
declined thereafter. Case 10, who had consistent caregiving
throughout, showed generally lower complexity than case 6,
who lived alone with the same number of sensors. These
comparisons suggest that increased caregiving frequency does
not necessarily lead to increased behavioral complexity as
measured by RényiCI. Older adults with consistent professional
caregiving are likely to experience slower rates of decline due
to the intentionality of caregiving, which aims to extend
independence through building physical, functional, and
cognitive strength. Findings could inform care planning and
resource allocation.

Discussion

Principal Results
This study introduces and applies a novel entropy-based
algorithm, the RényiCI, to quantify behavioral complexity from
smart home sensor data in older adults. Using a USM framework
with multiscale Rényi entropy, our method captures subtle
temporal dynamics in sensor-derived movement sequences. In
this exploratory case series, within-person indoor-movement
complexity, as exhibited by RényiCI values, fluctuated over
time. In several cases, these fluctuations coincided with frailty
changes.

Across 11 participants, we observed diverse complexity
trajectories, ranging from steady increases, steady declines, and
concave patterns to nonmonotonic fluctuations. Case-level
analysis revealed that greater fluctuations in complexity were
frequently aligned with periods of functional decline or recovery.
Notably, 2 cases (3 and 5) exhibited statistically significant
nonrandom patterns in complexity over time, confirmed by runs
tests on downsampled data, and showed clear monotonic trends
in behavior complexity that matched health trajectories. Only
one case (2) showed a RényiCI distribution that deviated
significantly from normality, corresponding with extreme
within-person variability and periods of worsening frailty.
Scatter plots further revealed heterogeneous associations
between complexity and frailty, with both positive and negative
trends across cases. Importantly, increased caregiver presence
was not associated with greater behavioral complexity,
suggesting that RényiCI may reflect intrinsic changes in
individual functional capacity rather than external support.

Changes in CFS scores fluctuated in alignment with changes
in RényiCI values for some cases, like 2, 3, 6, and 7. These
cases may suggest that changes in frailty do impact the person’s
behavioral routine and regularity. However, in cases 8 through
10, we observed changes in RényiCI values despite the lack of
change in frailty scores. This observation highlights the fact
that our findings provide 1 set of indicators of changes in frailty,
but should not be analyzed in isolation. Other factors, such as
visitors, seasonal effects, and external events, can also impact
behavioral routines. These should be controlled for when
examining frailty as a function of changes in RényiCI.
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While observed repetitive behavior may correlate with frailty,
the relationship is not one-to-one. Reduced complexity of
movement often, but not always, aligns with frailty progression.
Repetitive behavior can signal frailty because it reflects
narrowed activity routines, reduced introduction of new routine
elements, and corresponding reduced adaptability. At the same
time, we note that complexity is multifactorial. Other influences,
such as visitors in the home, home layout, and external events,
also affected the entropy measures. The results showed
nonmonotonic relationships in those cases. To interpret
complexity, it is therefore best to consider an individual over
time rather than compare cross-sectionally. Moreover,
interventions aimed at slowing the impact of frailty on
maintaining independence, like a smart home that projects
RényiCI trajectories, would be more helpful for older adults
living alone. Mechanisms of interest become difficult to
automatically recognize in multiresident homes where ambient
sensors detect movement from all residents.

Limitations
Several factors impacted the interpretation and generalizability
of our findings. First, entropy-based measures like RényiCI are
inherently sensitive to sample length and the number of sensors
deployed in a participant’s home. To prioritize intraindividual
validity, we customized the sliding window size for each
participant using a fixed number of sensor messages (n), rather
than a fixed time duration. This approach allowed for consistent
comparisons within individuals but introduced variability in the
time span covered by each window, both within and across
cases, limiting our ability to analyze complexity as a direct
function of chronological time. Future work could develop
correction factors for RényiCI to account for sample length,
enabling the detection of periodic, seasonal, or event-driven
patterns in indoor behavior.

Relatedly, interindividual comparisons were constrained by
differences in sensor configurations across homes. Participants
varied in the number and placement of sensors, affecting both
the density of event data and the scale of RényiCI values.
Standardizing sensor deployments in future studies would
facilitate more robust cross-participant comparisons and support
investigation into whether home-level sensor complexity
systematically relates to frailty markers at the population level.

The impact of the COVID-19 pandemic further complicates
interpretation. Several participants were enrolled during or
shortly after the onset of pandemic-related lockdowns, which
led to changes in daily routines, increased time spent indoors,
and potentially long-term shifts in behavior and social support.
These behavioral changes may have altered both the complexity
of movement and its relationship to frailty. Additionally, one
period of the study coincided with prolonged hazardous air
quality due to regional wildfires, which may have further
restricted participants’ movement and contributed to abrupt
changes in sensor complexity. Such exogenous events likely
altered daily routines independent of health. We therefore
interpret Rényi changes within homes and in the presence of
annotated event periods. We also provide event-excluded
sensitivities to reduce confounding.

Sensor noise and dropout also presented challenges. While
preprocessing steps excluded known periods of sensor failure
or participant absence, subtle forms of sensor drift or
inconsistent message delivery could still introduce noise into
the RényiCI estimates. Further improvements to sensor
reliability and the integration of sensor health metrics into
complexity analysis pipelines would strengthen future research.

In terms of statistical methods, the runs test was useful in
identifying nonrandom patterns in behavioral complexity over
time, but it is not well-suited to detecting more complex
temporal structures such as oscillatory or nonlinear trends.
Future research may benefit from time series models drawn
from signal processing or machine learning that can more
precisely characterize evolving behavioral dynamics.

Frailty measurement also posed a limitation. Because frailty
was not a primary outcome in the parent study, we relied on
retrospective CFS scoring based on weekly nursing reports.
This limits temporal precision and may miss subtle fluctuations
in functional status. Larger-scale studies using prospectively
collected frailty data, including both clinician-reported and
self-reported measures, could reveal more detailed associations
between complexity and health.

Finally, this sample was racially and culturally homogeneous,
limiting the generalizability of our findings. RényiCI analyses
should be interpreted as a within-home monitoring signal rather
than a cross-sectional diagnostic tool. As efforts to diversify
smart home research populations expand, it will be essential to
explore whether the relationships between sensor-derived
behavioral complexity and frailty differ across racial, cultural,
and socioeconomic groups. Inclusive, representative samples
are critical to ensuring that digital biomarkers are both effective
and equitable.

Conclusions
Detection of incipient frailty in community-dwelling older adults
is a key component to supporting their independence. The
findings in this study demonstrate that RényiCI, as a passive
and unobtrusive complexity metric, offers a promising tool for
monitoring functional health changes in aging populations and
may help enable early detection of frailty in real-world settings.
The PyUSM software package developed for this analysis is
publicly available and supports future application of this method
in diverse behavioral monitoring contexts. These findings
support the potential of entropy-based digital behavior markers
to unobtrusively monitor intraindividual health changes and
capture early signs of frailty in aging-in-place.

Future enhancements of this analysis may reveal additional
factors that influence change in indoor movement complexity
and inform how the complexity of smart home data may inform
clinical practice. For example, significant departures of RényiCI
values from a person’s complexity baseline may trigger a nurse
call or follow-up when integrated into a remote monitoring or
telemonitoring system. In routine care, weekly summaries of
the analysis would support triage and help care providers select
appropriate actions. Additionally, when performing a functional
assessment of an individual, a summary of the complexity trend
augments traditional frailty analysis to improve assessment and
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treatment options. Future work will also emphasize analytical
validity (repeatability and robustness across sensors and
windowing), clinical validity (prospective prediction of frailty
transitions), and clinical use (impact on downstream outcomes
such as unplanned care, falls, and functional decline) for diverse
homes and populations.

Additionally, future work should focus on integrating RényiCI
in machine learning predictive modeling as a high-level feature

to assist with identifying meaningful digital biomarkers [49].
Other temporal activities associated with frailty (eg, walking
speed, ADL, and IADL behaviors) could also be integrated to
optimize frailty classifications. Machine learning integration of
features from RényiCI values that signal possible increasing
frailty will support nurses and caregivers in providing timely
interventions, thereby potentially extending independence and
optimizing older adults’ outcomes.
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