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Editorial on the Research Topic
Aging-related factors in digital health: design, uptake, engagement,
and outcomes
This Research Topic explores digital health technologies designed to facilitate

chronic disease prevention and management for older adults. Adults over age 65

have a high prevalence of chronic diseases, with 86% having at least one chronic

condition such as diabetes or hypertension (1) and ∼12% reporting subjective

cognitive decline (2). These conditions are costly: in recent estimates, despite

accounting for only 15% of the US population, older adults accounted for 34% of

total healthcare expenditures (3). As society ages (4) and provider availability and

time dwindle (5), enhancing older adults’ ability to effectively self-manage their

health is paramount.

For patients to successfully manage their health, they must exhibit “patient

activation”—actively demonstrating the willingness and ability to take independent

actions to manage their health and care (6). Digital health technologies offer a

scalable means to facilitate patient activation by increasing patient knowledge,

equipping patients with self-management techniques, and offering feedback and

support to improve patient confidence.

The articles in this research topic collection address three central themes: (1) Older

adults are willing and able to use digital health technologies when provided the

opportunity, (2) They exhibit excellent adherence when using these technologies, and

(3) Their use of these technologies generates unique, actionable health information

and results in positive health outcomes.

Despite the potential of digital health technologies, skepticism exists regarding their

utility for older adults. A considerable body of research has focused on the “Digital

Divide” as it pertains to age-related willingness and ability to use digital health
01 frontiersin.org
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technologies (7). However, older adults’ use of technology

continues to increase, and the notion that older adults are

unwilling or incapable of using technology is outdated.

As of 2021, 61% of older adult Americans owned a

smartphone, representing a considerable increase from 27% in

2015 (8). The gaps between the oldest and youngest adults

have narrowed in areas such as smartphone and tablet

computer ownership and social media and internet use, with

75% of older adults now reporting internet use (8). These

trends are supported by papers in this special issue by

Graham et al. and Auster-Gussman et al. Older adults do

engage with and have success when using technologies that

require smartphone and internet use when provided with

opportunities from their healthcare provider to engage in

digital preventive health programs. In fact, engagement among

older adults exceeded that of younger adults (Graham et al.),

and older adults experienced beneficial outcomes such as

weight loss while using these programs (Auster-Gussman

et al.). Although contrary to outdated assumptions that older

adults struggle to use technology, the high engagement and

positive outcomes are consistent with the data described

throughout this Research Topic Collection. Older adults may

represent a group that takes full advantage of opportunities to

better self-manage their health when presented with digital

technologies.

Digital technologies can provide greater access to

personalized health information and generate key insights that

can improve care quality and activate patients to achieve

better health outcomes. Quality care and improved outcomes

benefit all ages, but older adults stand to benefit from digital

health technologies to the greatest extent given the complexity

of managing multiple health conditions simultaneously, the

need for frequent and real-time care, the need to understand

the dynamics of older adult behaviors in a home

environment, and challenges to adhering to care management

recommendations introduced by the normal aging process.

In this collection, Paolillo et al. demonstrate that older

adults are willing and able to adhere to a wearable device

(Fitbit) protocol that enables accurate monitoring of physical

activity behaviors. Accuracy in measuring physical activity

behaviors is critical in evaluating the effectiveness of lifestyle

interventions, and as VandeBuente et al. demonstrate, the

accuracy of subjective physical activity reporting decreases

with declining memory and executive performance–common

consequences of aging. Research demonstrates that wearable

devices provide more valid estimates of physical activity

behaviors than subjective reporting, providing actionable

information to both patients and providers.

To maximize their potential, designers of digital

technologies must understand the fundamentals of aging and

incorporate age-related considerations (e.g., motor,

perceptual, and cognitive capabilities) into the design of

their products. Research must continue to focus on older
Frontiers in Digital Health 02
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adults’ adoption of these technologies, engagement, and

perceptions of usefulness.

In this collection, Badal et al., Klaus et al., and Moore et al.

demonstrate that surveys deployed via smartphone technology

such as ecological momentary assessment (EMA) and EMA

along with mobile cognitive testing are feasible and

acceptable to older adults and present unique opportunities

for assessment of health. Use of smartphone technology is a

valid way to collect real-time behaviors, experiences, and

emotions without reliance on retrospective recall or influence

of current mood state. The ability to serially collect data in

the individual’s environment revealed relationships among

negative affect, loneliness, and adaptive behaviors (Badal

et al.). EMA resulted in high adherence (Klaus et al.), even

when older adults had potential barriers to engagement such

as mild cognitive impairment (Moore et al.). Reaching the

older adult population during the COVID-19 pandemic to

facilitate the maintenance of health and well-being was of

critical importance, and EMA offered a remote and scalable

means to do so.

Digital health technologies enable data collection and

patient activation in the natural environment. In addition to

24/7 tracking of daily behaviors and experiences, digital

technologies can also support essential round-the-clock

aspects of care management such as medication adherence.

In this collection, Gualtiere et al. describe how medication

storage location impacts adherence and discuss how

technology can play an important role in promoting

adherence, which can also be impacted by things like

worsening memory with age.

When deploying digital health technologies, consideration

must be given to older adults’ perceptions and attitudes

toward these technologies. In this collection, Woerner et al.

observed that although digital technologies for mental health

are considered valuable by all age groups, older adults prefer

that they play a complementary or supportive role rather than

primary role in their care. Continued research and

collaborations between industry, where products are designed,

built, and maintained, and academic institutions, where

research designs can be optimized, should be encouraged to

best reveal how digital health technologies should be deployed

and leveraged in practice for older adults.

Digital health technologies represent a scalable and cost-

effective opportunity to activate older adults in self-

managing their health and care. As demonstrated in this

special issue of Frontiers in Digital Health, older adults are

willing to use digital health technologies when provided the

opportunity, they exhibit excellent adherence when using

these technologies, and their use of these technologies

generates actionable health information and positive results.

Best practices for optimizing the older adult user experience

and the implementation of these technologies within the

healthcare environment should remain a focus of future
frontiersin.org
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research, including patterns of digital health use across racially

and ethnically diverse older populations.
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Personalized Digital Coaching
Programs at Rates That Exceed
Those of Younger Adults
Sarah A. Graham, Natalie Stein, Fjori Shemaj, OraLee H. Branch, Jason Paruthi and

Stephen Chad Kanick*

Lark Health, Mountain View, CA, United States

Background: The US population is aging and has an expanding set of healthcare

needs for the prevention and management of chronic conditions. Older adults contribute

disproportionately to US healthcare costs, accounting for 34% of total healthcare

expenditures in 2014 but only 15% of the population. Fully automated, digital health

programs offer a scalable and cost-effective option to help manage chronic conditions.

However, the literature on technology use suggests that older adults face barriers to the

use of digital technologies that could limit their engagement with digital health programs.

The objective of this study was to characterize the engagement of adults 65 years and

older with a fully automated digital health platform called Lark Health and compare their

engagement to that of adults aged 35–64 years.

Methods: We analyzed data from 2,169 Lark platform users across four different

coaching programs (diabetes prevention, diabetes care, hypertension care, and

prevention) over a 12-month period. We characterized user engagement as participation

in digital coaching conversations, meals logged, and device measurements. We

compared engagement metrics between older and younger adults using nonparametric

bivariate analyses.

Main Results: Aggregate engagement across all users during the 12-month period

included 1,623,178 coaching conversations, 588,436meals logged, and 203,693 device

measurements. We found that older adults were significantly more engaged with the

digital platform than younger adults, evidenced by older adults participating in a larger

median number of coaching conversations (514 vs. 428) and logging more meals (174

vs. 89) and device measurements (39 vs. 28) all p ≤ 0.01.

Conclusions: Older adult users of a commercially available, fully digital health platform

exhibited greater engagement than younger adults. These findings suggest that despite

potential barriers, older adults readily adopted digital health technologies. Fully digital

health programsmay present a widely scalable and cost-effective alternative to traditional

telehealth models that still require costly touchpoints with human care providers.

Keywords: telemedicine, mobile health, engagement, chronic disease management, geriatric population,

preventative care
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HIGHLIGHTS

- Personalized digital health programs can meet the growing
needs of a rapidly expanding population of older adults.

- Older adults over 65 years showed greater engagement than
adults aged 35–64 years with a fully automated health
coaching platform.

- Engagement of older adults in a fully digital health platform
highlights the potential for widespread adoption, and this
supports continued research to optimize digital health
interventions for older adult users.

INTRODUCTION

Digital health has grown considerably in recent years, with
revenue increasing from $4.4 billion in 2016 to $6 billion in
2017 and an estimated 200 new health apps being released
per day (1). Since the onset of the COVID-19 pandemic in
2019, telehealth and digital health utilization rates have further
increased (2, 3) with high patient satisfaction (4). The growth of
digital health coincides with the US population aging, with adults
65 years and older comprising 15% of the population in 2014
and projected to grow to 21% in 2030 (5). Despite accounting
for only 15% of the population, older adults accounted for 34%
of total healthcare expenditures (6). Digital health innovations
offer an affordable and scalable mechanism to address older
adults’ unique needs, helping them better manage their health
and retain their autonomy (7, 8). However, to be effective for
these purposes, older adults must engage with digital health
technologies. A variety of digital health offerings are covered
by Medicare (9, 10), but the technologies used to enable such
programs may present unique barriers to older adults such as
prior experience, attitudes, usability, trust, and physical and
cognitive abilities (11, 12).

Older adults have a high prevalence of chronic diseases;
86% have at least one chronic condition such as diabetes or
hypertension, 56% have two, and 23% have at least three (13).
Self-management of these chronic conditions is essential to
minimize healthcare spending. In 2016 alone, $730 billion was
attributable to modifiable risk factors including high body mass
index (BMI), blood pressure, and fasting glucose, and the largest
fraction was for those aged 65 and older (14). Digital health
programs may help older adults manage modifiable risk factors
through interventions that engender positive behavior changes
in physical activity, weight management, nutrition, medication
adherence, and monitoring of clinical indicators like blood
pressure and glucose (15, 16). Digital health programs may
increase access to primary and specialty care, especially in remote
or underserved areas or in populations with challenges like
poor mobility (17). By increasing access to care and improving
patient health, digital health programs may lessen the burden on
healthcare systems (18).

Adoption and use of digital technologies by older adults
are important topics, as these individuals tend to be slower
than younger adults to adopt new technologies (19). However,
older adults are rapidly integrating technology into their lives
and are more likely to use technology when they perceive

a benefit (20). Questions around older adult engagement
with digital health technologies are important, as greater
engagement has been associated with improved health outcomes
(21, 22). Additionally, elucidating interactions between users
and digital platforms helps to tailor these platforms to user
preferences, which is associated with increased engagement
(23). Though digital health appears promising for older
adults, there are little data characterizing their engagement
with digital health platforms. This knowledge gap hinders
the potential for digital health programs to better serve
the needs of older adults. Investigations of older adults’
engagement with fully digital health platforms are necessary
to help pave the way for the field and inform future studies
and interventions.

The purpose of the present study was to characterize the
engagement of adults 65 years and older with a mobile
digital health platform called Lark Health and to compare
their engagement to that of adults aged 35–64 years. We
chose the comparison group of 35–64 years based upon this
group having adopted digital technologies later in life, rather
than having grown up with such technologies (24). The Lark
digital health platform delivers personalized health coaching
to promote wellness or to prevent, delay, or manage chronic
diseases through promoting positive behavior changes. Lark
programs are delivered via artificial intelligence (AI) with a
responsive coaching interface on a smartphone. We analyzed
data from users enrolled across four digital health programs
to determine whether engagement, defined as participation in
coaching conversations, meal logging, and device measurements,
varied by age. We hypothesized that older adults would have
less engagement in the digital platform than younger adults
due to barriers to technology use common to this age group,
which would be reflected by lower participation in coaching
conversations and fewer meals logged and device measurements.

METHODS

Study Design
This was a longitudinal, observational study of participants
who were users of the Lark Health disease management and
prevention programs. We considered measures of engagement
from the program start until 12 months later. The study received
exemption status from Advarra (Protocol #Pro00047181)
Institutional Review Board (IRB) for retrospective analyses of
previously collected and de-identified data.

Participants and Recruitment
Participants in this study were individuals who qualified for any
of four digital health programs (see Figure 1) offered through
existing partnerships between Lark Health and health insurance
companies, employers, or other organizations, and who owned
an Android-enabled smartphone or iPhone.

Lark recruits eligible users via direct referrals from health
plans and/or healthcare providers, digital awareness campaigns
(e.g., Facebook ads), and a large managed services organization.
The Lark programs are a covered service under the insurance
plans of these users. Eligibility differs for each clinical program
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FIGURE 1 | Overview of the common technological components of the Lark digital health programs.

based on the program focus [e.g., Diabetes Prevention Program
users must meet risk criteria established by the Centers for
Disease Control and Prevention (25), Diabetes Program users
must have a diagnosis of diabetes, and Hypertension Program
users must have a diagnosis of hypertension]. A user’s health
plan confirms their eligibility for a particular program prior to
enrollment. There are no specific eligibility requirements for
the General Wellness Program, and these users are eligible to
enroll if their insurance covers preventive wellness programs.
Participants who opted in a program received a link via text
message to download the Lark program to their smartphones.
Some participants received a connected device (e.g., digital
weight scale) as a part of their specific program.

Participant inclusion criteria were: (1) enrollment in a Lark
Health program between January 1st, 2019 and July 28th,
2019; (2) aged 35 years and older; (3) those who received
a connected device as a part of their program; and (4)
those who completed at least one educational mission (i.e.,
an educational lesson that included a series of automated
check-ins with the digital coach and coaching conversations
around a topic related to the program focus). We selected the
date-range criteria to reduce time-dependent variations in the
content of coaching and types of participant-coach interactions
offered within each program. We further focused our analyses
by excluding young adults 18–34 years who would require
separate considerations due to lifetime technology exposure,
users who did not have a connected device since they were
not participating in a full version of a program, and users
who did not complete any educational missions since they did
not demonstrate a minimum level of intent to participate in
their program.

Digital Health Platform
The Lark digital health platform provides automated and
personalized coaching using conversational AI. Each program
has weekly “educational missions” consisting of daily check-
ins and educational material around a weekly topic related
to the focus of each program. The Lark programs differ in
clinical focus and content (e.g., diabetes prevention, hypertension
management) and employ a standard set of engagement methods
that include automated coaching conversations, meal logging,
and device measurements. Every Lark program includes AI
coaching on lifestyle choices such as healthy eating, physical
activity, sleep, and stress management. The AI coach employs
elements of cognitive behavioral therapy to encourage users
to adopt healthy behaviors and build self-management skills
and knowledge to sustain these behaviors. Users receive regular
“calls-to-action” and “nudges” that either encourage them to
engage with the Lark platform through actions like having
a coaching conversation or offer them positive reinforcement
(e.g., great job on your walk today). Users have the option to
set a weight-loss goal and receive personalized coaching. Lark
responds immediately with personalized feedback when users
log data such as weight or meals, or when they indicate they
want to have a conversation. Lark also provides daily and weekly
summaries of progress. The intuitive meal-logging system uses
natural language processing to provide personalized coaching
regarding meal content and quality. Lark can also gather data
from external devices like activity trackers that are connected
to Google Fit or iOS Health Kit. The AI coach is available for
unlimited use 24 h a day if users want to check in to discuss
challenges or progress. The main technological aspects of these
programs are summarized in Figure 1.
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Measures of Engagement With the Digital
Health Platform
We defined three metrics to quantify the engagement of users
with the digital health platform. Coaching conversations included
interactions between the AI coach and user and included
educational missions. Meals logged included data provided by
users regarding food intake. Device measurements included
measurements obtained from the smart and connected devices
(i.e., digital weight scale, glucometer, or blood pressure monitor).

We considered the total number of coaching conversations,
meals logged, and device measurements experienced over the
first 12 months after the program start date. We did not
separately assess engagement metrics per program due to uneven
sample sizes, but we did separately analyze two program-specific
groupings, (1) clinically oriented (diabetes prevention, diabetes
care, and hypertension care) and (2) wellness (prevention).

Statistical Analyses
We conducted all statistical tests in Python version 3.7.3. We
checked distributions for each variable and compared age groups
on continuous measures with the Mann-Whitney U-test (U-
statistic) using the “mannwhitneyu” function from the scipy.stats
module in python due to non-normal data, and Chi-Square
tests (χ2 statistic) using the “chi2_contingency” function from
scipy.stats for categorical data. Users self-reported their age,
gender, weight, and height upon enrollment in the Lark digital
platform. We calculated body mass index (BMI; kg/m2) from
height and weight. We reported medians with interquartile (IQ)
ranges for demographics and user characteristics for: (1) all users,
(2) users 65 years and older, and (3) users 35 to 64 years, as well
as the distribution of users across program types (Table 1).

We compared age groups (i.e., older adults vs. younger adults)
on engagement metrics (i.e., number of coaching conversations,
meals logged, and device measurements). We also compared
these engagement metrics between age groups for two program-
specific groupings (i.e., clinically oriented vs. wellness) and
within each age group between these program groupings. We
reported both medians with IQ ranges and means with 95% CIs
for all engagementmetrics inTables 2, 3. We used an alpha≤0.05
to evaluate significance for all tests.

RESULTS

Per our inclusion/exclusion criteria, the final sample size
included in the analyses was 2,169 users. Older adults aged 65+
years comprised 14% of the sample, and the remaining 86%
consisted of adults aged 35–64 years. Per design, we had complete
separation between age groups (Table 1). Older users were more
likely to be male than younger users (37 vs. 32%; p < 0.01) and
had a lower body weight (87 kg vs. 93 kg; p < 0.01) and BMI (32
vs. 33 kg/m2; p < 0.01) at program enrollment (Table 1). We
did not observe a difference in the distribution of users across
programs between the two age groups (p= 0.49).

Aggregate engagement across all users during the 12-month
period included 1,623,178 coaching interactions, 588,436 meals
logged, and 203,693 device measurements. We observed that

older adults engaged with the Lark digital health platform
to a greater degree than younger adults, evidenced by a
significantly larger median number of coaching conversations (U
= 233,794; p ≤ 0.01), meals logged (U = 212,673; p ≤ 0.01),
and device measurements (U = 238,056; p ≤ 0.01) across all
programs (Table 2).

When we separately considered user engagement per thematic
program grouping (i.e., clinically oriented vs. wellness), we again
observed that older adults engaged with the Lark platform to
a greater degree than younger adults. Compared to younger
adults, older adults had a higher median number of coaching
conversations (U = 144,761; p ≤ 0.01), meals logged (U =

138,824; p ≤ 0.01), and device measurements (U = 140,316; p
≤ 0.01) for clinically oriented programs and a higher median
number of coaching conversations (U = 10,114; p≤ 0.01), meals
logged (U = 7,909; p ≤ 0.01), and device measurements (U =

12,590; p ≤ 0.01) for the wellness program (Table 3).
We further found that within each age group, older adults

enrolled in the wellness program had a higher median number
of coaching conversations (U = 309,663; p = 0.03) and meals
logged (U = 258,785; p ≤ 0.01) compared with older adults
enrolled in the clinically oriented programs (Table 3). Older
adults did not differ in device measurements (p = 0.15) between
program-specific groupings. In contrast, younger adults enrolled
in the wellness program had a lower median number of coaching
conversations (U = 6,599; p = 0.02) and meal logging (U =

6,109; p ≤ 0.01) compared to younger adults enrolled in the
clinically oriented programs (Table 3). Younger adults also did
not differ in device measurements (p = 0.25) between program-
specific groupings.

DISCUSSION

The present study characterized the engagement of older adults
aged 65 and older with a digital health platform compared
to adults aged 35–64 years. Users of the Lark digital health
platform engaged with multiple modes of technology over a
12-month period, including navigating a mobile application
on a smartphone, engaging in conversational AI with a
digital coach, receiving and responding to prompts to interact
with the platform, logging meals, and monitoring progress
via measurements of weight, glucose, and blood pressure
collected via smart and connected devices. Contrary to our
main hypothesis, we observed that older adults engaged more
with these technologies than younger adults, evidenced by
engagement in a larger number of coaching conversations and
more meals logged and device measurements.

Older Adults Engaged With Fully Digital
Health Programs
The higher engagement observed in older adults in this study is
promising. Although the literature on the use of digital health
technologies among older adults is sparse, some evidence has
suggested they have lower levels of engagement than younger
adults due to barriers to use (11, 12). For example, older adults
experience declining physical and cognitive functioning (26),
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TABLE 1 | Participant demographics and characteristics and distribution of users across programs.

Full sample (N = 2,169) 35–64 years (n = 1,868) 65+ years (n = 301)

Median [IQ range] Median [IQ range] Median [IQ Range] U-Stat.; p-val

Age [years] 53 [45, 60] 51 [43, 57] 68 [66, 71] 0; p < 0.01

Weight [kg] 92 [79, 108] 93 [79, 109] 87 [75, 101] 199,447; p < 0.01

Height [cm] 168 [163, 175] 168 [163, 175] 168 [160, 175] 255,768; p = 0.01

BMI [kg/m2 ] 32 [29, 36] 32 [29, 37] 31 [28, 35] 174,003; p < 0.01

N [%] n [%] n [%] χ
2 Stat.; p-val

Gender F 1,448 [67] 1,264 [68] 184 [61] 11; p < 0.01

M 708 [33] 596 [32] 112 [37]

N/A 13 [0] 8 [0] 5 [2]

Race White 1,570 [72] 1,326 [71] 257 [85] 11; p = 0.001

Not White 599 [28] 542 [29] 44 [15]

Ethnicity Hispanic or Latino 210 [10] 192 [10] 13 [4] 27; p ≤ 0.0001

Not Hispanic or Latino 1,959 [90] 1,676 [90] 288 [96]

N [%] n [%] n [%] χ
2 Stat.; p-val

Programs Diabetes prevention 1,396 [64] 1,201 [64] 195 [65] 3; p = 0.49

Diabetes care 86 [4] 69 [4] 17 [6]

Hypertension care 151 [7] 130 [7] 21 [7]

Prevention 536 [25] 468 [25] 68 [22]

Data presented for the full sample and stratified by age into older (65+ years) and younger (35–64 years) groups. Statistical comparisons are between age groups for demographics,

characteristics, and distribution of users across programs.

TABLE 2 | Engagement metrics of users across all programs.

Engagement metrics Values Full sample (N = 2,169) 35–64 years (n = 1,868) 65± years (n = 301)

Number of coaching conversations Median [IQ range] 437 [281, 615] 428 [276, 598] 514 [312, 720]**

Mean [95% CI] 486 [474, 499] 474 [461, 488] 561 [524, 597]

Number of meals logged Median [IQ range] 96 [39, 220] 89 [38, 201] 174 [54, 398]**

Mean [95% CI] 176 [167, 186] 161 [151, 170] 273 [240, 306]

Number of device measurements Median [IQ range] 30 [10, 70] 28 [10, 67] 39 [15, 101]**

Mean [95% CI] 71 [55, 87] 69 [51, 88] 82 [69, 94]

Statistical significance based on comparison of the medians between age groups and denoted by *p ≤ 0.05; **p ≤ 0.01 next to older adult medians.

Data presented for the full sample and stratified by age into older (65+ years) and younger (35–64 years) groups. Median [Interquartile (IQ) Range] and Mean [95% Confidence Interval

(CI)] provided for all comparisons.

which may directly affect their ability to visually navigate a
digital screen, remember how to interact with digital programs,
or understand technological prompts or notifications. However,
we observed that older adults engaged in more coaching
conversations, logged more meals, and recorded more device
measurements than younger adults. These interactions suggest
that despite potential barriers, adults over 65 years of age were
able to engage with an all-digital, app-based coaching platform. If
we consider our results in the context of commonly cited barriers
to technology use of older adults, our findings indicate that older
adult users were able to optically interpret text, use touch-based
interactions, navigate the in-app menu, take measurements with
smart and connected digital devices, pair connected Bluetooth
devices with their mobile phones, and maintain battery charge
to support device use.

Trust is another commonly cited barrier to technology use
of older adults, with an unwillingness to adopt technologies
stemming from high perceptions of risk and desire for
privacy (27). However, older adult users in this study shared
personal details including their age, gender, weight, height, meal
information, and health-related measurements. Potential trust-
building factors that may have been uniquely appealing to older
adults warrant further exploration. Research has shown that there
are both enablers to trust (e.g., fair data access, ease of use, lack
of judgment) and impediments (e.g., fear of data exploitation,
insufficient training) that digital health services must consider
when designing their platforms (28). Such elements are critical
since not just adoption of, but also effective engagement with,
digital health platforms is necessary to reap the greatest health
benefits and sustain these benefits (29).
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TABLE 3 | Engagement metrics of users over a 12-month period broken down by program-specific grouping into clinically oriented (diabetes prevention, diabetes care,

and hypertension care) and wellness (prevention).

Clinically oriented programs

Engagement metrics Values Full sample (n = 1,633) 35–64 years (n = 1,400) 65± years (n = 233)

Number of coaching conversations Median [IQ Range] 437 [281, 624] 431 [278, 614] 485 [300, 706]**

Mean [95% CI] 494 [479, 509] 486 [470, 503] 540 [500, 581]

Number of meals logged Median [IQ Range] 106 [45, 224] 102 [45, 214] 141 [49, 368]**

Mean [95% CI] 183 [172, 194] 171 [160, 182] 252 [215, 288]

Number of device measurements Median [IQ Range] 30 [9, 71] 28 [9, 67] 38 [13, 112]**

Mean [95% CI] 75 [54, 96] 73 [49, 97] 84 [69, 99]

Wellness program

Engagement Metrics Values Full Sample (n = 536) 35–64 years (n = 468) 65± years (n = 68)

Number of coaching conversations Median [IQ Range] 434 [284, 585] 423 [269, 561]
†

584 [398, 767]**
†

Mean [95% CI] 463 [441, 485] 439 [417, 460] 630 [548, 712]

Number of meals logged Median [IQ Range] 69 [27, 187] 62 [25, 152]
‡

285 [114, 493]**
†

Mean [95% CI] 157 [139, 175] 130 [113, 147] 347 [278, 416]

Number of device measurements Median [IQ Range] 30 [13, 68] 28 [12, 63] 40 [29, 92]**

Mean [95% CI] 60 [53, 67] 58 [50, 66] 73 [53, 93]

Statistical comparisons based first on the medians between age groups and denoted by *p≤ 0.05; **p≤ 0.01 next to older adult medians for both program-specific groupings. Statistical

comparisons also presented based on the medians between program-specific groupings within each age group and denoted by
†
p ≤ 0.05;

‡
p ≤ 0.01 next to each age-group’s median

under the wellness program results.

Data presented for the full sample and stratified by age into older (65+ years) and younger (35–64 years) groups. Median [Interquartile (IQ) Range] and Mean [95% Confidence Interval

(CI)] provided for all comparisons.

Studies of digital health technology use have shown that one
reason why older adults may engage less with these technologies
is simply that they are less likely than younger age groups
to be offered digital health access by their healthcare provider
(30). In fact, of those with access, one study of Canadian older
adults found that older adults sustained their use of health-
related mobile apps for longer than the general population
(31). Older adults may be characterized in their use of digital
technologies along a spectrum from non-users to savvy users like
the general population (32). Despite suggestions to the contrary,
some research has shown that older adults are willing to engage
with new technologies and demonstrate positive attitudes toward
technology (33). Although we did not independently assess each
potential barrier, our results also collectively suggest that older
adults will engage with digital health technologies when provided
the opportunity.

Facilitators and Patterns of Use of Fully
Digital Health Programs by Older Adults
The engagement of older adults with digital health is important to
the field of chronic disease management. Many chronic diseases
are preventable or effectively managed through lifestyle changes
(34, 35). However, direct contact with healthcare professionals
that may offer conventional lifestyle behavior coaching is a
challenge due to the shortage of practitioners that provide care
(36), and the costs associated with regular human-provided
care (37), resulting in unmet care needs of older adults.
Telehealth initiatives have been successfully deployed to older
adults for chronic disease management (38); however, classical
models of telehealth still require costly touchpoints with human

care providers to facilitate program engagement (39). The
engagement of older adults in the fully digital programs assessed
in this study demonstrates that older adults readily adopted
programs that did not require any human touchpoints and that
fully digital programsmay therefore present a widely scalable and
cost-effective alternative to traditional forms of telehealth.

Given that increased engagement with lifestyle interventions
has been associated with improved health outcomes (40), our
findings require further exploration of the underlying facilitators
supporting the engagement of older adult users. There are
other potential facilitators of engagement in digital health
programs besides age, such as clinician referral, incentives
(e.g., compensation) for participation, and disease diagnosis
(41). Exploring interactions between age and other potential
facilitators is an important future area of focus to determine how
to best facilitate program engagement for various subgroups. We
found that older and younger adults differed in their engagement
patterns between wellness vs. clinically oriented programs. In
younger adults, there were more coaching conversations and
meals logged in the clinically oriented programs when compared
to those enrolled in the wellness program. In contrast, older
adults in the wellness program had more coaching conversations
and meals logged when compared with older adults enrolled in
the clinically oriented programs. It is possible that the digital
coach presented older adults with an opportunity for social
interactions that they desired (42, 43), particularly when the
program was not focused on clinical issues. If older adults
viewed the digital coach as a form of social support, this could
explain the greater number of interactions of apparently healthy
older adults enrolled in the wellness program, and this would
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support the use of fully digital health platforms for not only
disease management but also for prevention of chronic disease—
a minority focus of currently available digital platforms (44).
Prevention is a critical area of focus for digital health programs
because these technologies have the potential to stabilize or
reverse the declining health of older adults before they need
clinical intervention. Future work is necessary to elucidate
these findings.

The results of this study must be considered with respect to
the median age of the sample (68 years). Although our hypothesis
was that older adults over 65 years would have less engagement
with digital programs due to real or perceived barriers to
technology use, a potential counter-hypothesis could be that the
“younger” end of the older-adult spectrum may include newly
retired individuals who havemore free time to engage with digital
technologies than working-age adults. We may have observed
different results had we included the “oldest old” (≥80 years) who
are evenmore likely to experience barriers to technology use (45).

Strengths and Limitations
We did not directly assess health outcomes as they related to
engagement metrics. Such an assessment would be complicated
due to the different outcomes associated with each of the different
programs and was beyond the scope of this study. However,
the high level of engagement of older adults is a promising
indicator of the potential for fully digital health interventions,
since we know from the published literature that those who
engage in lifestyle interventions to a greater degree are generally
more successful (40, 46). The present study included only users
of an existing commercial digital health product. However, a
strength is that these participants represented real-world users
of digital health programs rather than participants recruited as
a part of a carefully controlled research study. Users had no
contact with research staff; thus, their engagement with the digital
platform can be attributed to their personal choices rather than
instructions to behave in a particular manner. We observed
less diversity in race and ethnicity in older adults than younger
adults. Race and ethnicity have been found to be predictive of
digital health and technology use, with minority populations
less likely to engage (47). The fact that we had few older adult
users of non-white and Hispanic/Latino origins may support
these findings, and more work is necessary to improve inclusivity
and help mitigate health disparities. Finally, our measures of
engagement assessed the total number of engagement metrics
rather than temporal patterns of user-coach interactions, which
recent studies have suggested may be predictive of individual
outcomes (48). A more detailed understanding of the ways in
which older adult users interact with the digital platform will
be key to optimizing the mechanisms of coaching delivery (e.g.,
content, timing, and frequency) and platform navigations.

CONCLUSIONS

The present study found that older adults had greater
engagement in coaching conversations, meals logged, and device
measurements than younger adults, suggesting that older adults
were able to navigate a digital screen, interact with a fully
automated digital coach, and take measurements with smart
and connected digital devices. Health-related digital technologies
and digital coaches may offer older adults a way to manage the
large amount of information associated with lifestyle behavior
changes, and further, provide 24-h continuous encouragement
and support in sustaining these lifestyle changes. Our findings
collectively suggest that older adults will engage with digital
health technologies when provided the opportunity. These
findings support the use of fully digital health programs to deliver
behavior change interventions for older adults and provide a
foundation for future studies to explore age-specific relationships
of patterns of engagement and outcomes.
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Objective: The COVID-19 pandemic has had potentially severe psychological

implications for older adults, including those in retirement communities, due to restricted

social interactions, but the day-to-day experience of loneliness has received limited

study. We sought to investigate sequential association, if any, between loneliness, activity,

and affect.

Methods: We used ecological momentary assessment (EMA) with dynamic network

analysis to investigate the affective and behavioral concomitants of loneliness in 22

residents of an independent living sector of a continuing care retirement community

(mean age 80.2; range 68–93 years).

Results: Participants completed mean 83.9% of EMA surveys (SD = 16.1%). EMA

ratings of loneliness were moderately correlated with UCLA loneliness scale scores.

Network models showed that loneliness was contemporaneously associated with

negative affect (worried, anxious, restless, irritable). Negative (but not happy or positive)

mood tended to be followed by loneliness and then by exercise or outdoor physical

activity. Negative affect had significant and high inertia (stability).

Conclusions: The data suggest that EMA is feasible and acceptable to older adults.

EMA-assessed loneliness was moderately associated with scale-assessed loneliness.

Network models in these independent living older adults indicated strong links between

negative affect and loneliness, but feelings of loneliness were followed by outdoor activity,

suggesting adaptive behavior among relatively healthy adults.
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INTRODUCTION

Social Isolation and Loneliness (SI/L) have assumed pandemic
proportions over recent decades, in part driven by globalization
and ultra-rapid rise in technology (1, 2). The situation has
been exacerbated by the ongoing containment measures for the
COVID-19 pandemic and mandated lockdowns. The impact
could be greater in older adults due to their physical vulnerability
(2, 3). However, studies have shown higher levels of resilience and
wisdom in older than in younger adults during the pandemic
(4). A common inference during COVID-19 pandemic and
the ensuing strict isolation measures is that older adults in
independent living conditions were likely to have encountered
loneliness (5–8); During the pandemic period, it is unclear
whether and how day-to-day or micro-level experiences of
loneliness related to affect or behavior.

Chronic loneliness is a consistent set of beliefs regarding the
lack of connections with others and yet state loneliness refers
immediate experience of social disconnection. Under Cacioppo
model, state loneliness is not necessarily negative but may
motivate behavior such as outreach or seeking social interaction
(9, 10). Loneliness and social isolation are weakly correlated
(11–13). An individual’s relationships such as friends and family
may influence activity (14) and social isolation was associated
with behavioral inactivity in general (15). The relationship
between loneliness and social behavior is somewhat unclear in
older adults. Loneliness was not found to be related to social
activity among older adults in one study (16). Moreover, the
COVID-19 pandemic placed additional restrictions on mobility
which further may have altered social behavior. While much is
known about chronic loneliness and long-term health effects,
the impact of state loneliness on day-to-day behavior is less
researched, particularly its dynamics among older adults during
the pandemic.

Ecological momentary assessment (EMA) allows for relatively
unobtrusive monitoring of affect as well as physical and social
context variables, which when monitored repeatedly over time,
can uncover dynamic relationships between variables (17). While
traditional approaches are limited to discovering associations
or correlations, EMA allows one not only to establish the said
associations, but also time lags and leads which enable hypotheses
for possible causality (18). A recent meta-analysis suggested
81.9% mobile EMA compliance in adults (19). However, to date,
use of EMA in the “older-old” adults (persons over age 80) or
to study loneliness is somewhat limited, with none focused on
loneliness during the pandemic using network models. A broad
search in PubMed on EMA in geriatric populations with manual
screening of mean age around 70 produced a few results, focused
on perception and usability (20–22), and diverse applications
included adverse event monitoring (23), Multiple Sclerosis (24)
and pain (25). Some EMA studies have included adults with
mean ages ranging from 69 to 73, suggesting feasibility (26–
28). An EMA study on loneliness in the older population (mean
age 73.7) suggested men reported greater intensity of loneliness,
and being outdoors lessened the feeling—the effects were weaker
among women and non-Whites (29). Another EMA study, not
limited to older adults, during COVID-19 lockdown found that

a composite “negative-mood” score (comprising fatigue, anxiety,
stress, depression and unhappiness) tended to accumulate over
time, and the score was positively and significantly associated
with COVID19-related worry, the perception of restrictions, and
loneliness (30).

EMA studies evaluating lagged associations (e.g., mood
associations with subsequent behavior or vice versa) typically
evaluated fixed time lags and univariate relationships. However,
between-people networks, constructed by combining data
from several individuals, allow us to discover multiple
contemporaneous and lagged associations representative of
the group (17). To our knowledge, this is the first study to
apply network models to EMA data to explore the loneliness
experience of older adults (mean age 80+) residing in senior
housing communities during the COVID-19 pandemic. Due
to the older mean age of this sample (80 years) than in prior
studies, we evaluated both the feasibility of EMA with respect to
adherence and also convergence of EMA questions on loneliness
with standard scale-based measures of loneliness. We then
applied network models to evaluate sequential relationships
and moment-to-moment interactions among emotions, and
loneliness, and behavior.

We hypothesized that: (a) Older adults would evidence
acceptable (e.g., >75% adherence to EMA procedures, (b)
Loneliness as measured by EMA would be significantly
associated with an in-lab scale-based measure of loneliness
(UCLA Loneliness Scale), and (c) Network models applied
to EMA data would reveal significant contemporaneous and
lagged connections between momentary loneliness, affect, and
social behavior.

METHODS

Participants
Participants were recruited from an ongoing longitudinal study
of older adults aged 65 years and above living independently
in a Continued Care Senior Housing Community (CCSHC)
(31). Participants were contacted by study staff to assess level of
interest. Eligibility requirements included current enrollment in
the parent study and access to a smartphone capable of receiving
daily text messages and surveys. Parent study exclusion criteria
included people with dementia, major mental illness or other
conditions that could interfere with study participation and those
who are unable to read and write in English. The sample (n= 22)
included 19 women and three men (Table 1). The EMA surveys
were collected between 5/25/2020 and 8/16/2020.

The study protocol was approved by the UC San Diego
Human Research Protections Program (HRPP) and all the
participants provided a written informed consent prior to
study participation.

Measures
Assessments included sociodemographic as well as clinical
measures of depression (Patient Health Questionnaire, 9-item,
or, PHQ-9) (33), anxiety (Brief Symptom Inventory—Anxiety
subscale, or, BSI) (34), and UCLA Loneliness scale (Version
3) or UCLA-3 (35) which is a 20-item scale. The tests were
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TABLE 1 | Socio-demographic and clinical factors (N = 22).

Mean or % SD Min Max

Socio-demographic

Age (years) 80.24 7.13 68.2 93.4

Education (years)* 15.59 2.63 12.0 20.0

Race (% Caucasian)* 91%

Marital Status (% married/co-habitating) 32%

Loneliness and social support measures

UCLA-3 1st Administration 35.86 7.92 24.0 49.0

UCLA-3 2nd Administration 29.87 5.74 23.0 44.0

UCLA-3 3rd Administration 33.33 9.55 24.0 56.0

UCLA Averaged over all available 34.77 7.86 24.5 49.3

Emotional Support* (ESS-E) 2.74 0.46 1.5 3.0

Instrumental Support* (ESS-I) 1.67 0.83 0.5 3.0

Negative social interactions* (ESS-NI) 0.33 0.43 0.0 1.5

Clinical measures

Depression* (PHQ-9) 2.14 2.41 0.0 8.0

Anxiety* (BSIAS) 1.86 3.48 0.0 12.0

EMA measures

Worried 1.344 0.61 1.0 5.0

Happy 4.040 0.94 1.0 5.0

Anxious 1.616 0.83 1.0 5.0

Restless 1.328 0.61 1.0 5.0

Irritable 1.200 0.51 1.0 5.0

Lonely 1.248 0.54 1.0 5.0

Exercise 1.995 0.92 1.0 5.0

Outdoor 1.733 1.12 1.0 5.0

Social interaction 2.208 1.21 1.0 5.0

BSIAS, Brief Symptom Inventory Anxiety Scale; ESS-E, Emotional Support Scale—

Emotional Support score; ESS-I, Emotional Support Scale—Instrumental Support; ESS-

NI, Emotional Support Scale—Negative Interaction Score (32); PHQ-9, Patient Health

Questionnaire 9-item (33); UCLA-3, UCLA Loneliness Scale (Version 3).

*Baseline data.

administered between 5/25/2020 and 8/16/2020. The scores on
UCLA-3 loneliness scale can be interpreted as low (range: 20–
34), moderate (range: 35–49), moderately high (range: 50–64),
and high (range: 65–80) (36, 37). For descriptive purposes, we
also administered the PHQ-9 scale for depression, wherein score
ranges from mild (5–9), moderate (10–14), moderately severe
(15–19) and severe depression (≥20), respectively, along with the
BSI anxiety subscale (34, 38) comprises six items, it is a self-report
measure of anxiety that ranges from 0 to 24 with higher scores
indicating a greater level of anxiety.

EMA Procedure
Participants were sent text notifications to their personal
smartphones to complete the smartphone-based surveys three
times daily for 7 days through the online-based survey platform,
Alchemer. Each text notification contained a unique participant
link to the study surveys. The daily survey notifications were
sent at varying times each day, with a minimum 4-h increment
between surveys. Participants received the surveys once in
the morning, once in the afternoon, and once at night. Two
participants opted out of the morning surveys and requested to

receive afternoon and evening surveys only. Upon receiving the
link, participants completed EMA questions assessing context,
mood, and behaviors. Once the link was delivered, the morning
and afternoon surveys stayed active for at least 3 h, until 1 h
prior to the next scheduled survey being sent, at which point
the survey was closed and no longer accessible. The evening
surveys closed at 11:00 p.m. each night. Study surveys were linked
to participant’s smartphone number and were therefore opened
only by the participant’s device. Deidentification of participant’s
data was performed and the data was not stored locally on the
devices. Survey data were sent to encrypted, HIPAA-compliant
cloud storage in Amazon Web Services (AWS), and responses
were recorded even if participants did not complete the entire
survey. Real-time access to participant’s data and daily progress
was available through the AWS system. When three surveys
in a row were missed by the participants, they were contacted
by the research staff to address any technical difficulties or
adherence issues.

Each survey was comprised of the 15 EMA prompts related
to the previous 2 h; out of these, the responses to following nine
prompts were used in the study:

(1) How worried were you generally? (2) how happy vs. sad
were you? (3) how relaxed vs. anxious were you? (4) how fidgety
or restless were you? (5) how irritable or easily angered have you
been? (6) how lonely were you? (7) how many minutes did you
exercise or move regularly? (8) howmany minutes did you spend
time outdoors? and (9) how many people did you spend time
with? All responses were scored on 1–5 scale, interpreted from
the lowest to the highest intensity based on the prompt context.

Statistical Analysis
Pearson’s correlation was used to assess correlations between
EMA variables and UCLA-3 measures of loneliness.

Network Analysis
Time-series for the EMA response variables were constructed by
splicing together the data for each participant (in the same order
across the variables). Tigramite, the python implementation of
PCMCI (39) algorithm was used to construct the temporal
networks with contemporaneous and lagged edges. Temporal
lags up to six sampling intervals (2 days) were analyzed. The
implementation is designed to handle some missing data when
appropriately tagged. It generates error when an unacceptable
amount of data is missing, however, we did not encounter
that situation.

Unlike studies based upon effect sizes that draw direct benefit
from large sample sizes, small sample correlation-based studies
are susceptible to type-1 error, of identifying correlations when
none exists in larger population. Since our sample was small
(n = 22), our network models use PCMCI that incorporates
Benjamini–Hochberg Method (40) (also called BH procedure) to
limit false discovery rate.

RESULTS

Demographic and clinical details are presented in Table 1. The
mean age of participants was 80.24(SD = 7.13) years, 32% were
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FIGURE 1 | Affect model describing how loneliness relates to affect: Undirected straight edges between variables indicate contemporaneous associations, and the

directed labeled arcs represent lagged associations, with the label being the lag in multiples of sampling interval. The colors of the edges and the arcs represent

negative (red) or positive (green) association. The variables with gray nodes indicate significant autocorrelation, or inertia, which can be interpreted as the values of

these variables showing high resistance to change. If a variable measures polar quantity (happy-sad or relaxed-anxious), the variable is represented in the graph by the

label to which higher values are assigned, and “how happy vs. sad were you” is simply “Happy.” Positive associations are in shades of green, and negative in shades

of red. Lagged links are curved, have arrowheads and display lag in multiples of 8 h. Negative emotional states are associated with loneliness. Inverse relationship

between happy and loneliness is also expected. Anxiety and worry display a positive feedback loop.

married or cohabitating. Average loneliness score on UCLA-3
scale was 34.8 (SD = 7.86). Scores for depressive and anxious
symptoms indicated minimal severity, well within the normal
range. Participants had over 15 years of education on an average
(Table 1) and resided in a single continuing care community
that had spaces for both socializing and exercising. Of the 22
participants, one reported ethnicity as Asian and one as African
American, the rest reported Caucasian.

Average adherence to the EMA surveys was 83.9% (SD =

16.1%) or an average of 17.0 (SD = 3.6) responses out of a
total of 21 survey opportunities. Two participants opted out
of the morning surveys and requested to only be sent surveys
in the afternoon and evening, therefore receiving 14 survey
opportunities each. Evening surveys had the highest adherence
at 86.4% (SD = 20%), afternoon surveys had the second highest
adherence at 84.4% (SD = 19.2%), and morning survey had
the lowest adherence at 80.0% (SD = 18.2%). In addition to
the high rate of surveys completed (84% of administered) all

participants who were approached to participate in EMA surveys
enrolled and completed the 7-day protocol. Notably, adherence
was worse on the first few days and then improved (Spearman’s r
= 0.33, p < 0.001), thus, EMA surveys were not associated with
fading or fatigue effects but rather non-adherence problems at the
outset that resolved. There were however, two participants who
consistently declined to respond to the morning survey but were
allowed to continue in the study.

EMA loneliness was associated with UCLA-3 Loneliness Scale
(r = 0.375). Supplementary Table 1 shows the correlations for
the EMA affective variables, with EMA loneliness correlated
significantly with positive affect and fidgety/restlessness, but not
other affective states.

The networks (Figures 1–3) show subsets of variables
analyzed, and their lagged and contemporaneous associations.
Network analysis of affective experience identified that loneliness
was contemporaneously associated with feelings of restlessness,
worry, irritability and anxiety and a lack of happiness (Figure 1).
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FIGURE 2 | Behavior model describing how loneliness relates to behavior: Loneliness precedes being outdoor, which is associated with exercise and social interaction.

A positive feedback loop between anxiety and worry suggests
these experiences may converge to increase each other.

Figure 2 evaluated loneliness and resultant behaviors.
Loneliness preceded being outdoors in the short-term and
being outdoors was contemporaneous with exercise and social
interaction in these older adults.

Figure 3 integrates affect and behavior models and shows that
loneliness was strongly associated with negative feelings and a
general lack of happiness. Being outdoors was associated with
lower irritability. Figure 3 also shows a relationship that seemed
to exist between being lonely and being outdoors. Since the two
did not exist contemporaneously, loneliness can be interpreted
as being experienced when indoors. This was followed by an
outdoor-seeking adaptive behavior that showed up in the next
sampling (a lag of 1τ or, 8 h) when the participant was outdoors.
The feeling of loneliness seemed to return soon after returning
from outdoors (again, a lag of 1τ or, 8 h), and being outdoors was
associated with exercise and social interaction.

DISCUSSION

We used EMA and dynamic network models to explore
loneliness and its behavioral and affective concomitants in a

sample of older adults. The primary findings from this study
are three-fold; (1) EMA of loneliness and its concomitants
was a feasible technique in older adults (mean age 80.2
years) with a sample adherence rate of 83.9%. (2) EMA of
momentary loneliness was moderately associated with scale-
assessed loneliness (UCLA-3 Loneliness Scale). (3) Network
models displayed a variety of links between loneliness, affect
and behavior. While loneliness was associated with negative
emotions, our results suggest that loneliness was associated
with short-term adaptive behavior, in particular spending time
outdoors. This temporal finding is supported by another EMA
study that being outdoors lessened the feeling of loneliness in
the short term (29). These network models point to the need
for future research to understand the behavioral sequelae of
loneliness, delineating adaptive and maladaptive responses (and
the influence of policies on those responses) to acute loneliness as
they might contribute to or mitigate chronic loneliness.

The finding that loneliness is associated with negative
emotions and diminished happiness is not surprising and is
consistent with other studies (41–43), and during the lockdown
in particular (30). A potentially novel finding through network
models applied to EMA data is that at least some older people
may have coped with momentary experiences of loneliness by
actively seeking outdoor activity. There was a strong association
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FIGURE 3 | Affect, loneliness, and behavior: Loneliness is predictive of being outdoors. Loneliness is not contemporaneous to being outdoors, it precedes it and

returns soon after.

between being outdoor and exercise, and exercise and social
interaction, but a weaker association between outdoor and social
interaction in Figure 3. These findings are consistent with the
literature indicating that a direct link between loneliness and
social interaction behavior is weaker than might be expected
(11–13). Since loneliness was not contemporaneous with being
outdoors (and its correlates of activity and social interaction),
it can be inferred to be associated with lower activity levels
in the moment, and subsequent outdoor time. In that sense,
acute loneliness, in this relatively healthy sample with a low
level of distress, may have led to adaptive social behaviors. It
has previously been suggested that loneliness serves a variety
of adaptive functions (44). Previous literature also shows that
coping mechanisms also differ by severity of depression among
older adults, as self-distraction has been shown to be common
among people with depression depressed group, while active
coping was common among people without depression (45).
Furthermore, our results are consistent with emotion/loneliness
preceding activity, as in a different study, activity in-and-of
itself had little effect on positive or negative affect (46). A
study identified going outdoors as a coping strategy for social
isolation during the pandemic among adults and included it in
the survey (47), however no significant difference was observed

in social isolation of those who did and did not seek outdoors.
In an online study that included PHQ-9 questions and coping
strategies, staying outdoors and looking outside were among the
best predictors of lower levels of depressive symptoms associated
with COVID-19 related isolation (48). Thus, how acute loneliness
intersects with chronic loneliness is an important area for
future research; EMA may be useful for contrasting loneliness at
different time scales from day-to-day variations to more chronic
experiences as well as for identifying which individuals would
most likely benefit from specific types of interventions (e.g., those
best suited for acute or chronic loneliness).

It was notable that the adaptive response to loneliness in
this sample was to go outdoors. Variation in the extent of
lockdowns or shelter-in-place guidelines observed during the
pandemic may have influenced how people accessed outdoor
activity and putatively coped with loneliness. Since this was
a single-site study, it is not possible to evaluate variation by
outdoor access. Nonetheless, technologically based alternative
solutions to provide adaptive opportunities might be considered
to help older adults cope with loneliness under circumstances
where access to outdoor activity may be restricted.

This study has some limitations, and it should be considered
as a preliminary work to test feasibility and explore relationships
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among study variables for future replication. The sample size
was small. The participants were drawn from a single site
disallowing analysis of variation by level of restriction. There
are also technical aspects of EMA study design that have a
strong bearing on the findings, such as sampling interval and
duration. Three samplings per day, as in our case, would imply
that phenomena lasting less than the sampling interval (24/3
= 8 h) may not be captured in sufficient detail in our network
models. More frequent sampling may reveal greater detail;
however, it may also easily become intrusive and burdensome
to older participants. It should be noted that objective measures
of loneliness using UCLA-3 were available at three distinct
checkpoints, whereas the subjective measures were a part of EMA
sampling—this time gap may have attenuated the correlation
between EMA and scale-based loneliness. In understanding the
influence of loneliness on behavior, it is important to account for
concurrent depressive symptoms. This sample had very low levels
of depression on average, and so these results may not generalize
to samples with greater variation in depressive symptoms. Lastly,
the study was performed during the early period of COVID-
19 pandemic (between 5/25/2020 and 8/16/2020) and before the
FDA approval of first vaccine, the social-distancing rules may
have altered the living conditions and limited the activities of
the cohorts.

In conclusion, EMA-based network modeling appears to

be a useful tool for assessing momentary loneliness in older

adults. Given issues with early adherence that later resolved,

follow-up with participants at the outset of EMA survey

protocols may support adherence. Our study points to potentially

important nuances to understanding the connection between

acute loneliness and behavior, and how policy and environmental

influences may impact response to short-term loneliness. Future
study should examine how momentary loneliness, day-to-day
behavior and affective experience converge to contribute to
chronic loneliness, such as in a measurement burst design (49).
This technique uses bursts of frequently repeated assessments in

a short period of time, spanning a few days or weeks. Such burst

measurements are repeated longitudinally over a longer interval

(after a few months or a year), capturing not only individual
differences, but also the short-term variability in measured

variables and long-term trends, vis a vis chronic loneliness and
its impact on health over the course.
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Introduction: Personal technology (e.g., smartphones, wearable health devices) has

been leveraged extensively for mental health purposes, with upwards of 20,000 mobile

applications on the market today and has been considered an important implementation

strategy to overcome barriers many people face in accessing mental health care. The

main question yet to be addressed is the role consumers feel technology should play

in their care. One underserved demographic often ignored in this discussion are people

over the age of 60. The population of adults 60 and older is predicted to double by 2,050

signaling a need to address how older adults view technology for their mental health care.

Objective: The objective of this study is to better understand why digital mental health

tools are not as broadly adopted as predicted, what role people with lived mental health

experience feel technology should play in their care and how those results compare

across age groups.

Method: In a mixed-methods approach, we analyzed results from a one-time

cross-sectional survey that included 998 adults aged 18–83 with lived experience of

mental health concerns recruited from Prolific, an online research platform. We surveyed

participant’s use of technology including their perspectives on using technology in

conjunction with their mental health care. We asked participants about their previous

use of digital mental health tools, their treatment preferences for mental health care, and

the role technology should play in their mental health care.

Results: Across all age groups, respondents had favorable views of using

digital mental health for managing mental health care. However, older adults

rated their acceptability of digital mental health tools lower than middle-aged and

younger adults. When asked what role technology should play in mental health

care in an open-ended response, most participants responded that technology

should play a complementary role in mental health care (723/954, 75.8%).
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Conclusion: Digital mental health is seen as a valuable care management tool across

all age groups, but preferences for its role in care remain largely administrative and

supportive. Future development of digital mental health should reflect these preferences.

Keywords: older adults, digital mental health, lived experience, technology, mental health

INTRODUCTION

There is no question that access to mental health services in the
US is difficult; 58% of people with mental illness never receive
treatment (1). Decades of research has shown that poor access
is due to several factors, from the stigma people experience
when they ask for help to the fact that there are severe mental
health provider shortage areas particularly in rural areas or urban
poverty areas (2). Even in high provider density areas, older
adults remain sorely underserved because too few mental health
providers are credentialed in geriatric mental health (3), and
few providers accept Medicaid or Medicare (4). For the US, this
shortage will result in significant societal costs, particularly in
the case of older adults; it is projected by the year 2040, the
number of individuals 85 and older will increase by 129% (5–
7). Approximately 20% of older adults will experience a mental
health issue, with the most common diagnoses being Major
Depressive Disorder, Bipolar Disorder and Schizophrenia (8).
Additionally, 17.9% of all suicide deaths are of older adults (9).
Access to mental health care in this demographic is important
to address.

Since the advent of COVID-19, attention has turned to the
potential opportunity digital mental health (apps, tele-health,
and message-based care) has in overcoming access problems and
mental health disparities. According to a recent Banbury Report
on digital mental health (10) such technologies may address the
mental health needs of US citizens; these tools are evidence-
based and prolific, with over 20,000 apps and 40 companies
offering these services (11). Further, digital mental health is
cost-effective, scalable, lowers the cost of hospitalizations, lowers
burden on providers, increases access to care in rural settings
where broadband is available, results in lower wait times, and can
personalize treatment (12–14).

Although digital mental health tools are an effective and
efficient mental health service delivery method, very few people
with mental health needs use these tools. Even during COVID-
19, only 16% of essential workers and unemployed individuals in
need of mental health care ever used a digital mental health tool,
with 86% of those with mental health distress during COVID-19
indicating that they did not believe such tools would help (15).
Other studies have found that large proportions of the general
population have similar quality concerns in addition to security
and safety concerns about digital mental health care (16). Older
adults are less likely than younger adults to use digital mental
health, although this trend may be changing due the increase
in general technology use by older adults during COVID-19
(17). For older adults, utilization challenges may be driven by
challenges they experience when using mobile technology, such
as trouble understanding application interfaces, dexterity issues,

preference for human interaction, and cognitive issues (18–
20). Taken together these studies suggest that underutilization
of digital mental health tools may be in large part due to its
acceptability as a mental health care option, and, for older adults,
usability challenges and preference for care delivery.

To date the field has not included representative user’s
perspectives on the role technology should play in mental health
recovery, and relative preferences among digital options and in-
person care, particularly among older populations. According to
Human Centered Design Theory (21, 22), the needs and values
of intended audiences or users, in this case people with lived
experience in mental health, must be central to determining
the role technology plays in solving a problem, its design, and
its purpose. The purpose of this study is to better understand
why digital mental health tools are not as broadly adopted as
predicted, what role people with lived mental health experience
feel technology should play in their care and in particular the
accessibility challenges of digital mental health by age group. Our
specific aims are: (1) to ask people with lived experience with
mental health concerns the role technology should play in their
care, (2) their preferences among different digital mental health
care options, and (3) compare responses by age group.

METHODS

Study Design
This was a cross-sectional, remote survey of digital mental health
tool use.

Participants and Procedures
One thousand thirty-two research participants were recruited
using Prolific (www.prolific.co), an online research platform that
allows researchers to screen, recruit, enroll, and pay participants.
Participants in this study were 18 years or older, English speaking,
living in the United States.

All participants endorsed having experienced a mental health
condition or treatment on a pre-screening survey. The questions
of this pre-screening survey included (1) “Have you ever received
help in the past for stress or mental health issues? The help
may have been psychotherapy, counseling, and/or medication for
depression, anxiety, stress management or other mental health
issue,” (2) “Are you currently receiving help (psychotherapy,
counseling, medication) for stress or mental health issues?,” and
(3) “Have you ever experienced amental health condition, such as
depression, anxiety, or psychosis?” Participants were excluded if
they did not endorse “yes” to at least one of these three questions.

After recruited participants completed the pre-screening
survey using Research Electronic Data Capture (REDCap) and
met eligibility criteria, they were given a link to complete
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the full survey on REDCap (23, 24). Recruitment was
stratified by US census racial categories to include a racially
representative sample. We oversampled under-represented
minority populations in an attempt to obtain a sample consistent
with US Census representation. We also oversampled older
adults to ensure a large enough older adult sample to accurately
report on age differences. Participants were paid $0.50 for
completing the pre-screening survey and $5.00 for completing
the full survey.

Ethics Statement
The study was approved by the University of Washington’s
Institutional Review Board (STUDY00014041; FWA #00006878).

Data Collection
Participants completed the survey on REDCap. The survey
took an average 20min to complete and included sections on
demographics, health and wellbeing, use of technology, use
of apps, social media and the internet, treatment preferences,
and a “Build Your Own Mental Health Experience” section.
See Supplementary Material for full survey questions. Although
participants provided answers to several questions about
comfort with technology, use of technology for physical
health and preferences within mental health tools, we report
here only on data concerning current use of mental health
technology, preferences for different types of digital mental
health technology, and participant’s perspectives on the role that
technology should play in mental health care.

Protection Against Malicious Actors
In interest of data quality, several procedures were enacted to
prevent “bad actors” (individuals or entities who participate in
bad faith to accumulate monetary incentives) from participating
in the study and joining the final study sample. Prolific research
platform enacts measures to vet participants such as verification
of email address, phone number (ensuring it correlates with their
country of residence), photo identification, and PayPal address
(25). Technical measures include restricting signups based on IP
address and ISP, requiring a unique non-VOIP phone number,
and analysis of data to review unusual patterns (26). A PayPal or
Circle account is required to be paid and both have procedures to
prevent duplicate accounts. We included two attention checks in
our survey that required participants to read questions fully and
answer them both accurately to be included in the final sample.
By including open-ended questions in our study, we were able to
screen any non-coherent answers and address possible malicious
actors like bots (27). Both specific platform quality checks and
our internal quality checks assure our final sample is comprised
of quality “good actors.”

Demographics
Participants were asked to provide their age, zip code, description
of community size, employment level, number of people living in
home, if someone identifies as an underrepresented person, US
Census racial categories, ethnicity, gender identity, and financial
comfort. All participants were stratified in one of three age
ranges: (1) younger adults (YA: 18–34 years, mean = 24.6 years),

(2) middle aged adults (MA: 35–59 years, mean = 50.5 years),
and (3) older adults (OA: 60+ years, mean = 66.0 years).
Although young, middle, and older adulthood is not clearly
defined by age we determined age ranges based on common
developmental and social periods of adulthood including the
transitionary periods of family roles, careers, and changing health
(28). Younger adulthood comprises of pursing new careers,
social relationships, and identity formation (29). Middle age
presents new life circumstances such as new family demands,
career seniority, and new health challenges (30). The older
adult population is characterized as a period with changes in
cognition, physical health, fewer work and family responsibilities,
and increased focus on meaningful aging and experiences toward
the end of life (31). We asked participants to describe their
current health and general wellbeing to characterize the sample
on current physical and emotional functioning. To assess current
levels of emotional distress, we asked participants to complete the
9-item Patient Health Questionnaire (PHQ-9) (32) which asks
about the frequency and severity of depressive symptoms over
the previous 2 weeks, and the 7-item General Anxiety Disorder
(GAD-7) (33) which asks about the frequency and severity of
generalized anxiety symptoms over the previous 2 weeks.

Survey Questions
Use of Technology for Mental Health
We used questions from a previous survey of preferences for
digital mental health among COVID-19 essential workers and
those unemployed during the pandemic (15), modified slightly
for this study. The survey asked participants if they have
ever used technology to manage mental health problems and
perspectives on different types of digital mental health tools,
specifically apps, message-based care and telehealth. The survey
also asked participant preferences for these different mental
health technologies. See Supplementary Material for full survey.

Role of Technology in Mental Health
Participants were asked a single open-ended question about their
thoughts about the role of technology in mental health care.
Specifically, they were asked “In your own words, what role
should technology serve in mental health care?”

Statistical Analysis Plan
The original sample included 1,032 participants. Data cleaning
removed 34 individuals from the original sample because they
either (1) had a duplicate Prolific ID (n = 2), (2) did not move
past consent (n= 1), or (3) did not pass both attention checks (n
= 31). The final sample included 998 participants.

For each aim, we analyzed differences across age groups.
Age was categorized into three groups (1) younger adults
(YA: 18–34 years), (2) middle aged adults (MA: 35–59 years),
and (3) older adults (OA: 60+ years). To examine differences
between age groups, we used chi-square tests for categorical
variables, Kruskal–Wallis tests for ordinal variables, and one-way
analysis of variance (ANOVA) for continuous variables. When
statistically significant differences across groups were found for
variables withmultiple discrete categories, we conducted post-hoc
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probes using standardized residuals to identify which categories
were responsible for the significant difference.

To control the prevalence of false positives due to multiple
testing, we applied the Benjamini-Hochberg (B-H) procedure
with the false discovery rate set to 10% to 45 statistical tests (34,
35) All statistical analyses were performed with SAS version 9.4.

Qualitative Analysis
Responses to the question, “In your own words, what role
should technology play in your mental health care?” was coded
using thematic, content analysis (36). Codes and their definitions
were developed by two independent reviewers (M.W. and N.S.)
who identified emergent themes in the data. Themes were then
codified and confirmed by both reviewers. In the event reviewers
did not agree on themes, a third reviewer (P.A.A.) was available to
resolve the discrepancy. However, in this project, no third review
was needed. We tallied the frequency that a theme was endorsed
by different participants to rank themes by prominence in the
data. Representative quotes were selected for each theme and are
reported in the results section.

RESULTS

Sample Characteristics
Table 1 shows frequencies, means, and standard deviations
of participant demographics and clinical characteristics. Most
of the sample identified as female (651/995, 65.4%), were
employed (610/981, 62.2%) and did not self-identify as an
underrepresented population based on skin color, heritage,
socio-economic status, gender-identity, sexual orientation, or
other identified characteristics (654/989, 66.1%). The sample
was predominately white (750/994, 75.5%) followed by Black or
African American (74/994, 7.4%), multi-racial (69/994, 6.9%),
and Hispanic/Latinx (55/994, 5.5%).

Older adults were more likely to have received help in the past
for stress or mental health issues (χ2

2 = 11.3, p = 0.0035) while
no differences emerged for current mental health treatment use
or past lived experience across groups.

Overall, the sample’s average score on the PHQ-9 and GAD-7
indicatedmild levels of depression (mean 7.7, SD 5.3) and anxiety
(mean 6.6, SD 5.8) severity. Older adults demonstrated the lowest
levels of depression (mean 5.6, SD 4.2) and anxiety (mean 4.2, SD
4.5) severity.

Survey Results
App, Message Based Care, and Telehealth Usage
Table 2 presents app, message-based care, and telehealth usage
across age groups.

Mental Health Apps
When asked Have you considered using an app for your mental
health? one in three participants (334/988, 33.8%) said they
had considered using an app for this purpose. Compared to
younger and middle-aged adults, significantly fewer older adults
considered an app for their mental health (χ2

2 = 91.6, p < 0.01).
Among those who have considered using an app for their

mental health, about a third (115/334, 34.4%) indicated that they

have downloaded a mental health app, with no differences by
age found.

Message-Based Care, With and Without Video Conferencing
Although older adults were similar to younger and middle-aged
adults in their general view of mental health apps, they were less
likely to rank them (1) as playing an important role in managing
mental health (χ2

2 = 11.1, p < 0.01), (2) to manage mental
health (χ2

2 = 15.7, p < 0.01), (3) as an effective intervention for
managingmental health conditions (χ2

2 = 14.6, p< 0.01), and (4)
were less willing to use these tools (χ2

2 = 25.2, p < 0.01).
When individuals were asked their preference between

message-based care with or without video-conferencing, all
age groups ranked supplementing message-based care with
video-conferencing more favorably than message-based care
without video-conferencing.

Tele-Mental Health
Older adults were less likely to positively rank telehealth care
than younger and middle age adults in (1) playing an important
role in managing mental health (χ2

2 = 11.8, p < 0.01), (2) used
to manage mental health (χ2

2 = 15.6, p < 0.01), (3) effective
intervention for managing mental health conditions (χ2

2 = 13.7,
p < 0.01), and (4) willingness to use (χ2

2 = 17.9, p < 0.01).
However, all age groups viewed this mode of care favorably.

Preferences for In-person, Tele-Mental Health,

Message-Based Care and Mental Health Apps
Table 3 displays treatment preferences across age groups.

Participant’s preferences for the mode of treatment delivery
differed significantly by age (χ2

6 = 25.4, p < 0.01). While all
three group’s leading choice of treatment was in-person therapy,
younger and older adults weremore likely to rank this as a leading
preference compared tomiddle aged adults, whoweremore likely
to prefer tele-health and mobile mental health apps.

Concerns Over Mental Health Apps, Message-Based Care

and Tele-Mental Health
All age groups indicated the greatest concern with message-based
care and mobile mental health apps. Older adults in particular
had greater concerns for mobile mental health apps (χ2

2 =13.5, p
< 0.01) and telehealth (χ2

2 = 13.9, p < 0.01), than younger and
middle age adults.

The Role of Technology in Mental Health Care
Participants were asked to provide open-ended responses to the
question “In your own words, what role should technology play in
your mental health care?”

Nearly all (N = 954) participants responded to this question.
Our qualitative analysis of responses found that a majority
of the total sample (56%) felt that technology should play
a complementary role to traditional mental health care, with
19.8% recommending technology play a major role in mental
health care. This finding was shared across age groups, with
one exception: older adults were more likely to indicate that
technology should play no role in mental health care (10.8%),
whereas only 4.9% of younger adults and 7.5% of middle-aged

Frontiers in Digital Health | www.frontiersin.org 4 February 2022 | Volume 4 | Article 84016929

https://www.frontiersin.org/journals/digital-health
https://www.frontiersin.org
https://www.frontiersin.org/journals/digital-health#articles


Woerner et al. Technology’s Role in Mental Healthcare

TABLE 1 | Demographics stratified by age (categorized).

Age categorized

Younger adults (18–34

years, mean = 24.6) (n

= 290)

Middle aged adults

(35–59 years, mean =

50.5) (n = 406)

Older adults (60 +

years, mean = 66.0) (n

= 302)

Total (N = 998)

Employment

Unemployed 87 (30.5%) 75 (18.8%) 141 (47.3%) 303 (30.9%)

Unpaid work at home (e.g., primary unpaid

caregiver of family member)

10 (3.5%) 33 (8.3%) 6 (2.0%) 49 (5.0%)

Unpaid work out of the home (e.g., volunteerism) 6 (2.1%) 3 (0.8%) 10 (3.4%) 19 (1.9%)

Part time paid work outside the house 63 (22.1%) 29 (7.3%) 21 (7.0%) 113 (11.5%)

Part time paid work at home 16 (5.6%) 42 (10.6%) 50 (16.8%) 108 (11.0%)

Full time paid work outside the house 80 (28.1%) 139 (34.9%) 40 (13.4%) 259 (26.4%)

Full time paid work at home 23 (8.1%) 77 (19.3%) 30 (10.1%) 130 (13.3%)

Missing 5 8 4 17

Household members

1 69 (27.3%) 116 (34.8%) 152 (69.4%) 337 (41.9%)

2 77 (30.4%) 92 (27.6%) 49 (22.4%) 218 (27.1%)

3 66 (26.1%) 69 (20.7%) 12 (5.5%) 147 (18.3%)

4 24 (9.5%) 40 (12.0%) 5 (2.3%) 69 (8.6%)

5+ 17 (6.7%) 16 (4.8%) 1 (0.5%) 34 (4.2%)

Missing 37 73 83 193

Identify as an underrepresented population

based on skin color, heritage,

socio-economic status, gender-identity,

sexual orientation, or other aspects of your

identity.

Yes 129 (44.6%) 111 (27.7%) 38 (12.7%) 278 (28.1%)

No 140 (48.4%) 261 (65.1%) 253 (84.6%) 654 (66.1%)

Not sure 20 (6.9%) 29 (7.2%) 8 (2.7%) 57 (5.8%)

Missing 1 5 3 9

Race

Multi-racial 29 (10.0%) 33 (8.1%) 7 (2.3%) 69 (6.9%)

American Indian or Alaska native or indigenous 0 (0.0%) 4 (1.0%) 1 (0.3%) 5 (0.5%)

Asian 16 (5.5%) 20 (4.9%) 1 (0.3%) 37 (3.7%)

Black or African American 28 (9.7%) 38 (9.4%) 8 (2.7%) 74 (7.4%)

Hispanic/Latinx 30 (10.4%) 22 (5.4%) 3 (1.0%) 55 (5.5%)

Middle Eastern or North African 3 (1.0%) 1 (0.2%) 0 (0.0%) 4 (0.4%)

White 183 (63.3%) 287 (70.9%) 280 (93.3%) 750 (75.5%)

Missing 1 1 2 4

Ethnicity

Hispanic/Latinx 47 (16.6%) 52 (12.9%) 4 (1.3%) 103 (10.4%)

Non-Hispanic/Latinx 236 (83.4%) 351 (87.1%) 296 (98.7%) 883 (89.6%)

Missing 7 3 2 12

Gender identity

Female 203 (70.0%) 256 (63.4%) 192 (63.8%) 651 (65.4%)

Male 66 (22.8%) 141 (34.9%) 108 (35.9%) 315 (31.7%)

Transgender, Non-binary, or Gender-

nonconforming

21 (7.2%) 7 (1.7%) 1 (0.3%) 29 (2.9%)

Missing 0 2 1 3

Financial stability, n (%)

Can’t make ends meet 35 (12.3%) 62 (15.5%) 35 (11.7%) 132 (13.4%)

Have just enough to get by 162 (56.8%) 164 (41.0%) 137 (45.7%) 463 (47.0%)

Are comfortable 88 (30.9%) 174 (43.5%) 128 (42.7%) 390 (39.6%)

(Continued)
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TABLE 1 | Continued

Age categorized

Younger adults (18–34

years, mean = 24.6) (n

= 290)

Middle aged adults

(35–59 years, mean =

50.5) (n = 406)

Older adults (60 +

years, mean = 66.0) (n

= 302)

Total (N = 998)

Missing 5 6 2 13

Home location, n (%)

Large city 92 (31.9%) 92 (22.7%) 50 (16.6%) 234 (23.5%)

Suburb near a large city 96 (33.3%) 150 (36.9%) 106 (35.1%) 352 (35.3%)

Small city or town 72 (25.0%) 109 (26.8%) 86 (28.5%) 267 (26.8%)

Rural area 28 (9.7%) 55 (13.5%) 60 (19.9%) 143 (14.4%)

Missing 2 0 0 2

Clinical characteristics

PHQ-9 total score

N 290 406 302 998

Mean (SD) 10.1 (5.5) 7.5 (5.3) 5.6 (4.2) 7.7 (5.3)

GAD-7 total score

N 290 406 302 998

Mean (SD) 9.6 (5.9) 6.2 (5.6) 4.2 (4.5) 6.6 (5.8)

adults felt technology should play no role in mental health care.
See Table 4.

Five major themes emerged regarding the specific role that
technology should play in mental health care: paired with
a mental health professional, for communication purposes,
symptom monitoring, improving access to care, and specific
recommendations for technology in mental health. Nearly a
third of respondents (29.3%) indicated that technology should
be paired with a mental health professional, with 33.1% of older
adults endorsing this, compared to 25.5% of younger adults and
29.1% of middle-aged adults endorsing this theme. One older
adult participant responded, “I think technology can be very
useful with my mental health care, however, I still want that
human interaction. I feel the information gathered would be
a great tool for a health professional in aiding in treatment.”
Similarly, technology as a means of addressing barriers to
access (e.g., expanded hours, ready documentation about illness,
increased quality of care) was endorsed by 31.1% of the sample,
although fewer older adults (25.7%) endorsed this theme than
the other age groups (see Table 4). One participant wrote, “Make
it easier to access care immediately or as needed. Remove
barriers or reduce such as cost, time, distance.” Approximately
15% of the total sample felt technology should be used for
communication and administrative purposes, with more older
adults endorsing this theme (18.9%) than other age groups.
One older adult responded, “For me, scheduling appointments,
alerting for appointments, initial intake data to get set up with a
counselor or clinician.” Symptom monitoring was only endorsed
in 9.3% of the sample, with minimal differences between age
groups. A participant responded, “I think technology can serve
as a watchdog and an alert for changes in mental health or like
a warning signal if difficulties arise that I may not be able to
handle.” See Table 4.

Finally, 26% of the sample who answered this question
provided detailed recommendations for technology use. These
recommendations were to use technology to promote and
reinforce healthy behaviors, utilize specific applications to help
mental health, and for disorders that would specifically benefit
from technology, such anxiety. One participant suggested, “I
am impressed by Woebot and hope that with AI [artificial
intelligence] even better mental health apps become available
because I would use them every day.”

DISCUSSION

To our knowledge, this is the first study to directly ask potential
end-users of digital mental health tools the role they feel
technology should serve in mental health care. This is also one
of the first studies to intentionally include the voice of older
adult populations in the discussion of such technology in their
mental health care, and to compare older adult responses to
those of younger adults. A major finding of this study is that
with a few exceptions, younger, middle-age and older adults have
similar perspectives on the use of digital mental health tools,
and in some circumstances, older and younger adults are more
aligned in their view of such tools than would be expected,
given the vastly different presence of technology in their lives.
Overall, all generational groups felt digital mental health tools
should serve a supportive role to traditionally delivered mental
health care, with technology being used primarily for extended
access to clinicians, a means of communication, and, to a lesser
degree, symptom monitoring. There were a few generational
differences, with older adults rating message-based care and
telehealth as less acceptable than their younger counterparts,
and older adults were less likely to consider using an app
to manage their mental health care than the younger and
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TABLE 2 | App, message based care, and telehealth usage stratified by age categorized.

Age Categorized

Younger Adults (18–34

years) (n = 290)

Middle Aged

Adults (35–59

years) (n = 406)

Older Adults (60+

years) (n = 302)

Total (N = 998) P-value

App usage

Have you considered using an app for your

mental health?

<0.011

No 131 (46.0%) 274 (67.8%) 249 (83.3%) 654 (66.2%)

Yes 154 (54.0%) 130 (32.2%) 50 (16.7%) 334 (33.8%)

Missing 5 2 3 10

Have you downloaded a mental health app?a 0.271

No 94 (61.0%) 90 (69.2%) 35 (70.0%) 219 (65.6%)

Yes 60 (39.0%) 40 (30.8%) 15 (30.0%) 115 (34.4%)

Message based care usage

Message-based care can play an important role

in managing my mental health.

<0.012

N 288 405 301 994

Mean (SD) 4.3 (1.2) 4.2 (1.2) 4.0 (1.3) 4.2 (1.2)

Median 5.0 4.0 4.0 4.0

I would use message-based care to manage my

mental health.

<0.012

N 284 405 301 990

Mean (SD) 4.2 (1.3) 4.1 (1.3) 3.8 (1.4) 4.0 (1.4)

Median 4.5 4.0 4.0 4.0

Message-based care can be an effective

intervention for managing mental health

conditions.

<0.012

N 284 403 298 985

Mean (SD) 4.4 (1.1) 4.2 (1.2) 4.0 (1.2) 4.2 (1.2)

Median 4.0 4.0 4.0 4.0

If science found that message-based care is

effective for managing mental health conditions,

I would use it.

<0.012

N 284 404 299 987

Mean (SD) 4.6 (1.2) 4.4 (1.3) 4.1 (1.3) 4.4 (1.3)

Median 5.0 5.0 4.0 5.0

I believe using only message-based care,

without video-conferencing, can be effective in

managing my mental health.

0.792

N 282 400 299 981

Mean (SD) 3.3 (1.3) 3.3 (1.4) 3.3 (1.4) 3.3 (1.4)

Median 3.0 4.0 3.0 3.0

I would prefer to use message-based care

(without video-conferencing) rather than

video-conferencing to manage my mental health.

0.462

N 286 402 298 986

Mean (SD) 3.2 (1.6) 3.3 (1.5) 3.2 (1.6) 3.2 (1.6)

Median 3.0 3.0 3.0 3.0

I would prefer to use message-based care with

video-conferencing rather than message-based

care without video-conferencing to manage my

mental health.

<0.012

N 284 401 300 985

Mean (SD) 4.1 (1.5) 3.7 (1.5) 3.7 (1.5) 3.8 (1.5)

Median 5.0 4.0 4.0 4.0

(Continued)
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TABLE 2 | Continued

Age Categorized

Younger Adults (18–34

years) (n = 290)

Middle Aged

Adults (35–59

years) (n = 406)

Older Adults (60+

years) (n = 302)

Total (N = 998) P-value

Telehealth usage

Tele-health can play an important role in

managing my mental health.

<0.012

N 290 406 302 998

Mean (SD) 4.7 (1.1) 4.7 (1.1) 4.5 (1.1) 4.6 (1.1)

Median 5.0 5.0 5.0 5.0

I would use tele-health to manage my mental

health.

<0.012

N 288 405 302 995

Mean (SD) 4.5 (1.3) 4.5 (1.2) 4.2 (1.3) 4.4 (1.3)

Median 5.0 5.0 4.0 5.0

Tele-health can be an effective intervention for

managing mental health conditions.

<0.012

N 285 404 299 988

Mean (SD) 4.7 (1.0) 4.6 (1.1) 4.3 (1.2) 4.6 (1.1)

Median 5.0 5.0 5.0 5.0

If science found that tele-health is effective for

managing mental health conditions, I would use

it.

<0.012

N 284 405 301 990

Mean (SD) 4.7 (1.2) 4.7 (1.2) 4.3 (1.3) 4.6 (1.2)

Median 5.0 5.0 5.0 5.0

1Chi-Square p-value; 2Kruskal-Wallis p-value. Bold indicates P-value < 0.05 and less than Benjamini-Hochberg critical value, considered to be statistically significant. aAmong those

who have considered using an app for their mental health. Note: scale range 1–6; higher score reflect agreement.

middle-aged respondents. These results are consistent with the
overall lower use of technology by older adults (37–40). We
found that across all groups the leading preference for mental
health treatment was in-person therapy which is consistent
with prior research on DMH preferences of adults under 68
(41), although middle-aged adults were more likely to endorse
using such tools compared to younger and older adults. In
sum, our results suggest that few people in need turn to digital
mental health tools because the tools available do not align
with how people feel these tools should be used in mental
health care.

Generational Lifestyles, Preferences, and
Needs
Variation in responses among the three age groups in this
study may be attributable to generational differences in life
circumstances and work/social demands. Middle-aged adults
are more likely to be faced with high productivity demands
from work and home, given this is a stage in life where
people are managing both young and old family members
with growing families while juggling the demands of a career,
financial pressures, and increasing health problems (30). This
age group’s greater acceptability of digital mental health-based
solutions may reflect their need for efficient care that allows
them to prioritize other life matters. Of particular interest

is the finding that the majority (93.7%) of younger adults
endorsed a preference for in-person therapy over technology-
based care, more so than both middle aged and older adults.
Although younger adult’s technology use is high, our study
suggests that younger adults see technology serving a specific
role in their lives that does not include managing mental
health issues.

For older adults, their barriers to technology, little
understanding of DMH, and low-tech skills may explain
part of why acceptability of DMH is lower than middle-aged
adults and they prefer one-to-one therapy (19, 39). Additionally,
previous research shows privacy concerns are significant
hinderances to using technology (39, 42).

Suggestions for Successful
Implementation of Digital Mental Health
Across the Generations
Our results suggest that digital mental health interventions
should be part of a multimodal package of care that combines
aspects of in-person treatment with technology (43). Accounting
for patient choice in their mental health care is associated
with positive outcomes in therapeutic interventions and
lower drop-out rates (44). Some older adults raised concerns
about the “automation” of decisions and courses of action
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TABLE 3 | Treatment preference stratified by age (categorized).

Age Categorized

Younger Adults (18-34

years) (n = 290)

Middle Aged

Adults (35-59

years) (n = 406)

Older Adults (60+

years) (n = 302)

Total (N = 998) P-value

Have you ever received help in the past

for stress or mental health issues? The

help may have been psychotherapy,

counseling, and/or medication for

depression, anxiety, stress management

or other mental health issue

<0.011

No 93 (32.4%) 104 (25.7%) 61 (20.3%) 258 (26.0%)

Yes 194 (67.6%) 301 (74.3%) 240 (79.7%) 735 (74.0%)

Missing 3 1 1 5

Are you currently receiving help

(psychotherapy, counseling,

medication) for stress or mental health

issue

0.851

No 184 (63.9%) 257 (63.5%) 197 (65.4%) 638 (64.2%)

Yes 104 (36.1%) 148 (36.5%) 104 (34.6%) 356 (35.8%)

Missing 2 1 1 4

Have you ever experienced a mental

health condition, such as depression,

anxiety, or psychosis?

0.171

No 39 (13.8%) 73 (18.3%) 58 (19.3%) 170 (17.3%)

Yes 244 (86.2%) 327 (81.8%) 242 (80.7%) 813 (82.7%)

Missing 7 6 2 15

Suppose all types of counseling

described above are equally effective,

which would you be most likely to

choose

<0.011

One-to-one in-person therapy 169 (59.1%) 183 (45.9%) 168 (56.6%) 520 (53.0%)

Tele-health 54 (18.9%) 123 (31.6%) 75 (25.3%) 255 (26.0%)

Message-based Care 39 (13.6%) 44 (11.0%) 38 (12.8%) 121 (12.3%)

Mobile Mental Health App 24 (8.4%) 46 (11.5%) 16 (5.4%) 86 (8.8%)

Missing 4 7 5 16

Do you think you would have any

concerns about these options?

Message-based Care

115 (39.7%) 180 (44.3%) 141 (46.7%) 436 (43.7%) 0.211

Mobile Mental Health Apps 90 (31.0%) 155 (38.2%) 138 (45.7%) 383 (38.4%) <0.011

Tele-health 93 (32.1%) 105 (25.9%) 62 (20.5%) 260 (26.1%) <0.011

Prefer not to answer 93 (32.1%) 105 (25.9%) 62 (20.5%) 260 (26.1%) <0.011

One-to-one in-person therapy / counseling

from a licensed clinician

34 (11.7%) 48 (11.8%) 41 (13.6%) 123 (12.3%) 0.731

1Chi-Square p-value; Bold indicates P-value < 0.05 and less than Benjamini-Hochberg critical value, considered to be statistically significant.

being implemented in care when utilizing digital mental
health tools, thus inclusion of patient choice and autonomy
is critical (18) Participants in our study saw successful
implementation of digital mental health as augmentative to
their current treatment. These insights reinforce the importance
of digital mental health as one component of a mental
health intervention, and to the importance of vetting digital
mental health tools with intended user groups, in order
to create tools that will have the greatest likelihood of
use (10).

LIMITATIONS

This study has a few limitations worth mentioning. First,
while we stratified recruitment to reflect US census reports
of racial demographic breakdown, ultimately, sample is not
entirely representative of the demographic composition for the
US population. Underrepresented racial and ethnic groups in
this survey include African American, Asian, and American
Indian or Alaska Native or Indigenous. The older adult sample
was particularly over-representative of the White racial group
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TABLE 4 | Role size and themes mentioned in qualitative responses.

Role Size YA 8–34 MAA 35–59 OA 60+ Whole group

N % N % N % N %

None 14 4.9 29 7.5 31 10.8 74 7.8

Small or limited scope 43 15.2 54 14.0 60 21.0 157 16.5

General or Complementary 159 56.2 224 58.2 151 52.8 534 56.0

Large 67 23.7 78 20.3 44 15.4 189 19.8

Themes mentioned

Paired with a Provider 74 25.5 118 29.1 100 33.1 292 29.3

For Comm and Admin 45 15.5 50 12.3 57 18.9 153 15.2

Monitoring 25 8.6 42 10.3 27 8.9 94 9.3

Access to care 101 32.5 130 41.8 80 25.7 311 31.1

Specific recommendation 70 24.1 110 27.1 79 26.2 259 26.0

relative to the US census. Additionally, these findings cannot
be generalized to non-English speaking individuals. Second,
our sample was recruited from an online research community,
which is naturally more experienced and inclined to participate
in online, digital research. Thus, the perspectives reported
here are from populations who may be more comfortable
using technology and may also be more aware of the
limitations and problems related to digital technology. Thirdly,
the participant’s experience with mental health services and
previous treatment exceeds that of the general population which
means our results on preference for treatment are not entirely
representative (45). Finally, in many respects, participants were
asked to reflect on mental health tools they may not have
encountered before (e.g., message-based care) and were thus
likely providing initial reactions to the role such tools should
play in mental health care. Future research should conduct
more in-depth user testing of existing tools to determine if the
perspectives reported here are still valid after exposure to using
these tools.

CONCLUSION

Digital mental health interventions provide both older adults
and younger generations fruitful ways to prevent, assess,
treat, and manage mental health conditions. In this study
we ascertained important generational views on how adults
view technology in conjunction with their mental healthcare.
While most adults were supportive of effective digital mental
health technologies, our results indicate that there is no “one-
size-fits-all” for mental health care and older adults were
less accepting of digital mental health than other generations.
Adults see value in these technologies through administrative
functions such as scheduling, treatment monitoring and the
ability to message their provider. The unique preferences and
lifestyles of different generations demonstrate the need for
variance in mental health care offerings. As the older adult
population increases, researchers and systems of care have
the responsibility to address patient preferences for care and
recognize the barriers and challenges to the use of digital mental
health tools.
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Background: Digital health programs have been shown to be feasible and effective

for the prevention of chronic diseases such as diabetes. Contrary to expectations,

findings also suggest that older adults have higher levels of engagement with digital

health programs than younger adults. However, there is a paucity of research examining

outcomes among older adults in digital health programs and whether higher engagement

is related to better outcomes.

Methods: We examined weight loss outcomes for 538 users aged 65 and older

participating in one of two app-based prevention programs called the Diabetes

Prevention Program and the Prevention Program, respectively. Both programs were

available on a single artificial intelligence (AI)-powered digital health platform and shared

a common goal of weight loss. We also examined the relationship between key

engagementmetrics (i.e., conversing with the AI-powered coach, weigh-ins, and initiating

educational lessons early in the program) and weight loss outcomes.

Results: The average weight loss of all enrollees having a weight measurement after

after the 9th week was 4.51%, and the average weight loss of the Diabetes Prevention

Program enrolleesmeeting aminimum engagement level was 8.56%. Greater weight loss

was associated with a greater number of days with AI-powered coaching conversations

(p = 0.03), more weigh-ins (p = 0.00), and early educational lesson initiation (p = 0.02).

Conclusions: Digital health programs powered by AI offer a promising solution for health

management among older adults. The results show positive health outcomes using

app-based prevention programs, and all three engagement metrics were independently

associated with weight loss.

Keywords: older adults, mHealth, weight loss, prevention, engagement, digital health, diabetes

INTRODUCTION

The population of older adults, 65 years and older, in the United States is increasing
rapidly (1). As a result, a top healthcare priority is the expansion and improvement of
programs for prevention of chronic diseases, which are especially prevalent among older
adults (1). Scalable solutions for disease prevention are essential given that there are over
54 million older adults in the United States as of 2020 and both their numbers and
risk for chronic diseases, such as diabetes, hypertension, and obesity, are increasing (1).
Digital health programs are a scalable way to facilitate the prevention of chronic diseases

38

https://www.frontiersin.org/journals/digital-health
https://www.frontiersin.org/journals/digital-health#editorial-board
https://www.frontiersin.org/journals/digital-health#editorial-board
https://www.frontiersin.org/journals/digital-health#editorial-board
https://www.frontiersin.org/journals/digital-health#editorial-board
https://doi.org/10.3389/fdgth.2022.886783
http://crossmark.crossref.org/dialog/?doi=10.3389/fdgth.2022.886783&domain=pdf&date_stamp=2022-05-19
https://www.frontiersin.org/journals/digital-health
https://www.frontiersin.org
https://www.frontiersin.org/journals/digital-health#articles
https://creativecommons.org/licenses/by/4.0/
mailto:lisa.austergussman@lark.com
mailto:oralee.branch@lark.com
https://doi.org/10.3389/fdgth.2022.886783
https://www.frontiersin.org/articles/10.3389/fdgth.2022.886783/full


Auster-Gussman et al. Weight Loss Among Adults 65+

across age groups, and emerging research suggests that this
includes older adults (2).

Although past researchers have deemed age to be the “largest
barrier to digital health adoption” (3), recent evidence suggests
older adults are not only willing to engage with digital health
offerings but do so at similar or even higher rates than younger
adults. For example, older adults report willingness to engage
with smartphone-based technologies for pain management (4).
Moreover, recent research indicates that older adults show higher
engagement with digital health programs than younger adults,
contrary to conventional wisdom that older adults face too many
barriers to engage with digital health programs at the same level
as younger adults (5). The results from Graham and colleagues
(5), comparing engagement in digital health programs of adults
35 to 64 years to those over 65, demonstrated that adults over
65 engaged in significantly more coaching conversations, logged
more meals, and provided more connected device measurements
than younger adults. Furthermore, research on engagement in
a digital health program among a Medicare population showed
that 92% of participants completed at least nine out of 16
program lessons and engaged in 19 out of 31 opportunities
for weekly program engagement (6). Among 140 participants
aged 50 to 80 years, 65% showed long-term engagement,
operationalized as completing at least one task activity per month
over 4 months, and there were no differences when stratified
by age (i.e., 50 to 64, and 65 to 80) (7). These studies provide
powerful evidence that older adults are both willing and able to
engage with digital health programs.

Although evidence is mounting on engagement among older
adults in fully digital health programs, little research has been
conducted on clinical outcomes among older adults in these
programs. The published studies in this domain are primarily
feasibility and acceptability trials, trials with very small samples,
include adults under 65 years of age, or examine programs that
are not fully digital. Qualitative acceptability research suggests
that older adults believe a digital health coach may help them
improve health behaviors, such as increase their physical activity,
but this has not been tested (8). One study measured feasibility
and acceptability of a fully digital health program among older
adults and reported an average weight loss of 3.44 pounds
over 4 months, showing promise for the effectiveness of fully
digital health programs for this population, but only included 19
individuals (7). A meta-analysis of six trials of adults with a mean
age of 68 years old indicated that programs with smartphone-
based intervention components helped these individuals decrease
sedentary time, increase physical activity, and increase fitness;
however, these studies included adults as young as 55 years of age
(9). Finally, a study using a Medicare population with a mean age
of 68 years old showed weight loss at 12 months, but this study
included a combination of human and digital health coaching (6).
In sum, this growing literature supports the fact that older adults
can both engage with and benefit from digital health offerings,
but whether older adults can lose weight in a fully digital program
has not been tested.

As research on engagement has mounted, questions related
to the importance of the timing of engagement have emerged,
with a focus on early engagement in digital health programs

as a predictor of longer-term positive health outcomes. These
studies were not focused on older adults, but they demonstrate
the importance of early engagement, and they beg the question
of whether this would be similar in the older population. For
example, early program engagement predicted weight loss at 1
year in a combined behavioral and pharmacotherapy weight loss
program (10). Specifically, each additional day of meal logging
during the 1st 3 weeks of the program was related to a 7%
increase in the odds of attaining at least 5% weight loss at 1
year (10). Research on weight loss among emerging adults in
a combined web-based and in-person behavioral weight loss
program showed that engagement during the initial 4 weeks of
treatment, operationalized as attendance at an initial in-person
session and at least weekly weight reporting, was associated with
increased weight loss (11). A variety of studies have also reported
the importance of early engagers in weight loss trials; specifically,
those who have the best weight loss in the first month also
have better long-term weight loss (12). Taken together, these
studies indicate that early program engagement plays a key role
in predicting later clinical program outcomes.

There is a paucity of evidence focused on outcomes specifically
among older adults and on the relationship between engagement
and outcomes among this population in fully digital prevention
programs. Therefore, this study examined weight loss as the
primary outcome of two fully digital preventive health programs
because weight loss is a common metric used to assess success in
such programs and because even small amounts of weight loss
are related to improvements in other clinically relevant metrics
such as hemoglobin A1c, triglycerides, systolic blood pressure,
and LDL cholestorol (13). The primary purpose of this research
was to examine weight loss among adults 65 years and older
enrolled in one of two prevention programs on a single digital
health platform. Specifically, we examined weight loss among
this population as well as the relationship between engagement
and weight loss, with a focus on the impact of early engagement.
The primary hypothesis was that higher engagement would be
associated with greater weight loss among older adults.

METHODS

Study Design
This was a longitudinal, observational study of users enrolled
in an AI-powered digital chronic disease prevention program
available via a smartphone app called Lark. We examined
weight loss as well as the relationship between engagement
and weight loss. The study received exemption status from
Advarra Institutional Review Board (Protocol #Pro00047181)
for retrospective analyses of previously collected and
de-identified data.

Participants and Recruitment
Participants were 538 users of an AI-based chronic disease
prevention coaching app who joined one of two prevention
programs [see Graham and colleagues (5) for details] offered
through the platform (i.e., Diabetes Prevention Program or
Prevention Program), both of which had a primary outcome of
weight loss. All users had private insurance and gained access
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to the app at no cost via partnerships between the app and
their insurance provider. Those who were eligible and signed up
received a link via text message to download the Lark app to their
smartphones. Briefly, the Diabetes Prevention Program followed
the National Diabetes Prevention Program (NDPP) guidelines
and the established Prevent T2 curriculum for delaying or
preventing progression to type 2 diabetes (14). Diabetes
Prevention Program users must meet risk criteria established by
the Centers for Disease Control and Prevention (14).

The Prevention program targets individuals who may not
meet strict criteria for participation in the NDPP. The Prevention
program emphasizes taking small steps that lead to significant
and lasting behavior change in the areas of nutrition, physical
activity, weight loss, sleep, and stress reduction. Any user with
insurance coverage for Lark can sign up for the Prevention
Program.Most participants in both programs (97.6% overall) had
access to a connected digital body weight scale, provided through
participation in the program, that automatically transmitted their
weigh-ins to the digital platform.

Inclusion Criteria
Inclusion criteria for the analytic sample were: (1) enrollment in
either the Diabetes Prevention or Prevention program on or after
January 1, 2019, (2) aged 65 years and older, (3) a starting BMI
≥25, (4) in the program for at least 3 months, (5) had a weight
after 9 weeks, (6) had full demographic information, and (7) had
weight loss set as a goal in their program. Exclusion criteria were:
(1) those who had earlier versions of the app (i.e., before January
1, 2019) and (2) those who had been in the programs <3 months.
We also excluded users who were normal weight or underweight
because the primary outcome was weight loss.

Program Flow
Users who qualified for the app, downloaded it, and signed
up for a given program provided all measures and outcomes
via the app-based digital health platform. The AI-based
platform includes two prevention programs: Diabetes Prevention
Program and Prevention Program. These programs include
a core set of features plus condition-specific content. All
programs are delivered via an iPhone or Android smartphone.
They each include a series of educational lessons delivered
via conversational AI as well as calls-to-action and nudges
which provide positive reinforcement and prompt users to
enter health data, log a meal, complete a lesson, or weigh
themselves. The AI coach encourages user behavior change
using cognitive behavioral therapy techniques and is available 24
hours per day for users to check in and discuss challenges or
progress.

Engagement Measures
We examined three engagement variables as predictors of
weight loss and measured these engagement variables and their
relation to weight loss. All predictors occurred during the first
9 weeks of the program because the focus was on modeling
early engagement as a predictor of later clinical outcomes. The
three engagement metrics each represented different types of

engagement: conversations, early lesson initiation, and weigh-
ins. Conversations was the percentage of days in the first 9 weeks
that a user engaged in a two-way conversation within the app and
represented active app usage and contact with the coach. Early
lesson initiation was a binary variable indicating whether a user
completed >2 lessons during the first 3 weeks of the program
and represented engagement with educational content beyond
simple contact with the coach. The early lesson initiation variable
captured those with high early use, as a single lesson took seven
days of app usage to complete. Completion of two lessons in the
first 2 weeks indicated 100% daily usage, so we expanded the
window to include the third week of the program.Weigh-ins was
the number of weigh-ins during the first 9 weeks of the program
and represented a real-world behavior prompted by the coach.

Outcome Measures
The primary outcome was percent weight loss, calculated as (first
weight-nadir weight)/first weight. First weight was the average
of weights recorded on the first day a user provided weights.
Nadir weight was the minimum recorded weight occurring after
>9 weeks in the program, as past research suggests that the first
several weeks in a program are critical to the prediction of long-
term outcomes (12). As a quality control, the digital platform
flags abnormal weigh-ins for review by identifying a weight loss
rate of >7lbs/week and removes outliers unless confirmed by
the member to be accurate. The duration of active participation
in a digital health program may vary across members; thus, the
use of nadir weight and time-to-nadir enabled a larger number
of members to be assessed for weight loss outcomes. The mean
time-to-nadir was 138 days after program enrollment (SD = 71
days), suggesting that the nadir weight occurred on average after
approximately 4.5 months of program participation.

Statistical Analyses
We conducted all statistical analyses in R version 1.4.1717 (15).
Users self-reported their age, gender, race, and height upon
enrollment. We calculated BMI (kg/m2) from height and starting
weight and obtained engagement variables directly from users’
interactions with the digital platform. We used linear regression
to examine the association between engagement and percent
weight loss (dependent variable) and log-transformed variables
with non-normal distributions as necessary. We combined the
Diabetes Prevention and Prevention programs for the regression
since the programs shared a common goal (weight loss) and
combining them increased the sample size for analysis. We also
included program type as an independent variable in the model.
We checked for multicollinearity of the independent variables
in the model using variance inflation factors. All other analyses
were simple descriptive statistics for each included variable. The
a priori alpha level was p < 0.05.

RESULTS

Participants
Our final sample included 538 users (see Figure 1 for inclusion
flow chart) with most individuals enrolled in the Diabetes
Prevention Program (N = 489). Mean age was 67.47 years
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FIGURE 1 | Users based on inclusion and exclusion criteria.

(SD = 3.28). More than half of users were female (61%), and
16% were non-white. Mean Body Mass Index (BMI) was 32.61
kg/m2 (SD = 5.59) (see Table 1 for complete demographics
and characteristics).

Percent Weight Loss and Engagement
Mean overall percent weight loss was 4.51% (95% CI = 4.14,
4.87). Further details and program-specific means are in Table 1.
An examination of engagement revealed that the mean number
of conversations during the first 9 weeks was 145.58 (SE = 4.59).
The percentage of users with early lesson initiation was 45%. The
mean number of weigh-ins during the first 9 weeks was 21.76 (SE
= 0.80). The mean nadir weight day was 137.60 (SE= 3.06) days
after program enrollment, suggesting that nadir weight occurred
on average after approximately 4.5 months, but with variation in
the time of peak loss across users.

Relationship Between Engagement and
Percent Weight Loss
The final regression model predicting percent weight loss
included the effect of conversations, early lesson initiation, and
weigh-ins. Control variables included user demographics as well
as starting BMI, time-to-nadir weight, and program type (see
Table 2 for full results; all independent variables are included
in Table 2). The model had good overall fit [R2

= 0.3, F(9,528)

TABLE 1 | Participants, engagement, and outcome metrics.

Mean (SE/CI/IQR) or % (n)

Participants

Age (years) 67.47 (0.14)

Median 66.00 [25% = 65.00, 75% = 69.00]

Starting BMI (kg/m2) 32.61 (5.59)

Median 31.32 [25% = 28.28, 75% = 35.64]

% Female 61% (N = 329)

% Non-white 16% (N = 84)

Engagement features (9 weeks)

Mean weigh-ins 21.76 (0.80)

Mean conversations 145.58 (4.59)

% Early mission initiation 45% (N = 241)

Weight loss

Overall (N = 538) 4.51% (95% CI [4.14, 4.87])

Diabetes prevention program (N =

489)

4.57% (95% CI [4.19, 4.94])

CDC qualifiers (N = 60) 8.56% (95% CI [7.03, 10.08])

Prevention program (N = 49) 3.91% (95% CI [2.52, 5.31])

Mean nadir weight day 137.60 (3.06)

N = 538 unless noted otherwise; “CDC Qualifiers” indicates the subset of users in the

Diabetes Prevention Program that met minimum lesson completion standards set forth

by the CDC. This means completion of at least 3 lessons in the first 6 months and at least

1 lesson from months 9–12.

= 24.4, p < 0.001]. We observed that all three engagement
variables were significantly related to percent weight loss, such
that a higher number of conversations, more weigh-ins, and early
lesson initiation were related to greater weight loss. In addition,
all variance inflation factor (VIF) values were between 1.03 and
1.64, indicating no issues with multicollinearity, and bivariate
correlations between the engagement variables ranged from r =
−0.006 to r = 0.32.

DISCUSSION

The results of this study support the primary hypothesis that
increased engagement was related to a greater percent weight
loss among older adults. The relationship between program
engagement and clinical outcomes suggests that digital health
programs are an effective way to promote weight loss and,
potentially, other related health outcomes among older adults.
This research adds to the growing body of literature on
older adults and digital health, further suggesting that greater
engagement is associated with positive health outcomes among
older adults.

Contribution to the Literature
Contrary to past conjecture, this study supports findings from
recent research that suggests older adults are able and willing to
engage in digital health apps and do engage in digital health.5 Past
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TABLE 2 | Results of the regression modeling the effect of engagement on weight

loss percent.

Unstandardized B SE 95% CI p

LL UL

Constant −8.69 3.63 −15.81 −1.57 0.02

Control variables

Sex 0.32 0.33 −0.33 0.98 0.33

Race −0.34 0.44 −1.20 0.52 0.44

Age 0.05 0.05 −0.05 0.14 0.35

Body mass index 0.05 0.03 −0.01 0.10 0.12

Nadir weight day 0.03 0.00 0.02 0.03 0.00

Program type (Ref. DPP)

Prevention −0.11 0.55 −1.21 0.99 0.84

Engagement

Early lesson initiation 0.89 0.39 0.14 1.65 0.02

Conversations 0.57 0.25 0.07 1.07 0.03

Weigh-ins 0.65 0.19 0.28 1.01 0.00

p < 0.05 shown in bold. DPP, Diabetes Prevention Program. All independent variables

used in analyses are included in table.

research has found that adults aged 65 and older can be successful
in hybrid programs (6), but this research is the first to provide
evidence of success in fully digital programs on a relatively large
scale. The observed average weight loss of 4.5% in this study
supports a previous small-sample feasibility study of a fully digital
mobile app-based program that showed an average weight loss
of 3.44 pounds over 4 months, indicating that older adults can
successfully lose weight using fully digital programs (7). Results
from research examining the association between engagement,
age, and weight loss are instructive, although they include adults
across the age span from 18 to 85 years of age (16). Specifically,
researchers found that the association between engagement and
weight loss was stronger for younger people compared to older
adults (16). Although this may be true, our findings suggest that
engagement is an important predictor of outcomes among older
adults; thus, there is still merit in encouraging higher engagement
among older adults.

Since we found that engagement is critical for outcomes,
considering how different types of engagement relate to
outcomes is also important. Past research has suggested the
importance of measuring engagement at different levels of
analysis, namely, “Big E” and “Little e” engagement, the former
referring to health behavior engagement (e.g., weigh-ins) and the
latter to app engagement, which is further broken down into
app-use engagement (e.g., conversations) and behavior change
content engagement (e.g., educational lessons) (17). The authors
suggested the importance of examining engagement at multiple
levels to better understand how app-use engagement is related
to outcomes (e.g., the relation between conversations and weight
loss) and the ways in which the outcome is explained by health
behavior engagement, which is related to but separate from
app-use engagement (e.g., the unique variance contributed by
weigh-ins above and beyond conversations).

Assessing engagement at multiple levels also helps researchers
understand which aspects of engagement are most important
for influencing a given outcome. For example, if we had
found that conversations, but not early lesson completion,
was significant this might indicate the primary importance of
two-way interactions with coaches regardless of participation
in educational content. However, in line with the suggestions
of past researchers, the results of this study demonstrated
that engagement at each level independently contributed to
weight loss; conversations, which showed active app usage and
contact with the coach, early lesson initiation, which showed
engagement with educational content beyond contact with
the coach, and weigh-ins, which showed real-world behavior
prompted by the coach. Our results indicate that it is not just
one type of engagement that predicts weight loss, but that greater
engagement at each of these three levels uniquely contributes
to this important indicator of improved health. This finding
is similar to results from a study with younger adults, which
showed that a cluster of different engagement variables (e.g.,
attendance at an initial session in person, weight reporting)
predicted weight loss (11). Thus, both older and younger adults
appear to benefit from multiple modes of engagement, and our
results further suggest that such early multifaceted engagement
predicts improved weight loss outcomes in older adults.

Strengths and Limitations
There were several limitations in this study. All data were
retrospective and collected via the digital health app platform.
There were fewer users in the Prevention Program compared to
the Diabetes Prevention Program, but the regression coefficient
for program was not significant indicating that weight loss did
not differ by program. The study only included users who had
full demographic data available, as well as a BMI ≥25 and
a weight loss goal, which led to a decrease in the available
sample size. However, including complete data on all variables
was an important first step in revealing predictors of weight
loss among older adult users of a fully digital program. We
aimed to capture engagement at three different levels, namely
app-use engagement, behavior change content engagement, and
health behavior (i.e., weigh-in) engagement. These measures
provided important engagement insights but were still relatively
rudimentary; future research could explore more nuanced types
of engagement (e.g., patterns of engagement over time) or ways
of operationalizing engagement that better capture unique user
behavior patterns or trends. In line with research suggesting
that older adult internet usage is increasing (18), these findings
suggest that the digital divide may not be as wide as it once
was. However, we only examined older adults who were willing
and able to sign up for a digital app. Future research could
examine whether there are age-specific factors in digital health
design or content that lead to greater willingness of older adults
to use fully digital health programs or facilitate even greater
engagement given that encouraging and maintaining high rates
of engagement is a key challenge in digital health. The primary
strength of this study was that all data came from real-world users
of the app rather than participants recruited specifically for a
research study. Future users of the app would have the same user
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experience as this sample since there were no study components
that occurred outside of the app interface.

CONCLUSIONS

The findings of this study suggest that older adults lose
weight while using preventive health programs on a fully
digital platform, and that increased engagement is related to
increased weight loss. As the need for scalable solutions for
older adults rapidly increases over the coming years, digital
health programs may offer a solution to the rapidly increasing
needs of individuals and communities at risk for, and living
with, chronic diseases. Scalable, fully digital health solutions
were previously thought to be efficacious only among younger
adults. However, the findings presented here reveal that this
assumption is, at the very least, worthy of being tested in research.
These findings are a first step in developing a body of literature
supporting digital health solutions for all ages, including
older adults.
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Introduction: Wearables have great potential to improve monitoring and delivery of

physical activity interventions to older adults with downstream benefits to multisystem

health and longevity; however, benefits obtained from wearables depend on their uptake

and usage. Few studies have examined person-specific factors that relate to wearable

adherence. We characterized adherence to using a wearable activity tracker for 30

days and examined associations between adherence and demographics, cognitive

functioning, brain volumes, and technology familiarity among community-dwelling

older adults.

Methods: Participants were 175 older adults enrolled in the UCSF Longitudinal Brain

Aging Study who were asked to wear a FitbitTM Flex 2 during waking hours for 30

days. Sixty two of these participants were also asked to sync their devices to the

Fitbit smartphone app daily to collect minute-level data. We calculated adherence to

wearing the Fitbit daily (i.e., proportion of days with valid activity data) and adherence to

daily device syncing (i.e., proportion of days with minute-level activity data). Participants

also completed a brain MRI and in-person cognitive testing measuring memory,

executive functioning, and processing speed. Spearman correlations, Wilcoxon rank

sum tests, and logistic regression tested relationships between wearable adherence and

clinicodemographic factors.

Results: Participants wore the Fitbits for an average of 95% of study days and were

85% adherent to the daily syncing protocol. Greater adherence to wearing the device was

related to female sex. Greater adherence to daily device syncing was related to better

memory, independent of demographic factors. Wearable adherence was not significantly

related to age, education, executive functioning, processing speed, brain gray matter

volumes, or self-reported familiarity with technology. Participants reported little-to-no

difficulty using the wearable and all reported willingness to participate in another wearable

study in the future.

Conclusions: Older adults have overall high adherence to wearable use in the

current study protocol. Person-specific factors, however, may represent potential

barriers to equitable uptake of wearables for physical activity among older adults,
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including demographics and cognitive functioning. Future studies and clinical providers

utilizing wearable activity trackers with older adults may benefit from implementation of

reminders (e.g., texts, calls) for device use, particularly among men and individuals with

memory impairment.

Keywords: digital health, Fitbit, aging, memory, physical activity, wearable adherence

INTRODUCTION

The population of older adults is growing worldwide (1). In
conjunction, the prevalence of multimorbid geriatric health
conditions is increasing faster than the rate at which effective
healthcare resources for older adults are being implemented
(2–4). There is a pressing need to identify targets for preventative
medicine approaches to maintaining optimal health among
this growing population. Physical activity is one modifiable
behavioral factor that has been strongly and consistently linked
to better health across many domains, including cardiovascular
health, physical frailty, mental health, and cognitive functioning
(5, 6). In addition to the public health and economic benefits of
reducing the burden of multimorbidity among older adults (7, 8),
there are also clear individual benefits including improvement
in quality of life and prolonged functional independence
(9). Still, physical activity interventions in clinical settings
remain underused (10) and even when patients are advised or
encouraged to increase their physical activity by their healthcare
providers (11, 12), there may be little long-term follow up.

Wearable devices are a potentially feasible, accessible,
and effective way to bridge the gap between research and
implementation with regard to physical activity as a preventative
health measure. In fact, wrist-worn wearables for tracking
physical activity are gaining popularity, even among older
adults. Recent estimates suggest that 17% of U.S. adults aged
50 or older already use activity watches/wearable trackers
regularly (13). Smart activity watches passively track and transmit
objective activity information to an accessible yet secure cloud-
based storage system, circumventing prior approaches reliant
on self-report, which are often biased by recall errors, social
desirability effects, or state-dependent bias (14, 15). In addition
to collecting real-time objective data, wearables are also capable
of delivering real-time individualized interventions to increase
physical activity, including prompts to move when the device
detects lack of activity (16). Many observational studies and
interventions have already been conducted in several pediatric
and adult populations (17, 18); however, less is known about the
best practices for using wearables in research studies or clinical
interventions with older adults.

Several studies support the validity of wearables for measuring
physical activity in older adults and willingness to use these
devices. A wide range of devices have been validated as
accurate measures of activity, including both research-grade and
commercially available wrist-worn devices (19, 20). Although no
studies to date have examined factors that relate to wearable
adherence among older adults in the context of a study or
intervention, prior work has examined factors that relate to
naturalistic wearable use. For example, Kononova et al. (21)

examined factors that facilitate real-world wearable use among
older adults, with long-term users being strongly motivated by
social support and collaboration, while short-term users seemed
most focused on competitive desires to increase physical activity.
Older adult perceptions and real-world uses of activity trackers
have also been well-characterized, with studies showing overall
high levels of acceptability (22); however, acceptability and
subsequent use is still highly dependent on a number of factors
including cost, privacy, personal motivation, understanding
device purpose, and ease of use (22–26). While studies thus
far have demonstrated that many older adults are able to
engage with wearable devices, there appear to be many device-
specific qualities and subjective perceptions about wearables that
affect their naturalistic uptake. Furthermore, cognitive changes,
including declines in processing speed, memory, and executive
functioning occur with age, highlighting the need to consider
how cognitive and brain health relate to wearable adherence (e.g.,
forgetting to wear the device due to memory problems) in this
population. Given the need for better implementation strategies
for preventative healthcare among the growing population of
older adults, it is imperative to examine person-specific factors
that might be barriers to wearable use in the context of a study
or intervention.

Thus, the primary aims of this study are to: (1) characterize
engagement with wearables for physical activity among older
adults using data from an observational exercise study; (2)
examine associations between adherence to wearable usage
and demographics, cognitive functioning, brain volumes, and
self-reported familiarity with technology; and (3) characterize
feedback from a post-study questionnaire. We hypothesized that
better adherence to wearable usage will be related to younger age,
better cognitive functioning, larger brain volumes, and greater
familiarity with technology.

MATERIALS AND METHODS

Participants
This study cohort included 175 English-speaking older
adults aged 55 years and older who were recruited from
the UCSF Longitudinal Brain Aging Study at the UCSF
Memory and Aging Center. This parent study totals 408
English-speaking participants (56% Female; agemean=

76.5 years; educationmean = 17.4 years; 83% White, 3%
Black/African American, 9% Asian/Pacific Islander, and
5% Other or Unknown Race). Inclusion criteria for the
Longitudinal Brain Aging study enrollment consisted of
being age 55 and older and having no history or current
evidence of the following conditions: clinically significant
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stroke, acquired brain injuries, DSM-5 major psychiatric
disorders, Multiple Sclerosis, Parkinson’s Disease, major
memory concerns or related diagnoses, active substance
abuse, Diabetes Mellitus, Hepatitis C, Epilepsy, Blindness,
Deafness, HIV, and Syphilis. The observational Fitbit study
from which current study data were derived followed this
same guidance, with no additional exclusion criteria. This
study was approved by the UCSF Institutional Review Board.
All subjects provided written, informed consent to voluntary
research participation.

Procedure
Participants were scheduled for a Longitudinal Brain Aging
baseline or annual follow-up research visit, which took place
in-person at the UCSF Memory and Aging Center. Participants
represent community-dwelling functionally intact older adults
living in the Bay Area. These comprehensive visits included
cognitive testing, neuroimaging, and questionnaire completion.
Preceding or following their standard visit, all subjects were also
invited to participate in the observational Fitbit study on an
opt-in basis. This study was described as an optional add-on
to the primary longitudinal program and aimed to investigate
the link between lifestyle factors (i.e., physical activity) and
brain health. At the Fitbit study appointment, participants were
asked to wear an actigraphy watch (FitbitTM Flex 2 model)
for 30 continuous days on the non-dominant wrist during all
waking hours, including both active and sedentary time. They
were instructed to charge the device every night and resume
wearing it the following morning. A subset of 62 participants
who owned smartphones agreed to download the mobile Fitbit
app and sync their Fitbit device to the app once per day. The
other 113 participants were not expected to complete a daily
sync; instead, all Fitbit data was synced to the app by a research
coordinator after study completion. Study FAQ sheets were
provided to each participant and contained trouble-shooting and
syncing details. Activity logs were also distributed as means for
participants to record any deviations from the study protocol,
such as forgetting to wear, sync, or charge the device on a
given day. Research coordinators emphasized the observational
nature of the study, and they encouraged participants to go about
their daily activities as they usually would. To further minimize
self-monitoring effects on behavior, Fitbit activity feedback was
reduced as much as possible. Feedback was inherently limited by
the minimalist design of Flex 2 model, which does not feature
a visual screen display. In addition, all in-app activity tracking
tiles were removed and all exercise-related Fitbit and mobile
device goals and notifications were disabled. After 30 days of
daily use, participants were contacted to return their Fitbit by
mail using a provided, prepaid envelope. Interested participants
were able to request post-completion summaries of their physical
activity metrics. Collected physical activity data was then linked
to all relevant standard visit measures captured on the same
visit day or within 500 days of the Fitbit study start date. Thirty
eight participants who completed Fitbit did not have cognitive
testing or neuroimaging completed at their standard visit within
this timeframe.

Fitbit Data Collection
Fitbit accounts were individually created for each participant
through the mobile app, either on the subject’s smartphone or on
a research iPad to accommodate any subjects not using a personal
cellular device for the study. Each participant was assigned a
unique, de-identified username for app sign up, and each Fitbit
was directly paired to the participant’s respective app account
via Bluetooth connection. Daily in-app Fitbit syncing required
basic WIFI connection. Performing manual, daily syncs was
optimal, as it allowed for minute-level presentation of physical
activity data and in-depth analysis of step cadence for this subset
of participants. For participants who did not sync every day,
Fitbit stores daily aggregate metrics (e.g., daily total step counts
and mileage). Upon device return, all Fitbits were charged and
synced a final time to capture any aggregate-level data that was
not previously uploaded to the app. All Fitbit accounts were
then connected to Fitabase, a platform specifically tailored for
wearable research data management. All de-identified participant
Fitbit data were then exported from Fitabase, cleaned, and
analyzed in R.

Measures
Study Adherence
We measured study adherence in two ways. First, we measured
each participant’s daily adherence wearing the device, which
was calculated as the proportion of study days with >100
steps recorded. This step count cutoff was used to identify
days when participants likely did not wear the device for
any part of the day, following previous study approaches
(27). Among the subset of participants who were asked to
sync their device to the smartphone app daily, we also
calculated the proportion of study days for which any
minute-level data was collected, as an indicator of successful
syncing events.

Cognitive Functioning
Participants completed a brief neuropsychological battery in
person at their parent-study visit. Tests assessed three cognitive
domains: memory, executive functioning, and processing speed.
Sample based z-scores were calculated for individual tests and
then averaged within each domain to create a composite z-score.
The memory composite included the CVLT-II (total immediate
recall, long delay free recall, and recognition discriminability)
and Benson Figure Recall. The executive functioning composite
included a modified version of the Trail Making Test requiring
participants to serially alternate between numbers and days of
the week (total time to complete), a Stroop interference task
(number of correct items in 60 s), phonemic fluency (number
of D words in 60 s), design fluency (D-KEFS Condition (1),
and digit span backward (longest span). The processing speed
composite included computerized visuospatial processing speed
(reaction time) tasks previously described elsewhere (28). Higher
scores indicate better performance for the memory and executive
functioning domains, whereas lower scores indicate better
performance for the processing speed domain (i.e., faster times).
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Neuroimaging
Participants also completed magnetic resonance imaging (MRI)
using a Siemens Prisma 3T scanner. Whole brain T1-weighted
images were acquired sagittally using magnetization prepared
rapid gradient-echo sequence (TR/TE/TI = 2,300/2.9/900ms,
α = 9◦) with field of view of 160 × 240 × 256mm and
isotropic voxel resolution of 1 mm3. All T1-weighted images
were inspected visually for quality before processing and images
with excessive motion or artifact were excluded. The N3
algorithm was used to correct for magnetic field bias (29).
SPM12’s unified segmentation procedure was used for tissue
segmentation (30). Diffeomorphic Anatomical Registration using
Exponentiated Lie algebra (DARTEL) was used to create a
study-specific template for warping individual participant T1-
weighted images (31). Images were normalized and modulated
within the study-specific template space using non-linear and
rigid-body registration. Smoothing was performed using an
8-mm full width half maximum Gaussian kernel. Linear
and non-linear transformations between DARTEL’s space and
International Consortium of Brain Mapping (ICBM) space were
applied to facilitate registration with a brain parcellation atlas.
Quantification of volumes was performed by transforming a
standard parcellation atlas into ICBM space and summing
all gray matter within parcellated regions of interest (32).
Total intracranial volume (TIV) was calculated as the sum
of gray matter, white matter, and cerebrospinal fluid. This
study examined total gray matter volume and medial temporal
lobe volume (i.e., bilateral entorhinal, parahippocampal, plus
hippocampal volume) with TIV regressed out.

Technology Familiarity and Feedback Questionnaires
Questionnaires were available through the UCSF Qualtrics Web
Survey platform and completed at the end of the visit on
a research iPad or at home using distributed email survey
links. The Technology Familiarity Questionnaire asked questions
about participants’ prior experiences using computers and
technological devices, including if participants: (1) have ever used
a wearable tracking device (i.e., Fitbit, Jawbone, Apple Watch),
(2) own a “smartphone” (i.e., iPhone, Android), (3) experience
difficulty when using computers, and (4) experience anxiety when
using a computer, tablet, or smartphone. Questions 1 and 2
offered binary response options “Yes” or “No”. Questions 3 and
4 response options were based on a Likert scale from 1 (least
affected by difficulty) to 5 (most affected by difficulty). After
completion of the Fitbit study, participants completed the Post-
Study Feedback Questionnaire, which asked questions about
experience using the Fitbit for the duration of their participation.
Participants were asked to rate overall: (1) satisfaction with
participating, (2) degree of Fitbit interference in day-to-day life,
(3) degree of Fitbit comfort over the course of 30 days, (4)
degree of difficulty maintaining the Fitbit’s charge and using the
Fitbit wristband, and (5) degree of change to day-to-day activities
caused by wearing the Fitbit. The response options followed a
Likert scale from 1 (e.g., not at all interfering, not at all difficult,
no change to day-to-day activities) to 5 (e.g., very satisfied, very
comfortable to wear). The survey also asked whether subjects
would participate in a future wearable devices study (Yes/No).

Statistical Analyses
Descriptive statistics were used to characterize adherence to
wearing the Fitbit daily, adherence to syncing the Fitbit daily, and
responses to the post-study feedback questionnaire. To examine
bivariate associations between adherence and demographic and
clinical factors, Spearman correlations and Wilcoxon rank
sum tests were used for continuous and categorical variables,
respectively. These non-parametric statistical tests were used
due to the skewed distribution of adherence rates. For any
statistically significant (alpha = 0.05) bivariate relationship with
clinical factors, follow up analyses were conducted to covary for
demographics. Specifically, due to issues with skew, adherence
was dichotomized (<90% adherence vs. ≧90% adherence) and
logistic regression was used to examine the specified clinical
factor as a predictor of adherence, covarying for age, sex, and
education. All analyses were conducted using R, version 4.0.5.

RESULTS

Participant demographic and clinical characteristics are displayed
in Table 1. Participants were 74 years old on average, majority
female with more than college education on average, and mostly
non-Hispanic White. This sample was also fairly active, with
about 7,000 steps taken per day on average. Among the subset
of participants with cognitive data (n = 137), a majority of
participants were cognitively normal per consensus review. A
majority of participants (70%) reported having prior experience
with wearables. Participants also reported little-to-no difficulty
or anxiety from using technology on average. Of note, the
differences in tech-difficulty and tech-anxiety ratings between
participants who were and were not asked to sync their device
daily were not statistically significant (p > 0.05).

TABLE 1 | Demographic and clinical characteristics (N = 175).

Mean (SD) or N (%)

Age 73.65 (8.68)

Sex (female) 101 (58%)

Years of education 17.62 (1.93)

Race/Ethnicity

White 151 (86%)

Black/African American 3 (2%)

Asian 20 (11%)

Other 1 (1%)

Average daily steps 6,964 (3,760)

Cognitive status (cognitively normal)a 133 (97%)

Memory z-scorea 0.03 (0.79)

Executive functioning z-scorea 0.20 (0.66)

Processing speed scorea 2.59 (1.58)

Smartphone ownership (yes)b 103 (85%)

Prior wearable experience (yes)b 85 (70%)

Difficulty with technologyb 0.55 (0.72) [range = 1–4]

Anxiety from technologyb 0.13 (0.36) [range = 1–3]

aN = 137. bN = 121.
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Among all 175 participants enrolled in the study, there was
a high rate of daily adherence, with participants wearing the
Fitbit on an average of 89% of study days (range = 0–100%;
IQR = 91–100%). Four participants had 0% adherence. Study
records indicate that they reported not wearing the Fitbit for
various reasons (e.g., lost the device, interfered with their own
personal activity watch). Among the subset of 62 participants
who were asked to sync the Fitbit device to the smartphone
app on a daily basis, adherence to the protocol was still high.
On average, participants were about 85% adherent to the daily
syncing protocol (range= 3–100%; IQR= 82–100%).

Among the entire sample of 175 participants, adherence to
wearing the Fitbit was not significantly related to age (Spearman’s
rho = −0.100; p = 0.186) or years of education (Spearman’s
rho = −0.110; p = 0.146); however, adherence was related to
sex (Wilcoxon rank sum = 3111.5; p = 0.044) such that women
(mean adherence = 94%) were more adherent than men (mean
adherence = 83%). Greater adherence to wearing the Fitbit
showed a small effect with better memory performances, but
did not reach statistical significance (Spearman’s rho = 0.145;
p = 0.090). Adherence to wearing the Fitbit was not strongly
related to executive functioning (Spearman’s rho = 0.033; p
= 0.701) or processing speed (Spearman’s rho = −0.125; p =

0.167). Adherence was not significantly related to TIV-adjusted
brain volumes (total gray matter: Spearman’s rho = 0.048, p
= 0.653; medial temporal lobe: Spearman’s rho = 0.086; p =

0.421). Adherence was also not strongly related to reported
difficulty with technology (Spearman’s rho = 0.087; p = 0.343),
technology-related anxiety (Spearman’s rho = −0.055; p =

0.548), smartphone ownership (Wilcoxon rank sum = 1014.5;
p = 0.486), or prior experience using wearables (Wilcoxon rank
sum= 1507.5; p= 0.891).

Among the 62 participants with daily syncing, adherence to
daily syncing was not significantly related to age (Spearman’s
rho = 0.162; p = 0.210), sex (Wilcoxon rank sum = 481; p
= 0.939), or years of education (Spearman’s rho = 0.086; p
= 0.506). Greater adherence to daily syncing was significantly
related to better memory (Spearman’s rho = 0.356; p = 0.019).
Follow-up logistic regression showed that memory remained
a significant predictor of daily syncing adherence (OR =

2.69, 95%CI = 1.06–7.74, p = 0.046) even after covarying
for age, sex, and education (Figure 1). Adherence to syncing
the Fitbit was not statistically related to executive functioning
(Spearman’s rho = −0.019; p = 0.903) or processing speed
(Spearman’s rho = −0.076; p = 0.599). Adherence to syncing
was not strongly related to brain volumes (total gray matter:
Spearman’s rho = 0.171, p = 0.349; medial temporal lobe:
Spearman’s rho = −0.022; p = 0.904). Adherence to syncing the
Fitbit was also not strongly related to reported difficulty with
technology (Spearman’s rho = 0.040; p = 0.805), technology-
related anxiety (Spearman’s rho = 0.060; p = 0.714), or prior
experience using wearables (Wilcoxon rank sum = 1507.5;
p= 0.891).

Finally, responses on the study feedback questionnaire were
generally positive (Figure 2). Both participants who were and
were not asked to sync their devices daily reported high
satisfaction with their participation in the study (No daily

FIGURE 1 | Better memory performance is associated with a greater

likelihood of being at least 90% adherent to syncing the Fitbit daily.

syncing: mean = 4.42/5, SD = 0.78, range = 3–5; Daily syncing:
mean= 4.48/5, SD= 0.69, range= 3–5) and high comfortability
with wearing the Fitbit daily (No daily syncing: mean = 4.63/5,
SD = 0.59, range = 3–5; Daily syncing: mean = 4.66/5, SD =

0.55, range = 3–5). On average, participants also reported that
the Fitbit contributed little-to-no interference in their day-to-day
life (No daily syncing: mean = 1.26/5, SD = 0.58, range = 1–
4; Daily syncing: mean = 1.17/5, SD = 0.38, range = 1–2), low
difficulty with charging the device and using the wristbands (No
daily syncing: mean = 1.40/5, SD = 0.56, range = 1–3; Daily
syncing: mean = 1.34/5, SD = 0.55, range = 1–3), and little-to-
no change in their daily activities as a result of wearing the Fitbit
(No daily syncing: mean= 1.05/5, SD= 0.29, range= 1–3; Daily
syncing: mean = 1.10/5, SD = 0.31, range = 1–2). Additionally,
all participants (100%) indicated that they would be willing to
participate in another study using wearable devices in the future.

DISCUSSION

Given the increasing need to utilize effective behavioral
interventions for prolonged health span among older adults, it
is important to characterize the feasibility of wearable activity
trackers and predictors of wearable use in a study context
to inform future protocols and implementation procedures
for clinical use. Adherence to wearable use is an important
metric that can contribute to interpretation of observational and
interventional exercise study effects, yet are often unreported
(33). Our findings strongly support the use of wearable activity
trackers for studies with older adults, including high overall
adherence and satisfaction using the Fitbit in a way that was
consistent with our study protocol. Results also suggest that
sex and memory functioning may be important predictors of
wearable adherence. The latter may be particularly relevant
when individuals are required to manually sync devices with a
smartphone app on a regular basis. Importantly, all participants
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FIGURE 2 | Distributions of responses to the study feedback questionnaire. All items are rated on a scale from 1 (not at all) to 5 (very much).

indicated that they would be willing to use a wearable activity
tracker again in another study the future.

Our findings showing high adherence rates for daily wearable
use are generally consistent with previous studies in older adults,
which have reported daily wearable use on as many as 98% of
study days on average (34). Interestingly, we also found that
female sex was associated with higher adherence to wearing
the device daily. Although few previous studies have examined
factors that predict wearable use among older adults, this sex-
specific finding is somewhat consistent with at least one other
report to our knowledge. Li and colleagues (35) found that
women were more likely to be long-term (>6 months) wearable
users in naturalistic everyday life than men. Such demographic
factors are important to consider to ensure equity in the uptake
of beneficial interventions using wearables.

We also identified a novel association between worse memory
functioning and poorer adherence to device syncing in a cohort
of otherwise functionally intact older adults. No prior studies
to our knowledge have examined adherence to daily syncing,
which allows for higher resolution data (e.g., steps per minute)
to be collected. There was also some cognitive specificity, such
that no strong associations between wearable adherence and
executive functioning or processing speed were detected. The
associations with memory are particularly notable given the
high functioning status of our participants and raises potential

concerns for wearable use among clinical, cognitively impaired
samples. Our results suggest that studies using wearables in
cognitively impaired populations may consider implementing
daily reminders for use and manual syncing to minimize missing
data. Other studies appear to have implemented successful
reminder strategies among older adult participant samples,
including phone calls or text messages. For example, one physical
activity intervention study among older adults with cognitive
impairment utilized reminders based on real-time data collection
such that reminder calls were provided when no data was
transferred to the cloud-based system for 3 consecutive days (36).
Conversely, lower wearable adherence may even be used as a
digital biomarker of memory status. Further research is needed
to extend the work on passively-collected digital biomarkers of
cognitive and everyday functioning in aging populations (37).

Finally, results from our study feedback questionnaire are very
consistent with previous literature on acceptability of wearable
use among older adults. Numerous studies have shown that older
adults have high levels of acceptance and willingness to use
wearable activity trackers (24, 38, 39). This is not unexpected
given that a majority of U.S. older adults now own smartphones
(40) and there is a slow but steady rise in uptake of digital health
technology in general among this older population (41). This is
promising for the integration of digital health technologies into
research and clinical settings for improving our monitoring of
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modifiable lifestyle factors for maintaining optimal health into
older adulthood.

LIMITATIONS

This study was not without limitations. Our study involved a
relatively small sample size. While there was a total of 175
subjects that participated in the study, only 62 of these subjects
agreed to the continuous, manual syncing process by which they
generated minute-level data and could be evaluated for daily
syncing adherence. Our study also faced limitations of selection
bias. Demographically, our study sample was largely limited
to community-dwelling, cognitively healthy, mostly White, and
highly educated older adults in the Bay Area. This study sample
is demographically reflective of the broader UCSF Longitudinal
Brain Aging Program from which participants were recruited
and may not be generalizable to older adults in other geographic
regions. This should be taken into account when considering
the strong technological access and familiarity experiences
dominantly reported by participants, and the overwhelmingly
positive feedback reported about participating in the wearable
study. Given that our study was completely observational,
optional, and did not provide compensation, we expect thatmany
of our older adult study volunteers may share a strongmotivation
to participate in research or other extracurricular activities and
a particular interest in physical health and exercise. These
characteristics reflect that this group may be more physically
active and motivated to use wearables on average than the wider
U.S. older adult population.

This possible selection bias also influences the generalizability
of our study’s findings. Further investigation, starting with the
expansion of our wearables study to a broader range of older
adults, is needed to better characterize and understand these
feasibility, adherence, and memory-based relationships in the
context of US older adults across different lifestyles and cognitive
domains. The utility and feasibility of wearables in clinical
older adult populations cannot be generalized by this study
alone. Alongside many others, this study’s sample highlights the
crucial need for recruiting and includingmore diverse participant
representation in our research across racial, socioeconomic,
education, and cognitive diagnosis groups.

CONCLUSIONS

Based on our comprehensive evaluation of study-specific
wearable adherence, self-reported feedback, and capture of
objective physical activity measures, wearables appear to be
feasible and acceptable among community-dwelling older adults;
however, consistent with previous studies, there are person-
specific factors that likely affect regular daily use. Our findings

support the continued use of wearable devices in studies
with older adult populations to reliably track physical activity.
Notably, adherence to wearable use should be monitored and
reminders (e.g., texts, calls) may be particularly helpful in older
adults at risk for memory difficulties. Technological upgrades
to wearable devices now allow for automatic, Bluetooth-based
data collection capabilities (i.e., without the need for manual
syncing by the participant). Ideally, studies can utilize these
newer wearable models and have devices seamlessly sync to a
smartphone or other cloud-based system, which would eliminate
participant syncing inconsistencies or errors almost entirely.
These recommendations would help to streamline the data
collection process and facilitate frequent, consistent device
management on the participant side.
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of Psychology, School of Behavioral and Brain Sciences, The University of Texas at Dallas, Richardson,
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It is critical to intervene early in the mild cognitive impairment (MCI) stage of the
Alzheimer’s disease trajectory, but traditional cognitive testing methods are costly,
burdensome, and difficult to access. We examined adherence and validity data to
a 30-day self-administered ecological momentary cognitive testing protocol
among a sample of older adults with MCI and cognitively normal controls to
evaluate feasibility, tolerability, and initial validity in comparison to standard
neuropsychological tests. Participants included 48 participants with MCI (Mean
age= 72 years, SD= 7 years) and 46 demographically-matched cognitively
normal (NC) control participants (Mean age= 70 years, SD= 7 years). Participants
completed traditional neuropsychological testing to determine MCI status,
followed by 30 days of remote ecological momentary cognitive testing.
Ecological momentary assessment (EMA) surveys were administered 3 times per
day for 30 days (possible total = 90), and mobile cognitive tests were
administered every other day (for a total of 15 administrations). Mobile cognitive
tests included the Variable Difficulty List Memory Test (VLMT; measure of learning
and memory), Memory Matrix (measure of visual working memory), and the Color
Trick Test (measure of executive function). EMA and mobile cognitive test
adherence, fatigue effects, mobile cognitive test performance and group
differences, and psychometrics (reliability, convergent validity, ceiling effects, and
practice effects) were examined. Overall mean-level adherence to the mobile
cognitive tests was 85% and did not differ by MCI status. The reliability of stable
between-person individual differences for the VLMT and Memory Matrix were
very high. Moreover, although the reliability of within-person change for Memory
Matrix was adequate, the corresponding reliability for VLMT was somewhat low.
Averaged performance on the mobile cognitive tests was correlated with lab-
based tests measuring the same construct. Participants with MCI performed
worse than NCs on the VLMT and Color Trick Test, and there was no evidence of
fatigue effects for these two tests. These findings support the feasibility and
potential for ecological momentary cognitive testing to support clinical trials and
for measuring cognitive changes over time in persons with increased risk for
Alzheimer’s disease such as those with MCI.

KEYWORDS

ecological momentary assessment, ambulatory assessment, smartphones, Alzheimer’s

disease, adherence, psychometrics
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1 Introduction

Research that examines cognitive functioning has

traditionally taken place in a lab with paper and pencil

neuropsychological testing; however, there are barriers with

this method, including high cost, time burden, and access to

testing locations which are limited by transportation and

uneven distribution in rural or remote areas. As a result,

neurocognitive testing is infrequently repeated, if at all.

Ecological momentary cognitive tests (EMCTs), which are

brief and repeatable cognitive assessments that are self-

administered via smartphone in participants’ own

environments, may be a valuable complement to traditional

neuropsychological testing that can help overcome some of

these barriers (1–4).

There are several advantages to EMCTs that may make

them well suited for use in clinical trials. Cognition can

fluctuate from day to day, which makes it is difficult to

determine what should be considered a real change on

neuropsychological testing from one time point to another.

This is particularly problematic when trying to examine

improvement over time (e.g., recovery from stroke) or

cognitive decline as seen in Alzheimer’s disease and related

dementias. Alzheimer’s disease is the most common cause of

dementia in older adults (5) and places significant financial

and emotional burden on affected families, not to mention

the financial impact on healthcare systems. Therefore, it is no

surprise that there are currently hundreds of ongoing clinical

trials aimed at prevention of and intervention in Alzheimer’s

disease and related dementias (6).

To date, pharmacological interventions have been slow to

show reductions in cognitive decline, and no treatments have

been able to reverse cognitive decline despite some evidence

for slowing disease progression; however, many of these

studies use less-than-optimal cognitive outcome measures. For

example, the Alzheimer’s Disease Assessment Scale–Cognitive

Subscale (ADAS-Cog) has been shown to have significant

ceiling effects in those with normal cognition and mild

cognitive impairment (MCI) and there are concerns about its

ability to detect cognitive changes early in the disease course

(7–9). Given that EMCTs can be given over multiple days,

EMCTs may be a cost effective and time efficient method to

establish a more accurate baseline for cognitive functioning

and to detect person-specific changes more sensitively over

time. Such procedures could also allow for dynamic titration

of difficulty in order to more effectively probe variation in

performance.

EMCTs can also be paired with other technologies such as

ecological momentary assessment (EMA) or wearable devices

(e.g., actigraphy to objectively assess physical activity and

sleep). Therefore, observational studies or interventional

studies can examine how mood, activities, sleep, and other

fluctuating daily-life factors associate with cognition over time
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without relying on retrospective recall, which is particularly

relevant to persons with memory impairments (e.g., 10, 11).

Utilizing EMCTs to examine cognition in a person’s everyday

life with different contextual variables could lead to person-

specific intervention strategies (4).

Additionally, the use of EMCT may reduce the number of

in-person visits, which could reduce the burdens of time and

transportation, particularly for participants that live in rural

areas and older adults with mobility limitations. The tradeoff

is that technology familiarity may impact one’s ability to

engage in EMCTs and is something to be mindful of in this

group. However, a study conducted in 2021 by the Pew

Research Center found that 83% of those aged 50–64 own a

smartphone and 61% of adults aged 65 + own a smartphone,

indicating that the majority of older adults are already

engaged with smartphone technology (12). To date, there

have been a handful of studies by other groups utilizing

smartphone-based mobile cognitive testing among cognitively

normal older adults (e.g., 10, 13, 14) and older adults with

MCI (e.g., 15, 16), all of which have demonstrated feasibility,

good adherence, and promising initial psychometric properties

for use of these tests in this population.

Despite the clear appeal of EMCT in aging research, there

are some current limitations. For example, a recent systematic

search and evaluation found that the majority of currently-

available commercial-grade app-based tools to assess cognition

lack validity data for their assessments (17). This is

concerning, as an absence of validity data in these tools could

lead to unreliable information about possible cognitive

impairment. Therefore, we present adherence and validity

data in a group of older adults with and without MCI for

three NeuroUX EMCTs assessing the domains of memory

and executive functioning: 1) Variable Difficulty List Memory

Test (VLMT), which is a verbal list-learning test in which we

administered 6-word, 12-word, and 18-word versions; 2)

Memory Matrix, a visual working memory task; and 3) Color

Trick Test, an executive functioning task examining inhibition

using a Stroop-Type paradigm. The aims of the study were to

examine the 1) adherence to the 30-day EMCT protocol, 2)

fatigue effects, 3) EMCT task performance and group

differences, and 4) EMCT psychometrics, including reliability,

convergent validity (compared to traditional

neuropsychological tests), ceiling effects, and practice effects.
2 Materials and methods

2.1 Participants

Participants were English-proficient individuals aged 50 or

older who met criteria for any subtype of mild cognitive

impairment (MCI) using Jak/Bondi criteria, which require

performance of one standard deviation below normative
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expectations on two different assessments within a single

cognitive domain (i.e., memory, attention, language, executive

functioning), or cognitively normal (NC) control participants.

Exclusion criteria included: (1) presence or history of medical

or neurological disorders that may affect brain function (e.g.,

stroke, epilepsy, Parkinson’s disease), (2) presence of

dementia, (3) history of unconsciousness for a period greater

than 15 min, (4) significant impairment of vision (e.g.,

blindness, glaucoma, vision uncorrectable to 20/40, color

blindness) or hearing (e.g., hearing loss) that would interfere

with their ability to complete the study protocol, (5) presence

of intellectual disability (defined as IQ < 70), (6) current

diagnosis of substance use disorder, (7) or presence or history

of a psychotic disorder or bipolar disorder.

Data were collected across three sites between December

2020 and December 2021: The University of Texas at Dallas

(UTD), University of California San Diego (UCSD), and

University of Miami Miller School of Medicine (UM),

resulting in a total of 94 participants (48 MCI, 46 NC). UTD

participants were recruited from community advertisements

and previous participation in aging-related research studies at

the Center for Vital Longevity at UTD. UCSD participants

were recruited from word of mouth and posting in the Stein

Institute for Successful Aging monthly newsletter. UM

participants were recruited from the clinical programs at the

Miller School of Medicine Memory Disorders Center, the

Florida ADRC, and through advertisements and previous

study participants.
2.2 Procedures

The study was approved by each University’s respective

Institutional Review Board, and all participants provided

written informed consent. After a brief phone screen,

participants completed a baseline visit either remotely via

Microsoft Teams or Zoom or in-person. During the baseline

visit, participants completed a neuropsychological battery.

Research staff held a bachelor’s degree or higher, and were

trained over the course of several weeks, within and across

sites, to administer and score the neuropsychological tests

accurately. Jak/Bondi diagnostic criteria for MCI were applied
FIGURE 1

Protocol of mobile cognitive testing administration. Note. Difficulty levels are
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to the neuropsychological test data to determine MCI status.

The Jak/Bondi diagnostic criteria show a good balance of

sensitivity, specificity, and reliability compared to other

conventional MCI criteria (18). Study eligibility, all

neuropsychological test scores, and diagnoses were reviewed

by the first author (RCM). Once eligibility and group status

were confirmed, staff contacted participants to set up their

smartphones for the EMCT period. Participants could either

complete the EMCTs using their personal smartphone or, if

they requested or did not own a smartphone, they were

provided with a study-owned Android smartphone. Those

using study-provided smartphones were trained to operate the

device and given a user manual to reduce technological issues.

Participants were trained on the EMCT protocol and

completed a mock EMA survey and mobile cognitive testing

session to allow for technical questions and troubleshooting.

For the following 30 days, participants completed the

EMCT protocol using the NeuroUX platform (19).

Participants were sent text message notifications to take the

EMA surveys three times per day. Every other day,

participants were asked to complete the three different mobile

cognitive tests (i.e., Variable Difficulty List Memory Test,

Memory Matrix, Color Trick Task) of varied difficulty along

with each of their EMA surveys. The mobile cognitive tests

were counterbalanced throughout the EMA period by test

type and difficulty level, resulting in a total of 5 easy, 5

medium, and 5 hard conditions of each of the three mobile

cognitive tests (see Figure 1). To encourage EMA adherence

and help troubleshoot any difficulties, researchers contacted

participants if they missed more than three surveys in a row.

Participants were compensated up to $190 total for

completing the baseline visit ($50) and EMCT sessions (EMA

questions only – $0.88; EMA +mobile cognitive tests – $2.25).
2.2.1 Remote visit task modifications
Due to evolving restrictions on in-person data collection

during the height of the COVID-19 pandemic, some individuals

participated in-person (n = 28) whereas others participated via

remote visits (n = 66). For remote appointments, all tasks were

completed via video conferencing using Microsoft Teams or

Zoom meetings and required minimal modification. Participants

were asked to complete the visit in a quiet environment away
depicted as green (easy), yellow (medium), and red (hard).
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from distractions (e.g., away from other individuals, powering off/

silencing unrelated devices) and a screening measure was

completed to ensure participants could hear the researcher well

and see the PowerPoint materials on their desktop, laptop, or

iPad. Researchers also asked participants to refrain from utilizing

any performance aids, such as writing down stimulus items,

searching for answers on the internet, or seeking help from

other individuals.

Tasks that were typically administered orally (Hopkins

Verbal Learning Test – Revised (HVLT-R), Number Span

Test: Forward) were implemented as is. Tasks that required

visual presentations (Wide Range Achievement Test-4

(WRAT-4), Delis-Kaplan Executive Function System Color-

Word Interference Test (D-KEFS), Brief Visuospatial Memory

Test - Revised (BVMT-R)) were administered via video call

using a PowerPoint screenshare function. Prior to the baseline

visit, research staff instructed participants to prepare four

blank pieces of printer paper for the BVMT-R task.

Additionally, during the BVMT-R task, after the participant

completed each trial drawing, the researcher asked the

participant to hold the paper in front of the camera so that a

photo could be taken, then instructed them to flip the paper

over and place it out-of-sight before beginning the next trial.
2.3 Measures

2.3.1 Traditional Neuropsychological measures
(lab or remote administered at baseline)

To determine premorbid IQ, the Wide Range of

Achievement Test 4 (WRAT-4; 20) word reading subtest was

used. The Montreal Cognitive Assessment-BLIND version 7.1

(MoCA-BLIND; 21) was administered to screen for the

presence of dementia using established cutoff scores. This

version of the MoCA was used for participants who

completed virtual visits as well as participants who completed

in-person visits. To determine MCI eligibility, the following

tests were administered: Hopkins Verbal Learning Test –

Revised (HVLT-R; 22), Brief Visuospatial Memory Test –

Revised (BVMT-R; 23), Oral Trail Making Test- A and B

(24), Digit Span Forward (25), Verbal Fluency – Letter and

Animals (25), Multilingual Naming Test (MINT; 26), Number

Span Test: Forward (25), and the D-KEFS-Color Word

Interference Test (27).

For validity analyses in the current study, we used non-

demographically adjusted scores from the HVLT-R (verbal

memory), BVMT-R (visual memory), Letter-Number Span

(attention/working memory), and D-KEFS Color-Word

Interference Test (executive function).

2.3.2 EMA surveys
Each EMA survey asks participants questions about their

daily functioning, including where they are (dichotomized as
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“at home” versus “away”) and who they are with

(dichotomized as “alone” versus “with others”). The EMA

surveys also generally queried participants’ mood, cognitive

concerns, substance use, pain, and sleep as additional

questions but data are not reported here.

2.3.3 Mobile cognitive tests
See Table 1 for a list of the mobile cognitive tests, the

cognitive domains assessed, completion times, and screenshots.

2.3.3.1 Mobile variable difficulty list memory test
(VLMT)
The VLMT has been described and validated by Parrish et al.

(2020). For this task, participants are presented with a list of

words (list length varies between 6, 12, or 18) on 3 separate

trials for 30 s each. Immediately following each trial,

participants are shown target and distractor words one-by-one

and asked to identify whether the word appeared on the list

(matched number of target and distractor words presented).

Each trial is scored by number of words correctly recalled or

based on a percentage of correct target items (range 0%–100%).

2.3.3.2 Memory matrix
During the Memory Matrix task, participants are presented with

a matrix of blue tiles. A pattern of yellow tiles is then displayed,

and the participant is asked to memorize the location of the

yellow tiles. After 1.5 s, the yellow tiles are then switched back

to blue, and the participant is asked to tap the tiles that were

previously yellow. Matrix sizes are varied across

administration days so that participants complete 5 days of 6-

tile matrices, 5 days of 12-tile matrices, and 5 days of 18-tile

matrices. Each administration also includes three trials of 9

patterns each. Participants earn 1 point for each pattern

correctly recreated for a score range of 0–9 per trail and 0–27

per administration.

2.3.3.3 Color trick
The Color Trick task was modelled after the Stroop-type

paradigm (Stroop, 1935). Participants completed three

different conditions of this task (Meaning-to-Meaning,

Meaning-to-Color, Yes-No Mechanic) divided across the 15

days of EMCTs such that each condition was administered 5

times. Each condition includes three trials of 9 items/

questions for a total of 27 items per administration. Each item

in each condition shows a word in an upper box of the

smartphone screen and between 1 and 3 words on the lower

half of the screen. The font colors and actual meanings of the

upper and lower words are either the same or different colors.

The first condition type is Meaning-to-Meaning, in which

participants are presented with one word in an upper box on

their screen and 2–3 word choices on the lower half of their

screen and asked to select the word choice that has the same

meaning as the word in the top box (e.g., matching top word

“pink” with bottom word “pink”). The second condition type
frontiersin.org
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TABLE 1 Mobile cognitive tests.

Mobile Cognitive Test Cognitive Domain
Assessed

Time to Complete Screenshot of Task

Variable Difficulty List Memory Test
(VLMT)

Recognition Memory 30 s for list presentation

Memory Matrix Visual Working Memory Variable; 3 trials; approximately 1–2 min (Mean completion
time: 1.5 min

Color-Trick: Meaning-to-Meaning Executive Function Variable; 3 trials; approximately 1.5–3 min (Mean completion
time: 2.25 min)

Color-Trick: Meaning-to-Color Executive Function Variable; 3 trials; approximately 2–3.5 min (Mean completion
time: 2.75 min)

Color-Trick: Yes-No Mechanic Executive Function Variable; 3 trials; approximately 2.5–3.5 min (Mean completion
time: 3 min)
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is Meaning-to-Color, in which participants are presented with

one word in an upper box on their screen and 2–3 word

choices on the lower box of their screen and asked to select
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the word choice that has the same font color as the meaning

of the word in the top box (e.g., matching top word “pink”

with bottom word printed in pink font). The third condition
frontiersin.org
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type is Yes-No Mechanic, in which participants are presented

with one word in an upper box on their screen and one word

in a lower box on their screen, and asked, “Does the meaning

of the word in the upper box match the color of the word in

the lower box?” and the participant can choose either “yes” or

“no.” Each trial is scored based on the number of items

correct (range 0–9) and average response time for correct items.
2.4 Statistical analyses

Demographic differences between groups (MCI+ vs. NCs)

and administration formats (in-person vs. remote) were

assessed using independent samples t-tests or Chi-Square tests

(x2) as appropriate. Adherence was calculated as the percentage

of EMA surveys completed by the total number possible (90),

as well as the percentage of each of the three mobile cognitive

tests completed by the total number possible (15 each).

Adherence differences between groups and administration

formats were assessed using independent samples t-tests. In

addition, Pearson’s r correlations were used to estimate

relationships between adherence and demographic differences.

To further assess whether adherence changed over time, we

computed missing data variables for the EMCTs that denoted

whether participants skipped a test that they were scheduled to

take (0 = completed test, 1 =missed test). We then estimated

fatigue effects for each of the EMCTs (i.e., whether

participants’ odds of missing a test was greater on later versus

earlier study days) using growth-curve models specified with

multilevel logistic regression model in Mplus v. 8.4 (28). Using

maximum likelihood estimation, each model regressed

participants’ log odds of missing a test on time (scaled such

that 0 is the midpoint of the EMA period and a one-unit

change corresponds to the total change in the log odds of

missing a test across the EMA period), MCI status (effect

coded such that −1 =NC and 1 =MCI), and the interaction of

time with MCI status. Each model also included an

unstructured variance-covariance matrix for the random

intercepts and slopes. These specifications enabled us to

estimate the average probability of missing a test across the

EMA period (via the threshold value1), the average fatigue

effect in the sample (via the first-order effect of time2), whether

the average log odds of missing a test across the EMA period

differs between NC and MCI (via the first-order effect of MCI
1Participants’ average probability of missing an EMCT item was computed

as 1/(1 + exp(τ)), where τ= threshold.
2In cases where there was evidence for a fatigue effect, we used the

following formula to determine participants’ average probability of

missing an EMCT item at the beginning (time =−0.50) and end (time =
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status), and whether fatigue effects differ between NC and MCI

(via the interaction of time and MCI status).

We next investigated participants’ average performance on

the EMCTs across the EMA period. To evaluate group

differences (i.e., NC vs. MCI) on EMCT performance across

trials, we conducted independent samples t-tests.

The final sets of analyses provided additional psychometric

evidence for each EMCT – namely, reliability, convergent

validity, ceiling effects, and practice effects. We first calculated

Intraclass Correlation Coefficients (ICCs) for each EMCT to

quantify the proportion of variance in the tests attributed to

trait vs. state components across the EMA period. We then

used generalizability theory (see Ref. 29) to estimate the

reliability of stable between-person individual differences (RKF)

as well as the reliability of within-person change (RC) in the

EMCT measures that contained multiple trials (i.e., list-learning

and matrix memory). These analyses used the Minimum Norm

Quadratic Unbiased Estimate (MINQ) method within SPSS

v. 26 to estimate the variance components linked to the

factorial combination of participant, day, and item (where only

participant was treated as a random factor).

We then evaluated the convergent validity evidence for each

EMCT by estimating correlations between participants’ average

performance on a given EMCT and their parallel performance

on a similar lab-based measure. Ceiling effects for each

EMCT were subsequently evaluated by counting the number

of participants who earned the maximum score consistently

across the EMA period. Practice effects for each of the

EMCTs (i.e., whether participants’ performance on the

measures systematically changed across the course of the

EMA period) were then assessed via growth-curve models

specified with linear multilevel regression in Mplus v. 8.4 (28).

Using maximum likelihood estimation with robust standard

errors, each model regressed participants’ test scores on time,

MCI status, and the interaction of time with MCI status (we

used the same scaling for time and MCI status as our analyses

investigating fatigue effects). When sufficient variability was

present, we specified an unstructured variance-covariance

matrix for the random intercepts and slopes. These

specifications enabled us to estimate participants’ average

performance on the EMCT (via the intercept), the average

practice effect in the sample (via the first-order effect of

time), whether average levels of performance for an EMCT

differs between NC and MCI (via the first-order effect of MCI
0.50) of the study:

p ¼ exp � tð Þ þ b1Xi½ �
1þ exp � tð Þ þ b1Xi½ �

where τ = threshold, β1 = Slope reflecting fatigue effect, and Xi = the specific value

of time.
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status), and whether practice effects differ between NC and MCI

(via the interaction of time and MCI status).
3 Results

3.1 Sample characteristics

Demographic and clinical characteristics by MCI status are

displayed in Table 2. Groups were comparable on demographics

and did not significantly differ on age, sex, race, ethnicity, or

years of education. Groups were also comparable on type of

phone used, with 55% of MCI participants and 62% of NCs

using iPhones, while the other participants used Android devices

(Chi-Square = 11.3, p = 0.334; Supplementary Table S1).

Sixty-six participants completed the lab-based

neuropsychological visit remotely via telehealth, while 28

completed this visit in-person. There were no demographic

differences for participants who completed this visit remotely

versus in-person except for fewer Hispanic individuals in the

in-person group (χ2 = 6.4, p = 0.01). Additionally, there were

no significant differences in MCI status (χ2 = 0.59, p = 0.44) or

performance on any of the neuropsychological tests based on

remote vs. in-person participation (all ps > 0.09).
3.2 Adherence

For the whole sample, adherence to EMA surveys was 86%

(SD = 15.8%; range = 24%–100%). In regard to the mobile

cognitive tests, adherence to the VLMT was 84% (SD = 19.3%;

range = 7%–100%), adherence to Memory Matrix was 85% (SD

= 18%; range = 20%–100%), and adherence to Color Trick was

85% (SD = 17%; range = 13%–100%). Adherence to EMA

surveys did not differ by diagnostic status, t = 1.21, p = 0.23,

and neither did completion rates of the mobile cognitive tests

(VLMT: t = 0.83, p = 0.41; Memory Matrix: t = 1.56, p = 0.12;

Color Trick: t = 0.97, p = 0.33). Further, there was no difference

in EMA adherence or mobile cognitive test completion rates

for participants who completed the lab-visit remotely or in-

person (all ps > 0.19). Age, education, and estimated IQ

(measured by the WRAT-4) did not correlate with adherence

to EMCTs nor with percentage of surveys completed at home

or alone, except for a small negative correlation between years

of education and completion of the Memory Matrix test.

Higher adherence was positively correlated with answering

more surveys when home and when alone (see Table 3).
3.3 Fatigue effects

Because we used varying list lengths for the VLMT, we

included list length (via two effect-codes that treated the 18-
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word list length as the reference group) and its interaction

with time as covariates in the VLMT fatigue effect analyses.

On average, participants’ probability of missing (i.e., failing

to complete) a list-learning item was 0.08 for Trial 1

(threshold = 2.40, SE = 0.23, p < 0.001), 0.08 for Trial 2

(threshold = 2.38, SE = 0.22, p < 0.001), and 0.09 for Trial 3

(threshold = 2.34, SE = 0.22, p < 0.001), where trials refer

to trials within the same test (e.g., for the VLMT, there

were three trials administered at each session). We found no

evidence of a fatigue effect for Trial 1 (logit = 0.46, SE = 0.53,

p = 0.39; OR = 1.58), Trial 2 (logit = 0.56, SE = 0.53, p = 0.29,

OR = 1.74), or Trial 3 (logit = 0.52, SE = 0.52, p = 0.32,

OR = 1.68). Moreover, MCI participants did not significantly

differ from controls on their log odds of missing a list-

learning item vs. not missing the item for Trials 1, 2, or 3

(all p’s > 0.12) or their fatigue effects for Trials 1, 2, or 3 (all

p’s > 0.57).

Similar to the VLMT, participants’ average probability of

missing a Memory Matrix item across the EMA period was

0.08 for Trial 1 (threshold = 2.45, SE = 0.21, p < 0.001), 0.08

for Trial 2 (threshold = 2.43, SE = 0.21, p < 0.001), and 0.08

for Trial 3 (threshold = 2.42, SE = 0.21, p < 0.001). Unlike

the VLMT, however, we found evidence of fatigue effects

for the Memory Matrix items across the three trials. In

particular, participants’ odds of missing a Memory Matrix

item vs. not missing a Memory Matrix item from the

beginning to the end of the EMA period increased

approximately 3.23-fold for Trial 1 (logit = 1.174, SE = 0.52,

p = 0.023), approximately 3.47-fold for Trial 2 (logit = 1.244,

SE = 0.51, p = 0.014), and approximately 3.42-fold for Trial

3 (logit = 1.231, SE = 0.50, p = 0.014). That is, whereas

participants’ probability of missing a Memory Matrix item

was 0.05 at the beginning of the EMA period for Trials 1,

2, and 3, their probability of missing a Memory Matrix

item at the end of the EMA period was 0.13 for Trials 1

and 2 and 0.14 for Trial 3. Nonetheless, MCI participants

did not significantly differ from controls on their log odds

of missing a Memory Matrix item vs. not missing the item

for Trials 1, 2, or 3 (all p’s > 0.06) or on their fatigue effects

for Trials 1, 2, or 3 (all p’s > 0.59).

Participants’ average probability of missing a Color Trick

item across the EMA period was 0.09 for Trial 1 (threshold =

2.285, SE = 0.19, p < 0.001), 0.09 for Trial 2 (threshold =

2.269, SE = 0.19, p < 0.001), and 0.09 for Trial 3 (threshold

= 2.256, SE = 0.19, p < 0.001). We found no evidence of a

fatigue effect for Trial 1 (logit = 0.299, SE = 0.46, p = 0.514,

OR = 1.35), Trial 2 (logit = 0.242, SE = 0.46, p = 0.598,

OR = 1.27), or Trial 3 (logit = 0.269, SE = 0.45, p = 0.55,

OR = 1.31). MCI participants also did not significantly

differ from controls on their log odds of missing a Color

Trick item vs. not missing the item for Trials 1 to 3 (all

p’s > 0.07) or on their fatigue effects for Trials 1 to 3 (all

p’s > 0.20).
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TABLE 2 Demographics and clinical characteristics by mild cognitive impairment (MCI) status.

MCI (n = 48) Cognitively Normal (CN)
(n = 46)

Test-statistica p-value

Demographics

Age in years, M (SD); range 72 (7.7); 54–85 70 (6.6); 60–87 0.96 0.34

Sex (% F) 27 (56%) 34 (73%) 3.22 0.07

Race (%)

White 45 (94%) 41 (89%) 4.81 0.09

Black/African American 1 (2%) 5 (11%)

More than one race 2 (4%) 0 (0%)

Ethnicity (% Hispanic/Latino) 8 (17%) 5 (11%) 0.66 0.42

Education (years), M (SD) 16.1 (2.5) 16.2 (2.1) 0.26 0.80

Premorbid IQ (WRAT-4 SS), M (SD) 110.2 (15.1) 109.9 (12.0) 0.11 0.91

Employment status

Retired 26 (54%) 32 (70%) 2.64 0.45

Umemployed 2 (4%) 1 (2%)

Part-time employment or volunteer 14 (29%) 8 (17%)

Full-time employment or volunteer 6 (13%) 5 (11%)

Residential Status

Independent/Financially Responsible 48 (100%) 44 (96%) 2.13 0.14

Independent/Not Financially Responsible 0 (0%) 2 (4%)

Smartphone used for study

Personal iPhone 27 (56%) 31 (67%) 4.36 0.11

Personal Android 17 (36%) 15 (33%)

Study Loaned Android 4 (8%) 0 (0%)

Remote Participation 32 (67%) 34 (74%) 0.59 0.44

Lab-Based Neuropsychological Scoresb

Hopkins Verbal Learning Test (HVLT) – Immediate Recall 40.7 (9.9) 51.4 (10.0) 5.24 <0.001

Brief Visuospatial Memory Test-R (BVMT-R) – Immediate Recall 50.8 (9.7)

Letter Number Span 45.1 (8.9) 49.6 (9.3) 2.4 0.02

D-KEFS Interference 54.7 (11.4) 56.4 (10.0) 0.73 0.47

Mobile Cognitive Tests – Mean aggregated scoresc

VLMT 6 words (% Correct) 94.5 (5.7) 95.6 (5.0) 1.04 0.30

VLMT 12 words (% Correct) 85.0 (8.5) 87.3 (6.1) 1.50 0.14

VLMT 18 words (% Correct) 76.6 (9.3) 80.8 (6.9) 2.41 0.02

Memory Matrix (Total Score) 7.3 (0.93) 7.4 (0.83) 0.97 0.33

Color Trick: Meaning-to-Meaning (Total Score) 8.2 (0.51) 8.5 (0.46) 2.13 0.04

Color Trick: Meaning-to-Color (Total Score) 8.6 (0.41) 8.7 (0.42) 1.50 0.07

Color Trick: Yes-No Mechanic (Total Score) 8.6 (0.41) 8.7 (0.28) 1.19 0.24

Note. Values are presented as mean (SD) or n (%).
aT-tests for continuous variables; Chi square for dichotomous variables.
bDemographically-adjusted T-Scores from lab-based neuropsychological scores are reported.
cRaw scores are reported.

Moore et al. 10.3389/fdgth.2022.946685
3.4 EMCT performance and group
differences

Table 2 presents average mobile cognitive test performance

for the MCI and NC groups across the EMA period. As

expected, participants generally committed more errors on the
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VLMTs when the list length was greater. Participants’

performance on the Memory Matrix and Color Trick tests

was also quite high. While participants with MCI scored

lower on all EMCTs, they only performed significantly worse

than the NC participants on the 18-word VLMT and the

Color Trick: Meaning-to-Meaning task.
frontiersin.org

https://doi.org/10.3389/fdgth.2022.946685
https://www.frontiersin.org/journals/digital-health
https://www.frontiersin.org/


TABLE 3 Correlations between adherence and demographic characteristics in the whole sample (N = 94).

Age Education Estimated IQ % surveys completed at home % surveys completed alone

EMA Adherence −0.122 −0.167 −0.129 0.582** 0.286**

VLMT Adherence −0.029 −0.023 −0.075 0.536** 0.249*

Memory Matrix Adherence −0.158 −0.205* −0.129 0.511** 0.274**

Color Trick Adherence −0.117 −0.114 −0.132 0.363** 0.381**

Note. *p < 0.05; **p < 0.01.
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We also examined performance differences by phone type.

In the overall sample, there were no significant performance

differences based on phone type (Supplementary Table S2).

When examining the effects of both phone type and group

(and their interaction) on mobile cognitive test performance,

no main effects were found for the VLMT 6- or 12-word list,

Memory Matrix, Color Trick Meaning-to-Color, or Color

Trick Yes-No Mechanic (all p’s > 0.05). Further, there were no

significant interactions between phone type and group on any

of the mobile cognitive tests (all p’s > 0.05). For the VLMT

18-word list, a main effect for group was observed, such that

NC participants performed better than participants with MCI

(F = 6.53, p = 0.01); there was no main effect for phone type

(F = 0.53, p = 0.47). Lastly, there was a main effect for group

on Color Trick Meaning-to-Meaning, such that MCI

participants performed worse than NC participants (F = 5.23;

p = 0.03), but there was no main effect for phone type (F = 0.

11, p = 0.74).
3Practice effects were treated as fixed effects as opposed to random

given limited variability in the data set.
3.5 EMCT psychometrics: Reliability,
convergent validity, ceiling effects, and
practice effects

3.5.1 Psychometric evidence for VLMT
Aggregated across trials, the Intraclass Correlation

Coefficients (ICCs) for each trial length of the VLMT were

0.22, 95% CI [0.11, 0.32] for the 6-word list, 0.33, 95% CI

[0.22, 0.44] for the 12-word list, and 0.32, 95% CI [0.20, 0.42]

for the 18-word list. Thus, most of the variance on VLMT

can be attributed to within-person differences in performance

across trials. Using generalizability theory, we further found

that the reliability of stable between-person individual

differences in VLMT scores across list lengths and trials was

quite high (RKF = 0.94). In contrast, the reliability of within-

person change across list lengths and trials was somewhat low

(RC = 0.57).

To examine convergent validity, we examined relationships

between the VLMT with immediate recall scores from the

HVLT and BVMT (see Table 4). We examined the VLMT

data in two ways: percentage correct by trial length and

overall correct across all trial lengths. In the overall sample,

percent of items correct on the 18-item VLMT list was
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positively correlated with the HVLT (r = 0.33, p < 0.001). The

relationships between the 6- and 12-item percent correct

VLMT lists were not significantly related to HVLT

performance. When looking at the overall correct data across

all three list lengths, the VLMT was positively associated with

HVLT (r = 0.26, p = 0.012). When comparing the VLMT to

the BVMT, percent of items correct on the 6-item VLMT list

was positively correlated with the BVMT (r = 0.27, p = 0.01);

12- and 18-item VLMT lists were unrelated to the BVMT.

The VLMT overall correct scores (across all three list lengths)

was positively correlated with BVMT performance (r = 0.27,

p = 0.01).

We next examined whether there were ceiling effects at any

of the VLMT list lengths. At length 6, there was some evidence

for ceiling effects such that on Trial 1, 13 (28%) NC and 15

(31%) MCI participants consistently scored 100%; on Trial 2,

23 (50%) NC and 26 (54%) MCI consistently scored 100%;

and on Trial 3, 29 (63%) NC and 27 (56%) MCI participants

consistently scored 100%. No ceiling effects were observed for

list length 12 or 18.

Practice effects were subsequently investigated with linear

mixed effect models to determine whether participants’

performance on the VLMT systematically changed across the

EMA period.3 Note that all effects were adjusted for list

length. On average, participants recognized 10.06 out of an

average of 12 words (i.e., average of 6, 12, and 18) correctly

(SE = 0.08), averaging across the list lengths. Moreover,

participants showed a systematic decline in the number of

words they got correct for the list-learning task across the

EMA period (on average, participants’ total change =−0.84,
SE = 0.14, p < 0.001). Although MCI participants (M = 9.87)

significantly differed from controls (M = 10.25) on their

average number of words correct across the trials (b =−0.19,
SE = 0.08, p = 0.015), participants’ systematic change in words

correct across the EMA period was not significantly related to

MCI status (b =−0.10, SE = 0.14, p = 0.471).
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TABLE 4 Correlations between mobile cognitive tests and in-lab neuropsychological performance in whole sample (N = 94).

Mobile Cognitive
Tests (Raw Scores)

Demographic
Characteristics

Lab Administered Neuropsychological Tests

Age Sex Race Education WRAT-4 HVLT-
Immediate

Recall

BVMT-
Immediate

Recall

Letter
Number
Span

D-KEFS Color-
Word Interference

Test (time)

VLMT 6 words
(% Correct)

−0.27* 0.25* 0.11 0.04 0.07 0.12 0.27** 0.23* −0.29*

VLMT 12 words
(% Correct)

−0.17 0.09 0.11 0.04 −0.03 0.13 0.09 0.07 −0.17

VLMT 18 words
(% Correct)

−0.12 0.24* 0.02 0.04 −0.04 0.33** 0.17 0.03 −0.020

VLMT Overall Mean
(all trials)

−0.01 0.37** 0.01 0.08 0.17 0.26** 0.27** 0.10 −0.29*

Memory Matrix
(Total Score)

−0.43** 0.09 0.11 0.21* 0.04 0.20 0.17 0.38** −0.26*

Color Trick: Meaning-to-
Meaning (Total Score)

−0.12 0.24* 0.13 0.28** 0.30** 0.28** 0.32** 0.24* −0.33**

Color Trick: Meaning-to-
Color (Total Score)

−0.05 0.18 0.03 −0.25* 0.22* 0.21* 0.29** 0.18 −0.19

Color Trick: Yes-No
Mechanic (Total Score)

−0.04 0.23* 0.07 0.33** 0.28** 0.21* 0.19 0.20 −0.18

Note. *p < 0.05; **p < 0.01.
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3.5.2 Psychometric evidence for the Memory
Matrix task

The ICC for the average Memory Matrix score across trials

was 0.07, 95% CI [0.03, 0.11], indicating that the majority of the

variance on this measure can be attributed to within-person

differences in performance across trials. Generalizability

theory analyses further showed that the reliability of stable

between-person individual differences was 0.97. The reliability

of within-person change was also satisfactory, with a value

of 0.72.

To assess convergent validity, we looked at associations

between the Letter-Number Span and performance on

Memory Matrix. Memory Matrix scores were positively and

significantly correlated with Letter-Number Span (r = 0.38, p

< 0.001). Relationships with demographics and the other lab-

administered tests are presented in Table 3.

Although we did not find any evidence of a ceiling effect

for Memory Matrix, we nonetheless decided to modify our

analyses for the practice effects to account for the

possibility of right-hand censoring in the data. Because

participants’ average scores on these EMCTs tended to be

close to the maximum number correct, we wanted to ensure

that the growth-curve analyses could accurately capture

systematic changes in performance across the EMA period

in spite of any measurement limitations. As such, these

analyses use Mplus v. 8.4 to estimate what the scores would

be if there was not an upper limit (e.g., scores can be

greater than 9).
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Averaging across trials, participants were estimated to get

8.43 items correct on average out of 10 (SE = 0.12, p < 0.001).

Moreover, participants showed systematic change in the

number of Memory Matrix items they got correct across the

EMA period (on average, participants’ total change = 1.75, SE

= 0.20, p < 0.001). However, MCI participants did not

significantly differ from NCs on either the intercepts

(b =−0.16, SE = 0.13, p = 0.22) or the slopes (b =−0.11, SE =

0.20, p = 0.577). In addition, although the data suggest

evidence of a practice effect, closer inspection of participants’

trajectories via spaghetti plots suggests that participants’

performance on the Memory Matrix ebbs and flows

throughout the EMA period. Specifically, there appears to be

a slight decrease in performance from days 1 to 13, then a

marked improvement in performance from days 13 to 21, and

then a slight decrease in performance from days 21 to 30.

3.5.3 Psychometric evidence for the Color
Trick task

We computed ICCs for participants’ accuracy on each

version of the Color Trick task: Meaning-to-Meaning, ICC =

0.13, 95% CI [0.07, 0.18]); Meaning-to-Color, ICC = 0.17, 95%

CI [0.10, 0.23]; and Yes-No Mechanic, ICC = 0.23, 95% CI

[0.15, 0.30]), indicating that the majority of the variance on

these measures can be attributed to within-person differences

in performance across trials. Table 3 presents associations

between the Color Trick tasks with demographics and lab-
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based assessments. As can be seen, the D-KEFS Interference

Trial showed a moderate negative correlation with the

Meaning-to-Meaning Color Trick task, such that faster

performance on the D-KEFS was related to better

performance on Meaning-to-Meaning.

We next examined whether there were ceiling effects for

participants’ accuracy on any of the Color Trick tasks. There was

some evidence for ceiling effects, such that 5 (11%) NC and 1

(2%) MCI participants consistently scored 100% for the Meaning-

to-Meaning task; 8 (17%) NC and 4 (8%) MCI participants

consistently scored 100% for the Meaning-to-Color task; and 5

(11%) NC and 5 (10%) MCI participants consistently scored 100%

for the Yes-No Mechanic task. To account for the possibility of

right-hand censoring in the data, we adapted our practice effect

analyses for the color trick tasks to be consistent with the

modifications we made for the memory matrix task analyses.

For Meaning-to-Meaning trials, participants were estimated

to get 9.86 items correct on average (SE = 0.16, p < 0.001).

Moreover, participants showed systematic change in the

number of items they got correct across the EMA period (on

average, participants’ total change = 2.19, SE = 0.32, p < 0.001).

Although MCI participants (M = 9.51) significantly differed

from NCs (M = 10.21) on their average number of items

correct across the EMA period (b =−0.35, SE = 0.14, p = 0.011),

participants’ systematic change in the number of items that

they got correct across the EMA period was not significantly

related to MCI status (b =−0.12, SE = 0.30, p = 0.677).

For Meaning-to-Color trials, participants were estimated to

get 11.01 items correct on average (SE = 0.23, p < 0.001).

Moreover, participants showed systematic change in the

number of items they got correct across the EMA period (on

average, participants’ total change = 1.75, SE = 0.42, p < 0.001).

Similar to performance on Meaning-to-Meaning trials, MCI

participants (M = 10.62) significantly differed from NCs (M =

11.40) on their average number of items correct across the

EMA period (b =−0.39, SE = 0.16, p = 0.015). In addition,

participants’ systematic change in the number of items correct

across the EMA period was not significantly related to MCI

status (b = 0.53, SE = 0.37, p = 0.154).

Lastly, for Yes-No Mechanic trials, participants were

estimated to get 11.05 items correct on average (SE = 0.21,

p < 0.001). Participants also showed systematic change in the

number of items they got correct across the EMA period (on

average, participants’ total change = 0.91, SE = 0.43, p = 0.035).

MCI participants did not significantly differ from NC on

either the intercepts (b =−0.29, SE = 0.15, p = 0.06) or the

slopes (b =−0.04, SE = 0.36, p = 0.902).
4 Discussion

This study evaluated the feasibility and validity of three

mobile cognitive tests among persons with and without MCI.
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Adherence to this 30-day, fully remote, ecological momentary

cognitive testing protocol was very good, with 86% of

assigned EMA sessions completed and 84–85% of mobile

cognitive testing sessions completed. In this sample of

cognitively normal and cognitively impaired older adults,

adherence did not differ by MCI status. Further, these

findings indicate adherence does not differ by demographic

characteristics. Participants who had higher adherence

answered more surveys when home and alone compared to

people with lower adherence.

We found mixed findings of a fatigue effect at the level of

the individual tests, such that there was no evidence of a

fatigue effect for the VLMT or Color Trick tests, but

participants were more likely to miss Memory Matrix tests

over the course of the 30-day protocol (with no difference by

NC vs MCI). In another study using the VLMT and Memory

Matrix test (14-day protocol in participants with bipolar

disorder and control participants) we found an overall fatigue

effect for the EMCT protocol, such that participants were

more likely to miss a test as study day increased (no

differences by diagnostic status), but we did not examine

fatigue effects at the level of the individual test (30). Of note,

the prior study had a more intensive protocol than the

current study, with participants pinged to complete 2–3

mobile cognitive tests three times daily for 14-days. When

designing EMCT protocols there is always a frequency and

duration trade-off when considering participant burden and

capturing outcomes of interest. Our prior work has shown

that a 14-day period is sufficient to capture cognition and

mood data across various contexts (e.g., 31–35), and other

groups have demonstrated strong feasibility and psychometric

properties for measuring cognition in as few as 7–8 days (e.g.,

14, 16). In general, the 30-day EMCT protocol in this study

was largely well tolerated and provides further support for the

feasibility of remote, smartphone-based cognitive testing

among older adults. Participants had higher rates of

adherence than has been reported with other digital health

apps (36), which is likely due to a combination of factors

including incentives for completing each testing session, brief,

gamified tests that varied in difficulty, establishment of good

rapport with the study team, and a time-limited engagement

with the app.

The psychometric properties of the tasks in this sample

were generally good. The reliability of stable between-person

individual differences for the VLMT and Memory Matrix

were very high, indicating that participants’ averaged scores

on each mobile cognitive test across the EMA period can

reliably assess differences between participants’ average

levels of the variables. In addition, although the reliability

of within-person change (i.e., the consistency in the degree

of systematic within-person change across multiple items

over time) for Memory Matrix was adequate, the

corresponding reliability estimate for the VLMT was not.
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Of note, the reliability of within-person change would likely

increase if there were more trials, but this would also

increase participant burden. As hypothesized, the VLMT

overall percentage correct score had an overall moderate

positive correlation with the HVLT and BVMT,

demonstrating convergent validity. Further, MCI participants

recognized significantly fewer words on this task than CN

participants. The trajectories of word recognition did not

differ by group status across the 30-day study period, but

rather, on average, the participants with MCI remembered

fewer words overall. In the whole sample, females

performed significantly better than males on both the

VLMT and HVLT, which is consistent with the female

verbal memory advantage highlighted in the Alzheimer’s

disease literature (e.g., 37), and further supports utility of

the VLMT in people with MCI.

Also consistent with our hypotheses, Memory Matrix had a

moderately positive correlation with Letter Number Span.

Group differences in Memory Matrix performance were not

found, although the data did demonstrate variability in

performance on this task over the 30-day study period, and

future work is needed to examine whether context (e.g., home

vs. away from home; alone vs. with others; time of day

effects) affected performance on this task. Lastly, data from

the Meaning-to-Meaning condition of the Color Trick task

was related to faster performance on the D-KEFS Interference

Trial. The other two Color Trick conditions were not

significantly related to D-KEFS performance. For the

Meaning-to-Meaning and Meaning-to-Color trials, MCI

participants performed significantly worse than NCs. There

was some evidence for ceiling effects, especially among the

NC participants, for all versions for Color Trick, and future

development of this task, such as increasing the number of

trials at each administration or increasing difficulty of the

task, may be beneficial if this task is to be adopted in a

cognitively normal sample. It is worth noting that traditional

neuropsychological tests, albeit used as the “gold standard”

comparison for mobile cognitive tests in this study, are

limited in that they only provide a snapshot of cognitive

abilities at one time point. We would not expect a high

correlation between once-administered tests and averaged

mobile cognitive testing performance. Additional research is

needed to examine whether one testing method is superior to

the other when examining clinical outcomes such as disease

progression, medication effects, reversion rates, and

associations with pathology.

This study is not without limitations. Our sample was

largely White and highly educated, which may limit

generalizability. There were significantly more women in the

cognitively normal group compared to the MCI group, which

could have an effect on our findings, especially given the

female advantage to verbal memory. Future work is needed

with larger and more representative samples to determine
Frontiers in Digital Health 12

64
whether these tests would be appropriate to detect differences

based on cognitive status in randomized controlled trials.

Additionally, data were collected during the COVID-19

pandemic, and we did not measure how pandemic-related

factors may have influenced performance on these tasks.

Another limitation that applies to all ambulatory mobile

cognitive testing is that it is difficult to identify suspected

cheating, such as whether the participant or someone else

took the tests. Relatedly, it is difficult to assess effort on

mobile cognitive tests. However, aggregating mobile cognitive

test scores can reduce error associated with instances of low

effort, as evidenced by the construct validity findings of our

mobile cognitive tests with lab-based tests. We did observe

evidence of ceiling effects on the VLMT 6-item list and the

Color-Trick task in the whole sample, and these trials could

possibly be adapted to be made more difficult or used as

performance-validity tests in future EMCT protocols. A final

limitation is that while we were able to examine differences by

smartphone make (iOS vs. Android), we did not have a

sufficient sample size to examine differences by smartphone

model or OS version, service providers, connectivity, and

screen size, all of which may impact response times. Touch

sensitivity and latency can differ by up to 100 ms between

difference devices, especially between newer and older devices

(38, 39). In this study none of the mobile cognitive test

outcomes were based on speed. In future work examining

timing of responses, these smartphone differences should be

examined.

In conclusion, our data add to the extant literature on self-

administered mobile cognitive testing in older adults, and is one

of the first studies examining an EMCT protocol in people with

MCI. The tests are automatically scored, integrated with EMA

surveys, and available on iOS and Android operating systems

for ease of use by other investigators. Adherence to the

EMCTs was high, and the psychometric data are promising.

Thus, the three mobile cognitive tests in this study, and

particularly the VLMT, may serve as useful tools in future

clinical trials with cognition as an endpoint, especially in

persons with increased risk for Alzheimer’s disease such as

those with MCI.
Data availability statement

The original contributions presented in the study are

included in the article/Supplementary Files, further inquiries

can be directed to the corresponding author/s.
Ethics statement

The studies involving human participants were reviewed

and approved by UCSD IRB, UTD IRB, UM IRB. The
frontiersin.org

https://www.frontiersin.org/articles/10.3389/fdgth.2022.946685/full#supplementary-material
https://doi.org/10.3389/fdgth.2022.946685
https://www.frontiersin.org/journals/digital-health
https://www.frontiersin.org/


Moore et al. 10.3389/fdgth.2022.946685
patients/participants provided their written informed consent to

participate in this study.
Author contributions

AEP, RCM, RAA, CAD, and PDH contributed to the

conception, design, and obtaining funding for this study. RAA

and AEP performed the statistical analysis. RCM wrote the

manuscript. RAA, MTR, and LMC wrote sections of the

manuscript. AEP, CAD, and PDH provided critical edits. All

authors contributed to the article and approved the submitted

version.
Funding

This research was supported by grant R01 MH112620-03S1

from the National Institute of Mental Health. LMC was

supported by grant F31 AG067869 from the National Institute

on Aging.
Conflict of interest

R.C.M. is a co-founder of KeyWise AI, Inc. and a consultant

for NeuroUX. P.D.H. has received consulting fees or travel
Frontiers in Digital Health 13

65
reimbursements from Alkermes, Bio Excel, Boehringer

Ingelheim, Karuna Pharma, Merck Pharma, Minerva Pharma,

and Sunovion (DSP) Pharma in the past year. He receives

royalties from the Brief Assessment of Cognition in

Schizophrenia (Owned by WCG Verasci, Inc. and contained

in the MCCB). He is Chief Scientific Officer of i-Function,

Inc. and Scientific Consultant to EMA Wellness, Inc. No

other authors report conflicts.
Publisher’s note

All claims expressed in this article are solely those of

the authors and do not necessarily represent those of their

affiliated organizations, or those of the publisher,

the editors and the reviewers. Any product that may

be evaluated in this article, or claim that may be made by

its manufacturer, is not guaranteed or endorsed by

the publisher.
Supplementary material

The Supplementary Material for this article can be found

online at: https://www.frontiersin.org/articles/10.3389/fdgth.

2022.946685/full#supplementary-material.
References
1. Lancaster C, Koychev I, Blane J, Chinner A, Wolters L, Hinds C. Evaluating
the feasibility of frequent cognitive assessment using the mezurio smartphone app:
observational and interview study in adults with elevated dementia risk. JMIR
Mhealth Uhealth. (2020) 8:e16142. doi: 10.2196/16142

2. Moore RC, Swendsen J, Depp CA. Applications for self-administered mobile
cognitive assessments in clinical research: a systematic review. Int J Methods
Psychiatr Res. (2017) 26:e1562. doi: 10.1002/mpr.1562

3. Sliwinski MJ, Mogle JA, Hyun J, Munoz E, Smyth JM, Lipton RB. Reliability
and validity of ambulatory cognitive assessments. Assessment. (2016) 25(1):14–30.
doi: 10.1177/1073191116643164.

4. Weizenbaum E, Torous J, Fulford D. Cognition in context: understanding the
everyday predictors of cognitive performance in a new era of measurement. JMIR
Mhealth Uhealth. (2020) 8:e14328. doi: 10.2196/14328

5. Alzheimer’s Association. 2017 Alzheimer’s disease facts and figures.
Alzheimer’s Dementia. (2017) 13:325–73. doi: 10.1016/j.jalz.2017.02.001

6. Aging NIO. NIA-Funded Active Alzheimer’s and Related Dementias Clinical
Trials and Studies. U.S. Department of Health & Human Services (2022).
Available at: https://www.nia.nih.gov/research/ongoing-AD-trials#:∼:text=The%
20National%20Institute%20on%20Aging,dementias%20(AD%2FADRD)
(Accessed May 4, 2022).

7. Harvey PD, Cosentino S, Curiel R, Goldberg TE, Kaye J, Loewenstein D, et al.
Performance-based and observational assessments in clinical trials across the
Alzheimer’s disease Spectrum. Innov Clin Neurosci. (2017) 14:30–9.

8. Kueper JK, Speechley M, Montero-Odasso M. The Alzheimer’s disease
assessment scale–cognitive subscale (ADAS-cog): modifications and
responsiveness in pre-dementia populations. a narrative review. J Alzheimer’s
Dis. (2018) 63:423–44. doi: 10.3233/JAD-170991

9. Posner H, Curiel R, Edgar C, Hendrix S, Liu E, Loewenstein DA, et al.
Outcomes assessment in clinical trials of Alzheimer’s disease and its precursors:
readying for short-term and long-term clinical trial needs. Innov Clin Neurosci.
(2017) 14:22–9.

10. Weizenbaum EL, Fulford D, Torous J, Pinsky E, Kolachalama VB, Cronin-
Golomb A. Smartphone-based neuropsychological assessment in Parkinson’s
disease: feasibility, validity, and contextually driven variability in cognition. J Int
Neuropsychol Soc. (2021) 28(4):401–13. doi: 10.1017/S1355617721000503

11. Zlatar ZZ, Campbell LM, Tang B, Gabin S, Heaton A, Higgins M, et al. Daily
level association of physical activity and performance on ecological momentary
cognitive tests in free-living environments: a Mobile health observational study.
JMIR Mhealth Uhealth. (2022) 10:e33747. doi: 10.2196/33747

12. Center PR. Mobile Fact Sheet: Mobile phone ownership over time (2021).
Available at: https://www.pewresearch.org/internet/fact-sheet/mobile/ (Accessed
May 4. 2022).

13. Schweitzer P, Husky M, Allard M, Amieva H, Peres K, Foubert-Samier A,
et al. Feasibility and validity of mobile cognitive testing in the investigation of
age-related cognitive decline. Int J Methods Psychiatr Res. (2016) 26(3):e1521.
doi: 10.1002/mpr.1521

14. Thompson LI, Harrington KD, Roque N, Strenger J, Correia S, Jones RN,
et al. A highly feasible, reliable, and fully remote protocol for mobile app-based
cognitive assessment in cognitively healthy older adults. Alzheimers Dement.
(2022) 14:e12283. doi: 10.1002/dad2.12283

15. Cerino ES, Katz MJ, Wang C, Qin J, Gao Q, Hyun J, et al. Variability in
cognitive performance on Mobile devices is sensitive to mild cognitive
impairment: results from the einstein aging study. Front Digit Health. (2021)
3:758031. doi: 10.3389/fdgth.2021.758031

16. Wilks H, Aschenbrenner AJ, Gordon BA, Balota DA, Fagan AM, Musiek E,
et al. Sharper in the morning: cognitive time of day effects revealed with high-
frequency smartphone testing. J Clin Exp Neuropsychol. (2021) 43:825–37.
doi: 10.1080/13803395.2021.2009447
frontiersin.org

https://www.frontiersin.org/articles/10.3389/fdgth.2022.946685/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fdgth.2022.946685/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fdgth.2022.946685/full#supplementary-material
https://doi.org/10.2196/16142
https://doi.org/10.1002/mpr.1562
https://doi.org/10.1177/1073191116643164
https://doi.org/10.2196/14328
https://doi.org/10.1016/j.jalz.2017.02.001
https://www.nia.nih.gov/research/ongoing-AD-trials&num;:&sim;:text=The%20National%20Institute%20on%20Aging,dementias%20(AD%2FADRD)
https://www.nia.nih.gov/research/ongoing-AD-trials&num;:&sim;:text=The%20National%20Institute%20on%20Aging,dementias%20(AD%2FADRD)
https://www.nia.nih.gov/research/ongoing-AD-trials&num;:&sim;:text=The%20National%20Institute%20on%20Aging,dementias%20(AD%2FADRD)
https://doi.org/10.3233/JAD-170991
https://doi.org/10.1017/S1355617721000503
https://doi.org/10.2196/33747
https://www.pewresearch.org/internet/fact-sheet/mobile/
https://www.pewresearch.org/internet/fact-sheet/mobile/
https://doi.org/10.1002/mpr.1521
https://doi.org/10.1002/dad2.12283
https://doi.org/10.3389/fdgth.2021.758031
https://doi.org/10.1080/13803395.2021.2009447
https://doi.org/10.3389/fdgth.2022.946685
https://www.frontiersin.org/journals/digital-health
https://www.frontiersin.org/


Moore et al. 10.3389/fdgth.2022.946685
17. Charalambous AP, Pye A, Yeung WK, Leroi I, Neil M, Thodi C, et al. Tools
for app- and web-based self-testing of cognitive impairment: systematic search
and evaluation. J Med Internet Res. (2020) 22:e14551. doi: 10.2196/14551

18. Jak A, Bondi M, Delano-Wood L, Wierenga C, Corey-Bloom J, Salmon D,
et al. Quantification of five neuropsychological approaches to defining mild
cognitive impairment. Am J Geriatr Psychiatry. (2009) 17:368–75. doi: 10.1097/
JGP.0b013e31819431d5

19. Neuroux (2022). Available at: https://www.getneuroux.com/ (Accessed May
4, 2022).

20. Wilkinson GS, Robertson GJ. Wide Range Achievement Test Fourth Edition
(WRAT-4) Professional Manual Lutz, FL: Psychological Assessment Resources (2004).

21. Nasreddine Z, Phillips N, Bédirian V, Charbonneau S, Whitehead V, Collin
I, et al. The Montreal cognitive assessment. MoCA: A brief screening tool for mild
cognitive impairment. Am J Geriatr Psychiatry. (2005) 53:695–9. doi: 10.1111/j.
1532-5415.2005.53221.x

22. Benedict RH, Schretlen D, Groninger L, Brandt J. Hopkins verbal learning
test–revised: normative data and analysis of inter-form and test-retest reliability.
Clin Neuropsychol. (1998) 12:43–55. doi: 10.1076/clin.12.1.43.1726

23. Benedict RHB, Schretlen D, Groninger L, Dobraski M, Shpritz B. Revision of
the brief visuospatial memory test: studies of normal performance, reliability, and
validity. Psychol Assess. (1996) 8:145–53. doi: 10.1037/1040-3590.8.2.145

24. Ricker JH, Axelrod BN. Analysis of an oral paradigm for the trail making
test. Assessment. (1994) 1:47–51. doi: 10.1177/1073191194001001007

25. Besser L, Kukull W, Knopman DS, Chui H, Galasko D, Weintraub S, et al.
Version 3 of the national Alzheimer’s coordinating center’s uniform data set.
Alzheimer Dis Assoc Disord. (2018) 32:351–8. doi: 10.1097/WAD.
0000000000000279

26. Gollan T, Weissberger G, Runnqvist E, Montoya R, Cera C. Self-ratings of
spoken language dominance: a multilingual naming test (MINT) and
preliminary norms for young and aging spanish–English bilinguals. Biling: Lang
Cogn. (2012) 15:594–615. doi: 10.1017/S1366728911000332

27. Delis DC, Kaplan E, Kramer JH. Delis-Kaplan Executive Function System
(D–KEFS). San Antonio: APA PsycTests (2001).

28. Muthén LK, Muthén BO. Mplus User’s Guide: eighth Edition. Los Angeles,
CA: Muthén & Muthén (1998–2017).

29. Cranford JA, Shrout PE, Iida M, Rafaeli E, Yip T, Bolger N. A procedure for
evaluating sensitivity to within-person change: can mood measures in diary
studies detect change reliably? Pers Soc Psychol Bull. (2006) 32:917–29. doi: 10.
1177/0146167206287721
Frontiers in Digital Health 14

66
30. Moore RC, Parrish EM, Van Patten R, Paolillo EW, Filip T, Bomyea J, et al.
Initial Psychometric Properties of 7 NeuroUX Remote Ecological Momentary
Cognitive Tests Among People with Bipolar Disorder. JMIR mHealth Uhealth
(2022). In Press.

31. Bomyea JA, Parrish EM, Paolillo EW, Filip TF, Eyler LT, Depp CA, et al.
Relationships between daily mood states and real-time cognitive performance in
individuals with bipolar disorder and healthy comparators: a remote
ambulatory assessment study. J Clin Exp Neuropsychol. (2021) 43:813–24.
doi: 10.1080/13803395.2021.1975656

32. Campbell LM, Paolillo EW, Heaton A, Tang B, Depp CA, Granholm E, et al.
Daily activities related to Mobile cognitive performance in middle-aged and older
adults: an ecological momentary cognitive assessment study. JMIR Mhealth
Uhealth. (2020) 8:e19579. doi: 10.2196/19579

33. Jones SE, Moore RC, Pinkham AE, Depp CA, Granholm E, Harvey PD. A
cross-diagnostic study of adherence to ecological momentary assessment:
comparisons across study length and daily survey frequency find that early
adherence is a potent predictor of study-long adherence. Pers Med Psychiatry.
(2021) 29–30:100085. doi: 10.1016/j.pmip.2021.100085

34. Moore RC, Campbell LM, Delgadillo JD, Paolillo EW, Sundermann EE,
Holden J, et al. Smartphone-Based measurement of executive function in older
adults with and without HIV. Arch Clin Neuropsychol. (2020) 35:347–57.
doi: 10.1093/arclin/acz084

35. Moore RC, Paolillo EW, Sundermann EE, Campbell LM, Delgadillo J,
Heaton A, et al. Validation of the mobile verbal learning test: illustration of its
use for age and disease-related cognitive deficits. Int J Methods Psychiatr Res.
(2021) 30:e1859. doi: 10.1002/mpr.1859

36. Pratap A, Neto EC, Snyder P, Stepnowsky C, Elhadad N, Grant D, et al.
Indicators of retention in remote digital health studies: a cross-study evaluation
of 100,000 participants. NPJ Digit Med. (2020) 3:21. doi: 10.1038/s41746-020-
0224-8

37. Caldwell JZK, Berg JL, Cummings JL, Banks SJ. Moderating effects of sex on
the impact of diagnosis and amyloid positivity on verbal memory and
hippocampal volume. Alzheimers Res Ther. (2017) 9:72. doi: 10.1186/s13195-
017-0300-8

38. Siegal J. Here’s why typing on Android phones is harder than typing on an
iPhone. BGR (2013a). Available at: http://bgr.com/2013/09/20/iphone-android-
touchscreen-responsiveness/ (Accessed).

39. Siegal J. Study: iPads are the most responsive tablets in the world (2013b).
Available at: http://bgr.com/2013/10/09/tablet-touch-screen-responsiveness/
(Accessed).
frontiersin.org

https://doi.org/10.2196/14551
https://doi.org/10.1097/JGP.0b013e31819431d5
https://doi.org/10.1097/JGP.0b013e31819431d5
https://www.getneuroux.com/
https://www.getneuroux.com/
https://doi.org/10.1111/j.1532-5415.2005.53221.x
https://doi.org/10.1111/j.1532-5415.2005.53221.x
https://doi.org/10.1076/clin.12.1.43.1726
https://doi.org/10.1037/1040-3590.8.2.145
https://doi.org/10.1177/1073191194001001007
https://doi.org/10.1097/WAD.0000000000000279
https://doi.org/10.1097/WAD.0000000000000279
https://doi.org/10.1017/S1366728911000332
https://doi.org/10.1177/0146167206287721
https://doi.org/10.1177/0146167206287721
https://doi.org/10.1080/13803395.2021.1975656
https://doi.org/10.2196/19579
https://doi.org/10.1016/j.pmip.2021.100085
https://doi.org/10.1093/arclin/acz084
https://doi.org/10.1002/mpr.1859
https://doi.org/10.1038/s41746-020-0224-8
https://doi.org/10.1038/s41746-020-0224-8
https://doi.org/10.1186/s13195-017-0300-8
https://doi.org/10.1186/s13195-017-0300-8
http://bgr.com/2013/09/20/iphone-android-touchscreen-responsiveness/
http://bgr.com/2013/09/20/iphone-android-touchscreen-responsiveness/
http://bgr.com/2013/09/20/iphone-android-touchscreen-responsiveness/
http://bgr.com/2013/10/09/tablet-touch-screen-responsiveness/
http://bgr.com/2013/10/09/tablet-touch-screen-responsiveness/
https://doi.org/10.3389/fdgth.2022.946685
https://www.frontiersin.org/journals/digital-health
https://www.frontiersin.org/


TYPE Original Research
PUBLISHED 23 August 2022| DOI 10.3389/fdgth.2022.920706
EDITED BY

Timo Jämsä,

University of Oulu, Finland

REVIEWED BY

Jack Holman,

University of Nottingham, United Kingdom

Alejandro Domínguez-Rodríguez,

Valencian International University, Spain

*CORRESPONDENCE

Federica Klaus

fklaus@health.ucsd.edu

SPECIALTY SECTION

This article was submitted to Human Factors

and Digital Health, a section of the journal

Frontiers in Digital Health

RECEIVED 14 April 2022

ACCEPTED 08 August 2022

PUBLISHED 23 August 2022

CITATION

Klaus F, Peek E, Quynh A, Sutherland AN,

Selvam D, Moore RC, Depp CA and Eyler LT

(2022) Mobile survey engagement by older

adults is high during multiple phases of the

COVID-19 pandemic and is predicted by

baseline and structural factors.

Front. Digit. Health 4:920706.

doi: 10.3389/fdgth.2022.920706

COPYRIGHT

© 2022 Klaus, Peek, Quynh, Sutherland, Selvam,
Moore, Depp and Eyler. This is an open-access
article distributed under the terms of the
Creative Commons Attribution License (CC BY).
The use, distribution or reproduction in other
forums is permitted, provided the original
author(s) and the copyright owner(s) are
credited and that the original publication in this
journal is cited, in accordance with accepted
academic practice. No use, distribution or
reproduction is permitted which does not
comply with these terms.
Frontiers in Digital Health
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older adults is high during
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pandemic and is predicted by
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N. Sutherland1,2, Divya Selvam1, Raeanne C. Moore1, Colin
A. Depp1,2 and Lisa T. Eyler1,2

1Department of Psychiatry, UC San Diego, La Jolla, CA, United States, 2VA San Diego Healthcare
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Digital surveys, such as mobile phone ecological momentary assessment
(EMA), bear the potential to assess and target individual wellbeing in a
personalized, real-time approach and allow for interaction in situations when
in-person contact is not possible, such as during the coronavirus pandemic.
While the use of digital technology might especially benefit research in older
adults who find themselves in circumstances of reduced mobility, little is
known about their barriers to adherence. We investigated baseline and
structural factors that predict study withdrawal and adherence from daily
smartphone EMA self-report surveys in the StayWELL Study. The StayWELL
study is a longitudinal, observational study on the relationship between social
restrictions during the coronavirus pandemic and mental well-being in 95
community-dwelling older aged adults (67–87 years) who were participants
in a randomized clinical trial using EMA. Withdrawal was associated with less
research staff changes and less likely in participants that reached the study
mid-point. No baseline characteristics predicted withdrawal. Main reasons for
withdrawal were communication issues, i.e. staff not being able to contact
participants. We found an adherence rate of 82% and no fatigue effects.
Adherence was predicted by education status, study participation duration,
reaching the study midpoint and time between study start and enrollment.
COVID infections or supporting people in the household was not related to
adherence. To conclude, it is feasible to conduct an EMA study in older
people without impacting engagement during a pandemic. Furthermore,
personal characteristics and smartphone operating system (Android vs. iOS)
used did not relate to engagement, allowing for a broad distribution of
digital health technologies. Our study adds information on single predictive
variables relevant for adherence and withdrawal from EMA smartphone
surveys in older people that can inform the design of future digital EMA
research to maximize engagement and reliability of study results.

KEYWORDS

ecological momentary assessment, survey, adherence, withdrawal, stay-at-home,

mobile phone, older adults, pandemic
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Introduction

Ecological Momentary Assessment (EMA) repeatedly

samples participants’ current mood, behaviors, and sense of

wellbeing in real time in their natural environments (1, 2).

Surveys delivered multiple times daily via mobile phone apps

with text messaging reminders can capture self-reports in

real-time and minimize recall bias while preserving ecological

validity (1, 2). However, to best capture momentary feelings

and behaviors, it is necessary for participants to answer as

many surveys as possible and to stay in the study throughout

its duration. Missing data due to low EMA adherence rate

and, as an extreme form, study withdrawal, are important

since they lead to low statistical power, response bias, and

increased cost to the researchers (3). It is important to

understand typical rates of withdrawal and adherence in order

to power future studies to discover factors that predict

adherence and withdrawal in order to devise protocols that

maximize participation.

In the general population, one predictor of high overall

adherence rates is high adherence in the early phase of the

protocol (3). Contextual factors, such as time of day, may play

a role in missing survey reminders whereas increased training

on how to use EMA is correlated with higher adherence levels

(4). Some research suggests that older age, healthy mood and

affect were correlated with higher levels of adherence (4–9).

Some early research has been done using EMA with older

adults; but the scope of the literature is narrow. This can

partially be attributed to the fact that in 2015, only 27% of

American older adults owned a smartphone; however

smartphone ownership among older adults is growing rapidly

with 83% of those 50–64 years old and 61% of those 65 years

and older owning a smartphone in the US in 2021 (10–13).

While older adults are more reluctant to use new technology,

they are more likely to utilize new technologies when they

understand the benefits (14, 15). A review on EMA in aging

research reported a general adherence rate of over 80% in

most studies assessed (16), which is higher compared to

younger adults, where a survey adherence rate of 75% with a

withdrawal rate of 15% was reported (5, 17). One study used

EMA over a 14-day burst to look at daily activities and

neurocognitive health in 103 older American adults and

observed an adherence rate of 91% (18). Another study

looked at EMA engagement for African American older

adults, a group that was expected to be more wary of EMA

and see it as surveillance; however they also had high

adherence rates of on average 92%–98% and a withdrawal rate

of 9% over the whole study (19). Graham et al. examined

American users of a digital healthcare platform with multiple

interfaces, and found that on an aggregate level, older users

(65 years and older) utilized the app more than younger users

(35–64 years) (20). In a sample of older participants (aged

50–70 years), 95 older adults were sent six surveys per day for
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a week and had a 91.5% response rate (21). In a study

measuring older adults’ (60–98 years) physical activity using

EMA, an adherence of 92% and withdrawal rate of 2% was

observed (8).

To understand the reasons for withdrawal from an EMA

study and what influences withdrawal from and adherence to

EMA surveys, more detailed information on personal baseline

factors and study structural factors are needed. In the

previously cited studies, systematic information on reasons for

study withdrawal in older adults are rarely reported, with one

study mentioning withdrawal due to medical emergency or

participant burden in older adults (8) and another describing

as a primary withdrawal reason that participants did not fully

understand what they were supposed to do (22). Moderators

of adherence are reported for some, but not all studies and

focus mainly on personal factors, such as age, sex, relationship

status, residence, number of people in residence, education,

employment status, income, and location. Most studies do not

find an association between personal baseline characteristics

and study adherence (8, 19). One study in older adults (50–70

years) observed higher adherence in female participants aged

50–59 years (93.3%) vs. male participants of the same age

(84.5%), but overall adherence levels were above the

recommended 80% (21). Another study in older people

reported no relation of age to completion or response rate,

but found that older participants were more likely to report

not being alerted to surveys and that issues with survey alerts

were independently related to Android operating system (23).

The same study also observed higher response rates among

iOS vs. Android users (23). However, information on other

structural factors specific to older adults’ adherence to EMA

studies is sparse. One study reported a higher likelihood of

missing an EMA survey in the afternoon compared to the

morning in healthy older adults, providing information on

time-varying factors (8).

The above-described studies provide evidence that

withdrawal from EMA studies among older adults is generally

low and EMA adherence is generally high in typical settings.

However, it is unclear whether the same would be seen

during a global pandemic such as that caused by COVID-19.

Due to social distancing measures during the pandemic,

studies suggest that older adults increased their technology

consumption. One study showed that older adults used

technology to connect socially and two-thirds of participants

learned a new communication technology (24). Another study

showed that 73% of German nursing homes self-reported

increased opportunities for residents to connect virtually (25).

Another study demonstrated that there was an increase in

older adults who ordered groceries using mobile delivery (26).

This shows that there was increased use of digital technology

during the pandemic among older people. Additionally, there

was an increase in using EMA methods during the pandemic

with researchers being unable to conduct in-person visits due
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to social distancing; however, there is limited literature about

adherence levels for older adults in this context. Most

recently, a study in 47 older adults (age 45–78 years) during

the pandemic sent six surveys per day for a week and had a

84% vs. 54% completion and a 64% vs. 54% response rate

among experienced vs. inexperienced EMA users (23).

We created the Stay-at-home Wellness EMA in Late Life

(StayWELL) Study to understand the wellbeing of older adults

during the pandemic. StayWELL enrolled a well-characterized

sample of older adults (>65 years) who had previously

completed a randomized controlled trial which included EMA

sampling and collection of detailed demographic and

psychological assessments. As a completely virtual, longitudinal

study, StayWELL collected self-report data on mental wellbeing

and daily activities, using online questionnaires and EMA via

mobile surveys, throughout the pandemic. EMA data was

collected during two 2-week bursts of assessments in Summer/

Autumn 2020 and in Summer of 2021. The data from this

study therefore provides a unique opportunity to assess factors

that predict withdrawal and adherence to EMA in older adults

over the course of a seventeen-month period, beginning during

the sudden and long-term shutdown of normal behavior and

routines and a forced shift to digital technology. Given the lack

of longitudinal studies on older adults during the coronavirus

pandemic, our study provides the opportunity to capture a wide

breadth and depth of data on potential predictors of EMA

study adherence and study withdrawal factors of older adults in

situations of reduced mobility due to pandemic-related social

restrictions.

We investigated study withdrawal and adherence to daily

EMA surveys in the StayWELL study. The first aim was to

explore reasons for withdrawal and if any personal baseline

factors predicted withdrawal in older adults, including age,

gender, race/ethnicity, employment, residence, number of

people in residence, education, location, generations in the

household, how often the house was left pre-pandemic and

previous participation in an active treatment arm of the prior

study randomized controlled trial (vs. a control condition).

Further, we examined if study structural factors, including

study research staff turnover, smartphone operating system,

time elapsed between study start and enrollment and reaching

the study mid-point predicted withdrawal.

The second aim was to examine if any personal baseline or

study structural factors predicted adherence—per burst—in

older adults, based on the same personal and structural

factors explored in relation to withdrawal. We hypothesized

that adherence will be predicted by age and gender with

highest adherence in younger women based on specific

findings on older adults (21).

The final aim was to understand how the rate of completed

EMA surveys from the first two bursts (burst 1 and 2;

administered before significant lifting of restrictions, i.e. stay-

at-home and social distancing order, in Summer/Fall 2020)
Frontiers in Digital Health 03

69
compared to the last two bursts (burst 3 and 4; after lifting of

restrictions in Summer of 2021). We hypothesized that

adherence would be significantly less during burst 3 and 4

due to participant’s reengaging in activities outside the home.
Materials and methods

Participants and recruitment

Ninety-five community-dwelling older aged adults (67–87

years) were included in the StayWELL study. All had

previously participated in the Mindfulness, Education, and

Exercise (MEDEX) study (27) and were concurrently enrolled

in an extension trial. The MEDEX study was a now-

concluded 18-month randomized controlled trial to assess the

effects of in-person interventions, which included three active

treatments, i.e. mindfulness-based meditation, exercise and

their combination, and one active control group, i.e. health

education, on cognition in older adults. MEDEX also included

daily EMA assessments on study-provided tablets of self-

reports (such as positive and negative affect) during four 10-

day periods for all groups. Most participants who completed

the in-person study then continued to take part in the

extension of the randomized trial, where participants received

once per month a virtual booster session of the same

intervention that they had received in the previous trial. The

extension of MEDEX started in October 2018 and is ongoing

planned until September 2023. Participants were recruited by

MEDEX staff during the monthly virtual booster sessions and

when they received MEDEX study related information via

mail on a rolling basis. After receiving advertisement about

the StayWELL Study, 124 MEDEX study participants

contacted the StayWELL study team and 95 of these

participants decided to participate after hearing what study

participation entailed. Couples were allowed to participate in

the study and enrolled occasionally (approximately 2 couples).

Inclusion criteria were previous participation in the

MEDEX study and current enrollment in the MEDEX

extension study (St. Louis or San Diego), and the possession

of a mobile device (Android or iOS operating system) with

touch screen and internet access. All procedures were

approved by UCSD’s Institutional Review Board before

protocol implementation, and all participants provided oral

informed consent.
Measures and procedures

Study design
The fully virtual StayWELL study began in June 2020 and

was completed in October 2021.
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FIGURE 1

Exemplary timeline of StayWELL study design.
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One study visit at the beginning and end of the study

included a Set-up/Final Call and cognitive assessment, of

which the data is not analyzed at this point, and direction to

an online questionnaire. In-between, four EMA bursts, which

lasted each 16 (14 + 2)-days, with a long break in-between

burst 2 and 3 (mid-study) took place (See Figure 1). Due to

the rolling advertisement with participants contacting the

study staff at their will, time between study start and actual

study enrollment varied between participants.

Self-report data, including mental wellbeing and daily

activities, was collected using online questionnaires and EMA

via mobile surveys throughout the pandemic. All study visits

were conducted via videoconferencing using the software Zoom

or via phone at the beginning and end of the study and

baseline information (demographics etc.) was assessed using the

online questionnaire at the beginning and end of the study.

The number of available staff or volunteer research associates

(research assistants (RA’s)) did oscillate due to the unexpected

long duration of the study with the restrictions during the

pandemic remaining in place longer than anticipated. When

this longitudinal study was conceived, a duration of the

pandemic of a few weeks and therefore a study duration of

maximum half a year was generally expected, which was

proven wrong by the prolonged nature of the pandemic. These

events led to unexpected personal circumstances that were

reflected in the availability of RA’s. At the beginning of the

study, each participant was assigned to one of the available ten

RAs. During the study, some participants were re-assigned to
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other RA’s due to the reduced availability or change of position

of some (due to personal and educational duties). Short

communication by RA’s (e.g. for confirmation of appointments

or check-in visits) was mostly conducted using Skype phone

calling, Google voice calling or Google voice texting or email.

Longer visits/trouble-shooting visits were conducted by sending

a Zoom link to the participants via email and then conducting

a video call using Zoom. Participants received a $30 Amazon

gift card at the conclusion of the study. If they complete

greater than 85% of the daily EMA surveys, they received a

bonus of $20 in the form of an additional gift card.

Smartphone set-up visit
After giving initial information to the potential study

participants and obtaining consent via a phone call, an RA

was assigned to each participant. The RA contacted the

participant via Zoom (video call) and conducted a 1-hour

long set-up visit, during which the participants were guided to

install all necessary applications on their own mobile devices

and participants were provided an individualized live tutorial

delivered by an RA that also used recorded video sequences of

how to install the apps on their mobile phone (iOS or

Android specific) and how to complete EMA surveys. Further,

they were given, via email, a written and illustrated document

explaining how to use the apps on their smartphone. At the

end of the setup call, the participants practiced an example

EMA survey that came through to their mobile device.

Participants were provided contact information in the event
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they experienced technological difficulties and were contacted if

a drop in completed surveys suggested difficulties. The platform

and application mEMA (Illumivu) was used for the

smartphone-based ecological momentary assessment and

could be downloaded from the respective AppStores by the

participants on their mobile devices.

EMA bursts
Four 16-day total mobile burst assessments took place

(bursts 1–4). The first two bursts started after enrollment with

an approximate gap of 2 weeks in-between (depending on

participant’s availability) and were completed in Summer/Fall

2020. The third burst was planned to occur upon significant

lifting or pandemic-related social restrictions and started in

Summer/Fall 2021 upon lifting of restrictions and the fourth

burst followed after an approximate 2-week gap.

Each burst started and ended with a longer survey (20 min,

scheduled to arrive in the morning) asking about thoughts,

behaviors and events related to well-being and the coronavirus

pandemic over the past 2 weeks on the first and last day. Each

burst then included 14 days of twice-daily brief momentary

surveys (5–10 min long, scheduled in morning and evening

randomly within a 1-hour time window according to

participant’s preference). The brief daily surveys asked about

wellbeing, mood, compassion, empathy, social isolation,

mindfulness, resilience, and loneliness and behavior in the

moment. A pop-up notification and a sound alert (if not set

to mute) was sent that reminded the participant to take the

surveys. The surveys started at random times (15 min, 30 min,

45 min or 60 min apart from the last survey) within the

specified 1-hour window and were available to answer until

1 h after the notification first appeared (see Figure 1).

All participants were contacted mid-study to enhance

retention and explain the protocol for the remaining bursts.

The final timing of assessments differed from what was

anticipated at study start due to the protracted course of the

pandemic. Thus, although four bursts had been planned all

along, the total time in the study was much longer than

expected by participants when they enrolled. In addition to

beginning and end-of study contacts, RA’s contacted

participants a week in advance before each burst started, at

the start date of each burst, during the burst if needed, at the

end of each burst and during the longer mid-study break to

remind participants that the study was still ongoing.
Data analysis

Time frame and variables used
Number of surveys completed out of the 4 × 14-days short

daily surveys in the morning and evening were analyzed in

this study and morning and evening surveys were collapsed

into a daily average.
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Adherence was calculated as percentage of surveys validly

answered per burst and per burst category (burst 1/2 and

burst 3/4 were collapsed into burst categories before and after

lifting of stay-at-home restrictions).

Analysis of adherence was conducted in all participants that

contributed EMA data. Analysis of withdrawal included all

participants that initially consented to the study. Only data

from participants who completed burst 1 and/or 2 and burst

3 and/or 4 were used for the analysis of adherence differences

between burst.

Demographic variables were collected at baseline. The

original choices for people in the same household (number of

people) were collapsed into categories: (I live alone, 1 person,

2 or more people). Information about COVID-19 diagnosis

and support given to family members was derived from the

longer survey at the end of each burst covering the past 2 weeks.

Quantitative assessment of withdrawal reasons was

performed by classifying the reasons given for withdrawal by

the participants into the following categories: participant was

hard to reach/communication issues, unknown/reason not

given, no longer interested/too busy, technical difficulties,

personal/unspecified and health reasons. Qualitative

assessment of feedback given by participants is based on the

notes taken of the conversations by the RAs who received the

note of withdrawal by the participant.
Statistical analysis
Statistical analyses were computed with SPSS version 25

(IBM Corp., SPSS Inc., Chicago IL, USA). Demographic

variables were compared using chi-square, Mann-Whitney U

or two-tailed t-tests, as appropriate. Generalized linear mixed

model analyses were conducted with subject ID as random

effects in all analyses. Level of significance was set at p < 0.05.

Multiple testing was accounted for using the false discovery

rate (FDR) (28). Data are presented as mean and standard

deviation (SD) if not noted otherwise. Data of all participants

who consented to the study were analyzed for withdrawal

analyses. Only data from participants where EMA survey were

set up were analyzed in analyses investigating adherence.

Specifically, the following methods were applied for each

study aim:

1) To assess predictors of and reasons for withdrawal, data of

all participants that consented to study participation were

entered in the analysis. Separate models with baseline

predictors as fixed effects were ran with age, gender, race/

ethnicity, employment status, type of residence, education,

location (San Diego vs. St. Louis), number of people living

in the same residence and assignment to the MEDEX

treatment group as well as generations in the household

and how often the house was left (before the pandemic).

To assess the structural variables, number of changes of RA,

operating system, time elapsed between study start to
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enrollment and reaching burst 3 (i.e. the second half of the

study/study mid-point) were used as fixed effects. All

significant predictors were then combined into one model

to investigate potential dependencies. Spearman

correlations due to non-normal distribution of date

variables were used to assess relationships of number of

RA changes with study participation duration, since

participants that were longer in the study might have

experienced more RA changes. A multivariate model with

significant predictors and study participation duration was

used to account for dependency of RA change on study

participation duration length.

2) To assess predictors of adherence, data of all participants

that had EMA surveys set up were entered in the analysis.

Separate models with burst and each baseline predictor as

fixed effects were used with age, gender, race/ethnicity,

employment status, type of residence, education, location

(San Diego vs. St. Louis), number of people living in the

same residence and assignment to the MEDEX treatment

group as well as generations in the household and how

often the house was left (before the pandemic). To assess

the structural variables, number of changes of RA,

operating system, time elapsed between study start to

enrollment and reaching burst 3 (i.e. the second half of

the study) were used in separate models as fixed effects in

addition to burst. Correction for multiple testing using

FDR was applied (denoted as adjusted p (adj.p)). Finally,

all individual variables that remained significant after FDR

correction were entered into one model to investigate

potential dependencies.

To follow up on a hypothetical moderation of the

relationship between people living in residence and

adherence by COVID-19 infections in the family and

giving support to family members, two separate models

were calculated. Fixed effects were people in the residence

and support given to family members, or people in the

residence and COVID-19 infections of family members

and their respective interaction terms.

To predict adherence per burst based on structural

factors, separate mixed model analyses were used with

burst, number of changes of RA, operating system, time

elapsed between study start to date of individual study

enrollment, and study participation duration as fixed

effects. Spearman correlations due to non-normal

distribution of date variables were used to assess

relationships of number of RA changes with time elapsed

between study start and enrollment and with study

participation duration, since participants that were longer

in the study might have experienced more RA changes.

3) To compare the rate of completed EMA surveys from the

first two to the last two bursts within those participants
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that contributed data to burst 1 and/or 2 and to burst 3

and/or 4, mixed model analyses were used with burst and

burst category as fixed effects respectively.

Results

Sample characteristics

Ninety-five participants enrolled in the study and 47

participants completed study procedures ((49.5%, 67–87

years) whereas the other 48 participants (50.5%, 67–83 years)

withdrew.

The mean (SD) age of all enrolled participants at baseline

was 74 (4.3) years, 78% were women, and the mean (SD)

education was 16.6 (2.0) years. The racial distribution was

84% White, 8% Black/African American, 4% Asian, and 3%

More than One Race; Hispanic participants were 5% of the

sample (See Table 1 for details.)

Among the participants that completed the study, 42

participants contributed data to burst 1 and/or 2 and to burst

3 and/or burst 4 (See Supplementary Table S1 for details.).
Participants who reached the study mid-
point were less likely to withdraw after
that time-point

Analysis of withdrawal were conducted in the whole dataset

containing 95 participants. Statistical details on estimates for

each level of predictor can be found in the Supplementary

information.

Of all participants that withdrew, 46 participants withdrew

before burst 3 and 2 participants withdrew after burst 3. See

Table 2 for exact timing of withdrawal. Main reasons for

withdrawal were staff- participant communication issues (31%),

not enough time for the study (21%) and no reasons reported

(21%). Technical difficulties accounted for 15% of withdrawals,

partially contrary to our initial hypothesis (see Table 3).

Baseline structural characteristics did not predict

withdrawal, specifically withdrawal was not predicted by

gender (F(1,93) = 1.6, p = 0.21), age (F(1,93) = 0.022, p = 0.88),

race (F(3,91) = 0.99, p = 0.40), ethnicity (F(1,93) = 1.56, p =

0.21), employment status (F(3,75) = 0.01, p = 0.99), residence

type (F(2,76) = 0.23, p = 0.79), education status (F(1,91) = 0.06,

p = 0.81), location (F(1,93) = 1.25, p = 0.27), generations in

household (F(2,76) = 0.05, p = 0.95), how often the house was

left before the pandemic (F(3,75) = 1.18, p = 0.32), number of

people living in residence (F(2,76) = 0.18, p = 0.84) or MEDEX

intervention group (F(3,91) = 1.05, p = 0.37).

Structural factors significantly related to withdrawal were

number of changes of RA’s (F(2,92) = 6.9, p = 0.002) and

making it beyond the mid-study point, i.e. reaching burst 3 (F

(1,93) = 34.5, p < 0.001), which remained significant after
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TABLE 1 Demographics of study participants who withdrew and who completed the study.

Participants who
withdrew (n = 48)

Participants who
completed the study

(n = 47)

Test statistics

Mean (range) or
n (%)

SD Mean (range) or
n (%)

SD t/χ2/U p

Age (years) 73.8 (67-83) 3.9 73.7 (67-87) 72.3 t =−1.5 0.9

Gender (F (%)) 40 (83%) 34 (72%) χ2 = 1.7 0.2

Education (years) 16.6 2.4 16.7 1.6 U = 1075 0.9

Race (n (%)) χ2 = 3.4 0.4

White 39 (81%) 41 (87%)

Black/African American 6 (13%) 2 (4%)

Asian 1 (2%) 3 (6%)

More than one Race 2 (4%) 1 (2%)

Ethnicity (Non-Latino-Hispanic (%)) 44 (91%) 46 (97%) χ2 = 1.8 0.18

Employment status (Retired (%)) 27 (56%) 42 (89%) χ2 = 3.1 0.4

Number of people living in same household (0/1/2 or more) 21%/40%/6% 26%/66%/8% χ2 = 2.6 0.6

Number of generations living in same household 0.2 0.4 0.4 0.0 U = 1210 0.4

How often house was left per day before pandemic (days per week) 4.3 0.9 4.0 0.9 U = 1733 0.1

COVID19 Diagnosis of family member (burst 1/2/3/4) 31%/9%/0%/0% 9%/20%/16%/18%

Support to family members given (burst 1/2/3/4) 23%/27%/0%/0% 30%/29%/35%/23%

Location (San Diego (%)) 22 (45%) 27 (57%) χ2 = 1.3 0.3

Medex intervention group χ2 = 3.4 0.3

MBSR (mindfulness-based meditation) 11 (23%) 16 (34%)

Exercise 12 (25%) 14 (30%)

MBSR + Exercise 18 (38%) 10 (21%)

Health Education (comparison group) 7 (15%) 7 (15%)

Number of research assistant (RA) changes 0.3 0.6 0.7 0.7 U = 1885 p < 0.001

Operating System (Android/iOS (%)) 18 (38%)/30 (62%) 16 (34%)/31 (66%) χ2 = 1.2 0.7

Bursts completed (0/1/2/3/4) 11/12/16/0/0 1/2/3/10/31

Last completed burst (0/1/2/3/4) 20/12/15/1/0 1/2/3/3/38

Withdrawal timing (until during burst 2/between
burst 2 and 3/during or after burst 3)

27/19/2 – – –

Study participation duration (years) 0.5 0.4 1.1 0.2 U = 1336 p < 0.001

Time elapsed between study start and date of enrollment (months) 1.5 0.9 1.5 0.8 U = 2226 0.8

Significant results with p-values < 0.05 are bolded.

χ2, Chi-square; U, Mann-Whitney U; t, two-tailed t-test.
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adjusting for multiple testing (adj.p = 0.003 and adj.p < 0.001,

respectively). Completing the study was associated with having

1 RA change vs. 0 (p < 0.001, odds ratio = 0.14) and with

reaching burst 3 (p < 0.001, odds ratio = 0.006). There was no

relation of withdrawal with operating system (F(1,93) = 0.12,

p = 0.73) and time elapsed between study start and

enrollment (F(1,93) = 0.07, p = 0.79). When combining the

two significant predictors into one model, the relationship

of both RA changes (F(2,91) = 3.23, p = 0.04) and reaching

burst 3 (F(1,91) = 31.1, p < 0.001) to withdrawal remained

significant, with having no vs. 1 or 2 RA changes predicting

withdrawal (p = 0.04, odds ratio = 0.15 and p = 0.03, odds

ratio = 0.09 respectively). Because there were significant
Frontiers in Digital Health 07
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positive correlations of number of RA changes with study

participation duration (rs(95) = 0.31, p = 0.003), we also

examined a model with additionally study participation

duration included. In that model, number of RA changes

was no longer significant (F(2,90) = 1.53, p = 0.22), while

reaching burst 3 remained a significant predictor of

withdrawal (F(1,90) = 22.7, p = 0.04), indicating that RA

changes are dependent on the other two predictors.

Adherence to EMA surveys was not significantly associated

with study withdrawal (F(1,72) = 3.59, p = 0.06), the direction

of the trend-level relationship was such that poor adherence

was associated with greater likelihood of withdrawal (odds

ratio = 0.98, 95% confidence interval [0.96, 1.00]).
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TABLE 2 Timing and reason for withdrawal.

Timing of withdrawal Reason for withdrawal

no longer
interested/too busy

technical
difficulties

personal/
unspecified

health
reasons

hard to reach/
communication issues

unknown/reason
not given

Total

before burst 1 0 2 1 0 5 4 12

during burst 1 1 1 0 0 1 0 3

after burst 1 before burst 2 2 2 2 0 3 1 10

during burst 2 1 1 0 0 0 0 2

after burst 2 before burst 3 5 1 2 1 5 5 19

during burst 3 0 0 0 0 0 0 0

after burst 3 before burst 4 1 0 0 0 1 0 2

during burst 4 0 0 0 0 0 0 0

Total 10 7 5 1 15 10

Significant results with p-values < 0.05 are bolded.

TABLE 3 Reasons for study withdrawal.

Reason for withdrawal Count Percent per total
withdrawals/ total

participants

hard to reach/communication
issues (participant could not be
contacted)

15 31% / 15.8%

unknown/reason not given 10 21% / 10.5%

no longer interested/too busy 10 21% / 10.5%

technical difficulties 7 15% / 7.4%

personal/unspecified 5 10% / 5.3%

health reasons 1 2% / 1.1%

Klaus et al. 10.3389/fdgth.2022.920706
Adherence was predicted by education
status, study participation duration, time
between study start and enrollment and
reaching the second half of the study

Analysis of adherence was conducted in all participants that

contributed EMA data (n = 74). Statistical details on estimates

for each level of predictor can be found in the Supplementary

information.

Among baseline characteristics, education status

significantly predicted adherence after correction for multiple

testing (F(1,206) = 6.27, p = 0.013, adj.p = 0.04)), with more

years of education being associated with higher adherence.

The significant relation of adherence to number of people

living in residence (F(2,192) = 4.48, p = 0.01 (adj.p = 0.05),

living with 2 people or more vs. living alone was associated

with poorer adherence), participation in the MEDEX active

treatment groups (F(3, 210) = 3.96, p = 0.009 (adj.p = 0.11),

being in an active control group vs. being in a MBSR or

MBSR plus exercise, but not exercise alone group, was

associated with poorer adherence) and race (F(3,210) = 3.86,
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p = 0.01 (adj.p = 0.06)), being White vs. Black or African

American, but not Asian or more than one race, was associated

with higher adherence) did not remain significant after

correction for multiple testing. Adherence was not predicted by

gender (F(1, 212) = 3.02, p = 0.08), age (F(1, 212) = 0.06, p =

0.80), ethnicity (F(1,212) = 0.36, p = 0.55), employment status

(F(3,205) = 0.08, p = 0.97), residence type (F(2,206) = 1.1, p =

0.34), location (F(1,212) = 0.58, p = 0.45), generations in

household (F(2,206) = 0.03, p = 0.97) or how often the house

was left before the pandemic (F(3, 205) = 1.07, p = 0.36).

To follow up whether the trend-level association of lower

adherence with people living with 2 or more people vs. living

alone might be moderated by pandemic-related events, we

examined whether increased care duties for family members

or the presence of COVID-19 infections in the household

might moderate this relationship.

However, in multivariate models, we found no relationship

of adherence with a COVID-19 diagnosis of a family member (F

(1,170) = 0.02, p = 0.89) and no interaction of the number of

people in residence with COVID 19 infections of family

members (F(2, 170) = 0.056, p = 0.95). Further, adherence was

not related to whether the participant was giving support to a

family member (F(1,160) = 0.42, p = 0.52) and there was no

interaction effect of number of people in residence with giving

support to a family member (F(2, 160) = 0.56, p = 0.57),

indication no moderating effects of variables related to COVID19.

Structural factors related to adherence were duration of study

participation (F(1, 212) = 11.7, p < 0.001, adj.p = 0.004) with a

longer study participation associated with higher adherence,

reaching burst 3 ((F(1, 212) = 9.84, p = 0.002 (adj.p = 0.054), with

higher adherence in participants that made it to burst 3), and

time elapsed between study start and enrollment (F(1,212) = 5.18,

p = 0.02 (adj.p = 0.004), with a faster enrollment associated with a

higher adherence). Structural factors not related to adherence

were number of changes of RA’s (F(1, 211) = 2.36, p = 0.09) and
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FIGURE 2

Distribution of study participation duration among participants who withdrew and who did not withdraw.

TABLE 4 Adherence rates across bursts in subsample of participants
that contributed data to burst 1 and/or 2 and burst 3 and/or 4.

Completed
EMA surveys

n
(participants)

Adherence
(mean %)

Standard
deviation

burst1 42 82.6 22.7

burst2 40 80.8 23.8

burst3 38 82.8 18.6

burst4 38 80.1 22.0
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operating system (F(1,212) = 0.125, p = 0.26).When combining all

significant predictors into one model, study participation duration

and time between study start and enrollment remain significant

predictors of adherence, while reaching burst 3 was not

significant anymore (F(1, 210) = 2.97, p = 0.08), indicating its

dependency on time elapsing (see Figure. 2 for a histogram of

study participation duration in participants that withdrew and

that did not withdraw).
Adherence to EMA surveys does not differ
between bursts

Within those participants (n = 42) that did not withdraw

and that did contribute data to burst 1 and/or 2 and to burst

3 and/or 4 we found, contrary to our hypothesis, that
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adherence did not significantly differ between bursts 1/2

(81.7% ± 23.1) and bursts 3/4 (81.4% ± 20.3; F(1, 116) = 0.002,

p = 0.965). When analyzing the four bursts separately,

adherence during all four bursts was above 80% (see Table 4).
Conclusions and discussion

This longitudinal, observational study was the first of its kind,

using daily smartphone EMA self-report surveys to investigate

baseline and structural factors that predict study withdrawal and

adherence in older adults across an extended time period covering

multiple phases of the COVID 19 pandemic. The objective of this

study was to assess factors that predict withdrawal and adherence

to EMA in older adults over the course of a seventeen-month

period, beginning during the sudden and long-term shutdown of

normal behavior and routines and a forced shift to digital

technology during the pandemic.

Our main results are that withdrawal was associated with less

research staff changes and was less likely among participants who

reached the study mid-point. No baseline characteristics predicted

withdrawal. Main reasons for withdrawal were communication

issues, i.e. staff not being able to contact participants.

We found an adherence rate of 82% and no fatigue effects.

Adherence was predicted by education status, study

participation duration, reaching the study midpoint and time
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between study start and enrollment. COVID infections or

supporting people in the household was not related to adherence.

Our first aim was to explore reasons for withdrawal and if

any personal baseline factors predicted withdrawal in older

adults, including age, gender, race/ethnicity, employment,

residence, number of people in residence, education, location,

generations in the household, how often the house was left

pre-pandemic and previous participation in an active

treatment arm of the prior study randomized controlled trial

(vs. a control condition). Further, we examined if study

structural factors, including study research staff turnover,

smartphone operating system, time elapsed between study

start and enrollment and reaching the study mid-point

predicted withdrawal. Based on the available literature in

older adults, we hypothesized to find withdrawal due to

participant burden (8) or communication issues (22).

Withdrawal was not predicted by baseline factors, but by

number of changes of RA’s and making it beyond the mid-

study point. While it seems intuitive that people who

complete the study reached the study mid-point, it is

interesting that completing the study was associated with

having 1 RA change,—and when combining significant

structural factors into one model- with 2 RA changes

compared to experiencing no change in RA. One potential

explanation for this finding could be that participants who

withdrew before/during the first burst did not experience any

change in RA’s, however when excluding participants who

withdrew before or during the first burst, the results remain

unchanged, indicating that this finding is not solely driven by

having less opportunity to experience an RA change in the

case of an earlier withdrawal. Further explanations could be

that our findings suggest that once participants take part in

the study for a certain amount of time (i.e. reached the study

mid-point), they are likely to complete the study, potentially

due to a sense of duty to finish what they started, even in the

face of changes in personnel which was experienced more

often the longer one was in the study. Furthermore, while

changes in RA’s depend on study participation duration,

experiencing RA changes does not necessarily predict

withdrawal. A possible interpretation could be that being

assigned to a new RA led to more contact with study

personnel and to different ways of explaining instructions on

how to handle the study app, which might have been pleasing

and helpful for participants, motivating them to stay in the

study. Another explanation could be that participants did not

want to withdraw upon a new contact in order to avoid

making the newly assigned RA feel responsible for their

withdrawal. While our study experienced a complex flow of

personnel during the pandemic with many changes in the

longer break in the middle of the study, our findings

demonstrate that personnel change in itself is not predictive

of withdrawal of participants and may actually help keep

people in the study. We further demonstrate that the main
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reasons for withdrawal were communication issues,

underlining the importance of forming reliable relationships

with participants, that might even overcome technical issues,

which we found to be only the fourth most frequent reason

for withdrawal. Anecdotally, participants were very tolerant of

technical issues if the situation was communicated

transparently. This is in line with the literature emphasizing

the importance of trust for the adaptation of digital

technologies by older people (29) and with a study describing

as a primary withdrawal reason that participants did not fully

understand what they were supposed to do (22). Another

withdrawal reason that was mentioned in one study was

medical emergency (8), which we do not find in our study as

a main withdrawal reason, possibly due to the very good

initial health of our participants or a potential reduction of

non-urgent medical treatments conducted during the pandemic.

These findings on withdrawal can be seen parallel to a

previous finding on adherence, with early adherence

predicting study-long adherence in adults (3). We further

observed that adherence did not predict withdrawal,

indicating that different factors might be at play in the two

situations.

The second aim was to examine if any personal baseline or

study structural factors predicted adherence—per burst—in

older adults, based on the same personal and structural

factors explored in relation to withdrawal. We hypothesized

that adherence will be predicted by age and gender with

highest adherence in younger women based on the literature

on specific findings on older adults (21), but not by other

personal factors (8, 19). Based on the literature, we further

hypothesized that an Android operating system would be

related to lower adherence (23).

Consistent with the EMA literature in older adults (8, 16,

19, 21), we found an adherence rate of 82% and no fatigue

effects. Inconsistent with our hypothesis, we found no

relationship between gender and age with adherence, which is

line with a recent study in older people that reported no

relation of age to completion or response rate, but found that

older participants were more likely to report not being alerted

to surveys (23): inconsistencies in findings might be due

because adherence in older adults might be malleable by

prompt support if participants contact research staff if they

notice that their alerts do not come through as planned.

Further, we found that more years of education were

associated with higher adherence, potentially due to an

increased exposure of our participants to research along their

educational path and therefore potentially a sense of duty to

contribute to research studies. There was a trend towards

lower adherence among those living with two or more people

compared to living alone. As a follow-up analysis, we

hypothesized that people whose family member had a

COVID-19 diagnosis or who were giving support to family

members might be more likely to show such a negative
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relationship between the number of people living in the

household and adherence rate. We observed no moderating

effect of these two variables, and they also did not predict

adherence themselves, adding novel evidence to the literature

that EMA surveys can be a reliable tool during a pandemic in

older adults and further that the adherence of older adults to

EMA surveys was little impacted by the pandemic.

Regarding structural factors, the association of higher

adherence with longer study participation and reaching the

study mid-point is in line with the literature (3). Further we

observed higher engagement in participants that enrolled

faster in the study, potentially because participants that were

highly motivated contacted the study staff faster, which is also

in line with the literature (23). Additionally, we found no

relationship of smartphone operating system with adherence,

which is opposed to a previous finding of higher EMA

response rate in iOS vs. Android users in a week-long study

in older adults (23). This difference might be due to the

difference in the duration of our study which lasted over

several months vs. a 1-week long study, in such a way that a

longer study duration allowed for more occasions to practice

and get familiar with potential pitfalls of a specific operating

system.

The final aim was to understand how the rate of completed

EMA surveys from the first two bursts compared to the last two

bursts. We hypothesized that adherence would be significantly

less during burst 3 and 4 due to participant’s reengaging in

activities outside the home after spending more time at home

during the pandemic (30).

Inconsistent with our hypothesis, interestingly, we did not

find a difference in adherence between different time-points

in the pandemic among those participants that did continue

their study participation beyond the study mid-point– those

who remained in the study were as adherent after lifting of

restrictions as the larger group had been during early months

of the pandemic, a finding that is to some extent in line with

a previous finding that early adherence predicted study-long

adherence in adults (3) and contrary to our initial hypothesis

that more activities, as the stay-at-home restrictions lift, might

lead to less adherence. This also adds weight to the

interpretation that participants develop a loyalty towards the

study, as their participation continues, potentially due to

increasing trust and relationships with study personnel.

Strengths of this study include the extended time period

covered during multiple phases of the pandemic and the

availability of detailed pre-pandemic and during-pandemic

baseline and structural variables.

Limitations of our study include the small sample size and

bias of our sample: our sample has a high percentage of

female participants and is not very diverse in terms of race,

ethnicity and socioeconomic background. This is relevant

especially because people from different backgrounds might

have been affected differently by the pandemic. Further, all
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our participants owned their own smartphone, which might

not be the case for socioeconomic environments different

from the US, with rates of smartphone ownership among

older adults below 35% in emerging economies (31), which

further limits the generalizability of our results. Another

factor is our study design that included a bonus payment of

$20 for the completion of more than 85% of surveys, which

was however not very high given the length of the study.

Additionally, it is important to interpret the findings of our

study in the light of relatively few surveys per day (2) and the

possibility for scheduling a time window of 1 h for the

random timing of the surveys, supporting a higher adherence.

Further, it is a highly specific subgroup of participants who

were concurrently enrolled in the MEDEX study that included

some EMA components. However, the MEDEX EMA surveys

were completed on study-provided tablets, while the

StayWELL study used the participant’s smartphone, making

the present EMA experience different to some extent in

regard to the technical aspects. Therefore, participants in our

sample were familiar with completing EMA surveys and had

previously demonstrated good adherence, since all the

recruited participants could be considered previous study

completers and currently active study participants of the

MEDEX study. While we did not assess this question, it was

previously found that the majority of experienced EMA

participants preferred to use their own smartphone vs. study-

provided devices (23), which might add, on top of the

training effect of previous EMA study participation, a

familiarity with handling of the participant’s own phone.

Whether these benefits outweigh the benefits of study-

provided phones in preventing technical difficulties should be

carefully considered in future studies, taking into

consideration also costs of study-phones and the downside of

having to manage two phones at once for the participants. In

addition to familiarity with EMA procedures, the participants

seemed to have found their previous study participation to be

beneficial,, which seemed to motivate them to take part in the

StayWELL study, which is in line with a previous finding, that

previous study participation has led to higher enrollment and

completion of an EMA study compared to inexperienced

participants (23), potentially due to more contact/stronger

relationships with research personnel and positive experiences.

Furthermore, we did not follow up in detail about withdrawal

reasons once withdrawal was communicated. Anecdotally,

some of the detailed reasons related to communication issues

were that some participants were difficult to reach for study

staff via phone, due to e.g. not picking the phone up for non-

identified caller IDs or due to being out/traveling. Reasons

related to technical difficulties included running out of mobile

data on the phone, too high battery drain or that the surveys

did not come through to the phone. Based on individual, not

systematically collected, more detailed feedback, it also

became evident that for some participants it was not clear
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that their surveys would arrive at random times within the

specific 1-hour time interval, and they were irritated because

the surveys did not arrive on time with regular schedules.

Further, the longer break between the second and third burst

led some participants to believe that the study had ended

without timely communication with them.

Future methodological questions arising are how to

address missingness of data, whether to focus on subject

withdrawal or to report adherence in the form of missing

data per participant, since few outliers can have a large effect

on the overall adherence rates (3, 16). Strategies for

averaging data over the day or week have to be considered

carefully, so information is not lost that might be valuable in

predicting changes in adherence (2). Further, additional

factors influencing adherence need to be considered: In EMA

studies in healthy adults (18–65 years), higher anxiety and

depression variables were correlated with lower adherence

(3). A future outlook for our study is therefore to investigate

the relationship of mood states with EMA adherence in

older adults in order to contribute to recommendations how

to best design EMA surveys that assess wellbeing in older

adults (2). Additionally, an important next step will be to

investigate whether these findings also apply to a diverse

group of participants.

To conclude, EMA can potentially reach research

participants unable to attend in-person study visits (e.g. due

to restricted mobility) and allow for immediate collection

with less bias. We hereby demonstrate that EMA surveys in

older adults during unusual circumstances, such as a

pandemic, to assess daily experiences are feasible and that

engagement of older adults with EMA was high and little

impacted by the phase of the pandemic. By investigating the

factors underlying engagement and adherence to assess

mental wellbeing using EMA in older adults in a situation of

reduction of mobility, we identify barriers to consider when

designing digital health technologies for research and clinical

use in older people. We found that withdrawal and

adherence are robust to study alterations and not associated

with staff changes when accounting for study duration. This

should be kept in mind when recruiting participants on the

one hand, but also when building a cohort of participants

and patients that might be willing to participate in several or

longitudinal digital health studies or treatments on the other

hand. We further demonstrate that communication issues

were the largest contributing factor to withdrawal, suggesting

that future digital health interventions should invest in an

easy-to-use communication strategy for participants or

patients that would like to contact their care provider or

study personnel, a recommendation that also applies to

study personnel, for which ease of use of digital platforms

will also be a relevant factor in the success of a study. A

further important finding is that the mobile software used by

participants did not affect adherence or withdrawal, allowing
Frontiers in Digital Health 12

78
for a broad distribution of digital health technologies. Our

study adds information on single predictive variables that

affect compliance to and withdrawal from EMA smartphone

surveys in older people that can inform the design of future

digital survey studies to maximize engagement and reliability

of studies using EMA.
Contribution to the field statement

Digital surveys can potentially reach people unable to attend

in-person visits and allow for immediate collection with less

bias. By investigating the factors that predict withdrawal from

and adherence to a study on mental wellbeing using

smartphone-based, momentary surveys in older adults during

the COVID-19 pandemic, our study adds significant detail to

the limited literature on factors that potentially affect

engagement in this specific population. We demonstrate novel

findings that digital surveys can be a reliable tool during a

pandemic in older adults and that the adherence of older

adults was little impacted by the pandemic. We contribute to

the identification of barriers to the participation in digital

technologies for older people and recommend that future

interventions should invest in an easy-to-use communication

strategy for participants or patients that would like to contact

their care provider or study personnel. Our study adds

information on single predictive variables that affect

compliance to smartphone surveys in older people to inform

the design of future digital health technologies and maximize

engagement and reliability of results of studies using digital

momentary surveys.
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Physical activity measurement in
older adults: Wearables versus
self-report
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and Kaitlin B. Casaletto1*
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San Francisco, CA, United States, 2Department of Psychology, Palo Alto University, Palo Alto, CA,
United States

Physical activity (PA) is associated with preserved age-related body and brain
health. However, PA quantification can vary. Commercial-grade wearable
monitors are objective, low burden tools to capture PA but are less well
validated in older adults. Self-report PA questionnaires are widely accepted
and more frequently used but carry inherent limitations. We aimed to
compare these commonly used PA measures against one another and
examine their convergent validity with a host of relevant outcomes. We also
examined the factors that drive differences in PA self-reporting styles in older
adults. 179 older adults completed 30-day Fitbit Flex2™ monitoring and
reported PA levels via two widely used PA questionnaires: PASE and
CHAMPS-METs (metabolic expenditure calories burned). Participants also
completed measures of cardiometabolic (hypertension diagnosis, resting
heart rate, A1C levels), cognitive (memory, processing speed, executive
functioning), and brain MRI (medial temporal lobe volume) outcomes. The
discrepancy between objective Fitbit monitoring and self-reported PA was
evaluated using a sample-based z difference score. There were only modest
relationships across all PA metrics. Fitbit step count demonstrated a stronger
association with the PASE, whereas Fitbit calories burned was more strongly
associated with CHAMPS-MET. Fitbit outcomes had more consistent
convergence with relevant outcomes of interest (e.g., cardiometabolic and
brain health indices) when compared to subjective measures; however,
considerable heterogeneity within these associations was observed. A higher
degree of overreporting was associated with worse memory and executive
performances, as well as hypertension diagnoses. We build on prior findings
that wearable, digital health indicators of PA demonstrate greater construct
validity than self-report in older adults. We further show important clinical
features (e.g., poorer cognitive status) of older adults that could contribute to
a higher level of overreporting on self-report measures. Characterization of
what PA measures truly operationalize will help elucidate relationships
between most relevant facets of PA and outcomes of interest.
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1. Introduction

Physical activity (PA) is associated with preserved vascular

health, brain structure, and cognition with age (1–3). In the

context of neurodegenerative diseases, active lifestyles are also

linked with less functional decline and reduced risk of

dementia (2, 4, 5). However, physical activity is a broad

construct, and its operationalization can vary widely

depending on the measures employed, possibly leading to

imprecision and/or inconsistencies in the literature linking

physical activity to brain health.

The most commonly utilized measures of PA may capture

several aspects of activity. Actigraphy monitors are useful for

objective assessment of free-living movement levels, ranging

from everyday chores to structured exercise. Given their

relative low cost and user friendly interfaces, commercially

available wearables (like Fitbit actigraphy monitors) have

garnered increasing attention and validation of metrics for

reliable measurement of PA (6, 7). For instance, Fitbit

monitors have demonstrated inter-device reliability with other

actigraphy monitors (i.e., Actigraph GT3X+ accelerometer)

and positive correlations with observed step count and gait

speed on a treadmill (8–10). Within the Fitbit suite of

outcomes, average steps has demonstrated the most robust

validity though there is less validity for energy expenditure as

a measurement of PA (11). However, few studies have been

conducted in older adults who may have varying experience

using wearable devices. As digital health tools expand,

understanding their utility in populations that may be most

vulnerable (e.g., older adults) is needed. Moreover,

considering the importance of engaging in PA for healthy

aging, it important to understand the convergence across

measures, how measures of PA may differ, and what are

predictors of discrepancies between measures.

In the absence of actigraphy metrics, standard self-report

measures of PA are used in older adults to capture more

structured activities and exercise routines (e.g., duration, type

of exercise). The Community Healthy Activities Model

Program for Seniors (CHAMPS) and Physical Activity Scale

for the Elderly (PASE) are two such widely used self-report

questionnaires of PA in older adults. However, these

subjective measures may carry inherent limitations and

capture only segments of PA. For instance, the PASE

evaluates the level of activity (e.g., frequency and duration),

whereas the primary outcome for CHAMPS is metabolic

expenditure. When considering utility, each is relatively quick,

well-validated, and inexpensive to use. PASE has previously

been associated with portable accelerometer readings, walking

steps, and energy expenditure (12, 13). Higher PASE scores

(indicating a greater degree of PA) have also been correlated

with reduced likelihood of cardiometabolic, neurological, and

psychological health conditions (14, 15). PASE has also

demonstrated meaningful associations with health status and
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physiologic measures, such as heart rate and static balance

(13, 16). Similarly, the CHAMPS has been shown to relate to

a host of relevant outcomes, such as physical functioning and

psychological health (17). Similar to the PASE, the CHAMPS

has demonstrated positive associations with total minutes of

movement measured by an accelerometer and corresponding

intensity, as well as measures of fitness capacity (i.e., the

6-min walk test) and lower body physical functioning (i.e.,

Short Physical Performance Battery) (17–19). However, such

self-report tools may be limited by scope and subjectivity. For

instance, self-report measures typically underestimate

sedentary time compared to real-time digital health measures,

such as an accelerometer or inclinometer (20). This is

particularly important when using subjective measurements to

assess older adults with cognitive difficulties, as there is

greater risk of recall bias (21). Furthermore, individuals who

have been encouraged to engage in exercise (e.g., many older

adults by their physicians) have demonstrated the tendency to

engage in more overreporting, perhaps related to well-known

effects of social desirability bias (22).

To date, there is a gap in the literature directly comparing

and evaluating PA as assessed across multiple standardly

employed measures. Studies have not pragmatically

demonstrated how metrics within the Fitbit suite compare

against widely used self-report measures of PA in older adults.

Similarly, research has yet to compare commonly used self-

report measures (i.e., CHAMPS and PASE) alongside a

comprehensive panel of relevant neurologically relevant aging

outcomes (e.g., cognition, MRI outcomes) to characterize their

convergent validity for use in brain aging studies.

Furthermore, it is uncertain whether there are discrepancies in

reporting styles across self-report measures, and if particular

participant characteristics systematically predict older adults

who over or under report. The current study will begin to

elucidate some of these relationships to contribute to our

understanding PA measurement tools in older adults.

In the current study, we aimed to (1) determine the

comparability across commonly used self-reported measures

of physical activity (PA) and Fitbit-based actigraphy metrics,

(2) examine the convergent validity of Fitbit, PASE, and

CHAMPS using a comprehensive panel of demographic,

cardiometabolic, cognitive, and brain structural outcomes, and

(3) examine the person-specific factors that characterize

overreporting on self-report measures We hypothesized that

objective measures of PA via Fitbit would demonstrate the

best construct validity and that the degree of overreporting

would relate to poorer neurobehavioral status.
2. Materials and methods

One hundred seventy-nine older adults enrolled in the

UCSF Memory and Aging Center’s Longitudinal Aging Study
frontiersin.org
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TABLE 1 Descriptive statistics.

n % or M (SD)

Sex, % female 105 58.66%

Race

White 153 85.47%

Black 2 1.12%

Asian 19 10.61%

Other 5 2.79%

Age (years) 179 73.50 (8.23)

Education (years) 179 17.57 (1.85)

Fitbit steps (daily average) 179 7840.77 (3365.11)

Fitbit calories (daily average) 179 1862.27 (426.51)

PASE (possible range 0 to >500) 105 126.10 (60.66)

CHAMPS-MET (max calories burned in a week) 85 4062.76 (2275.75)

Hypertension, % yes 116 37.93%

Resting heart rate (bpm) 165 66.62 (9.51)

Hemoglobin A1C (%, normal range 4.3–5.6) 97 5.47 (0.33)

Technology Familiarity Questionnaire (Q8)d 128 4.50 (0.68)

Technology Familiarity Questionnaire (Q9)e 128 4.86 (0.41)

Memory (z-score)a 124 −0.07 (0.87)

Executive functioning (z-score)c 132 0.77 (0.58)

Processing speed (z-score)b 126 −2.60 (1.58)

Medial temporal lobe volume (voxels, 1 cm3) 72 9.80 (1.05)

Note. N= 175.
az-scores on these tests represent performances compared to the larger

Hillblom Aging cohort of older adults.
bz-score represents performance compared to young adults (20–30 years old).
cz-score derived from EXAMINER normative study group (adults aged 18–80+).
dQuestion 8: “Howmuch difficulty do you have using computers?” (Range 1–5,

1 = extreme difficulty, 5 = no difficulty).
eQuestion 9: “How anxious (or nervous) do you typically feel when using a

computer, tablet, or smartphone?” (Range 1–5, 1 = extremely anxious, 5 = not

anxious).

VandeBunte et al. 10.3389/fdgth.2022.869790
who choose to participate in 30-day Fitbit monitoring (average

daily steps and calories burned), and who completed at least one

measure of self-reported physical activity levels (PASE, n = 105;

CHAMPS-MET, n = 85) were included in the study (see

Table 1). Participants completed comprehensive neurological

and neuropsychological evaluations, as well as structural

neuroimaging, cardiometabolic measures, and a study partner

interview. Following evaluations, participants were reviewed at

a case conference with board certified neurologists and

neuropsychologists. Inclusion criteria for enrollment consisted

of: (1) no current evidence of a memory or neurological

condition (e.g., stroke, epilepsy), (2) no functional decline as

operationalized as a Clinical Dementia Rating (CDR) scale of

0–0.5 via study partner interviews, (3) no history or evidence

of DSM-5 major psychiatric disorders, active substance abuse,

hepatitis C, blindness, deafness, HIV, and syphilis.

Participants had very minimal cardiovascular medical histories

(Myocardial Infarction, n = 4, Cerebrovascular Accident, n = 2,

Transient Ischemic Attack, n = 2; note, all cardiovascular
Frontiers in Digital Health 03
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events occurred >5 years prior to study participation). The

study was approved by the institutional review board of the

University of California, San Francisco and is conducted in

accordance with the latest Declaration of Helsinki, including

written informed consent from all participants.
2.1. Procedure

At the in-person visit, participants neuropsychological

evaluations, brain MRI, self-reported measured, and Fitbit set-

up. Participants then completed 30 days of subsequent Fitbit

monitoring before mailing their device back to study

personnel. All data from Fitbit devices were synced to the

Fitabase platform and data were downloaded for quality

control, cleaning, and analysis.
2.2. Actigraphy monitoring

The FitBit Flex2™ (Fitbit Inc., San Francisco, CA, USA;

https://www.fitbit.com) recorded average daily steps and

calories burned. The FitBit Flex2™ is a thin, flexible, Bluetooth

fitness tracker with no visible record of physical activity

measurements, with a three-axis acceleration sensor, and with

the capability to store 7 days of detailed motion data.

Participants were blinded to all notifications and indication of

the duration of exercise for the 30-day time period. They were

instructed to wear the Fitbit during all waking hours, and to

synchronize nightly with their smartphone via Bluetooth 4.0

before charging at night. In cases where the participant did

not have a Fitbit-compatible smartphone, the Fitbit was

synchronized to an iPad and aggregate daily physical activity

data was collected at the completion of the 30-day period.

Fitbit accounts for each participant were connected to

Fitabase, a platform specifically tailored for wearable research

data management.

Average daily steps and average daily calories burned were

selected as the primary objective outcomes of interest. Fitbit

averages were calculated by taking the average daily steps and

calories burned for the first 20 days of available monitoring

data. Individual days with fewer than 100 steps were removed

from the analyses to control for nonadherence. Participants

were only included if they had at least 14 days of available

monitoring data, and the first 20 days of the 30-day

monitoring data were used in the analyses.
2.3. Physical activity questionnaires

2.3.1. Physical activity scale for the elderly
Self-reported physical activity was measured using the

Physical Activity Scale for the Elderly (PASE), a widely
frontiersin.org
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validated measure of self-reported activity levels for older adults.

Participants were asked to rate the frequency, duration, and

intensity of activity in three domains (leisure, household, and

work-related activity) over the past seven days with the 11-

item questionnaire. Utilizing the scoring manual, activity

scores were computed by multiplying activity frequencies by

the task-specific weights (16). Activity scores were then

summed to obtain a total score representing overall physical

activity level, with higher values indicating greater activity.

2.3.2. CHAMPS-MET
The Community Healthy Activities Model Program for

Seniors physical activity questionnaire (CHAMPS) was

administered to assess the variety of physical activities that

older adult participants may engage in, from less intensive

forms such as walking or stretching to more vigorous exercise

routines (17). The questionnaire includes 41 items to evaluate

the frequency and duration of light, moderate, and vigorous

activities that were performed weekly over the last four weeks.

Participants reported whether they participated in an activity

during the four-week period and then selected the hours per

week spent participating in the activity, rating the duration on

a six-point scale from less than 1 to 9 or more hours. Each

activity corresponds to a metabolic weight or MET value.

Estimated caloric expenditure was calculated by multiplying

the estimated duration of each activity by the corresponding

MET value, in alignment with published guidelines (17).
2.4. Cognitive outcomes

Participants completed a neuropsychological battery

assessing cognitive outcomes hypothesized to be associated

with physical activity (23, 24). This brief standardized battery

has been previously described and validated to be

neuroanatomically sensitive to age-related neurodegeneration

(25, 26).

2.4.1. Episodic memory
Verbal episodic memory was measured by the California

Verbal Learning Test (CVLT-II) and a modified version of the

Benson Figure Memory test. The CVLT-II includes a 16-item

list presented over five learning trials, followed by free and

cued recall of the list after an interference trial, and then

again after a 20-min delay. Following the long delay,

participants were given a list of 44 words and asked to

discriminate between the target word and a distractor item

(recognition trial). Outcome metrics included words correctly

recalled after delays and recognition discrimination

performance.

To assess visual memory, participants were asked to draw

the modified Benson figure from memory after a 10-min

delay. Recall of the figure was scored on a 17-point scale (25).
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Sample-based z-scores were created for outcomes on both

measures and averaged together to create an episodic memory

composite.
2.4.2. Processing speed
Processing speed was assessed through five computerized

tests of reaction time to different visual stimuli (dots, lines,

search, shapes, abstract matching 1, abstract matching 2) (27).

All tasks included a practice trial period where the participant

had to perform at greater than 70% accuracy in order to

continue to the test trials. Sample-based z-scores were created

for each of the five tasks to calculate a processing speed

composite score.
2.4.3. Executive functioning
Executive functions were measured by the NIH EXAMINER

(28). NIH EXAMINER includes a composite score of five

computer-based tests of working memory (dot counting, 1-

back, 2-back), response inhibition (enclosed flanker), and set

shifting (set shifting), and two verbally mediated tests of

generativity (D-word and animal fluency). All computerized

tasks included at least three practice trials.
2.5. Cardiometabolic outcomes

2.5.1. Hemoglobin A1C
Whole blood and serum samples were collected and stored

in 0.5 ml aliquots at −80 °C following baseline 12 h fasting

blood draws, until used for biochemical processing. All

laboratory analyses were performed by UCSF Clinical

Laboratories, a CLIA-certified, CAP-accredited laboratory at

UCSF Mission Bay Hospital. Hemoglobin A1C (HbA1C)

levels were determined from whole blood by means of an

Abbott Architect c8000 enzymatic immunoassay.
2.5.2. Resting heart rate
Participant resting heart rates were measured by a clinician

or study staff. A normal resting heart rate for adults ranges from

60 to 100 beats per minute (29). Elevated heart rate is a risk

factor for cardiovascular morbidity and mortality (30).
2.5.3. Hypertension
Personal medical history, including presence of

hypertension, was collected via self-report during the clinical

history gathering with a neurologist. If the participant did not

report a history of hypertension, but indicated taking an

antihypertensive drug, she/he was asked by the clinician or

study staff if they were prescribed the medication for their

blood pressure. If answered yes, the participant was marked as

having a history of hypertension.
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2.6. Brain MRI

2.6.1. Structural neuroimaging
Magnetic Resonance Imaging (MRI) scans were performed

at the UCSF Neuroscience Imaging Center using a Siemens

Prisma fit 3 T scanner. Magnetization prepared rapid

gradient-echo (MPRAGE) sequences were used to obtain

whole brain T1-weighted images (TR/TE/TI = 2300/2.9/

900 ms, α = 9°). The field of view was 240 mm × 256 mm,

with 1 mm × 1 mm in-plane resolution and 1 mm slice

thickness with a sagittal orientation.

Before processing, all T1-weighted images were visually

inspected for quality control and those with excessive motion or

image artifact were excluded. Magnetic field bias was corrected

using the N3 algorithm (31). Tissue segmentation was

performed using unified segmentation in SPM12 (32). Each

participant’s gray matter segmentation was warped to create a

study-specific template using Diffeomorphic Anatomical

Registration using Exponentiated Lie algebra (DARTEL) (33).

Participants’ native space gray and white matter segmentations

were then normalized and modulated to study-specific template

space using nonlinear and rigid-body transformations. Images

were smoothed using a Gaussian kernel of 4-mm full width half

maximum. Each participant’s segmentation was carefully

inspected to ensure the robustness of the process.

For statistical purposes, linear and nonlinear transformations

between DARTEL’s space and ICBM space were applied (34).

Quantification of volumes in specific brain regions was

accomplished by transforming a standard parcellation atlas into

International Consortium for Brain Mapping (ICBM) space

and summing all modulated gray matter within each

parcellated region of interest (ROI) (35). Total intracranial

volume was calculated for each participant as the sum of the

gray matter, white matter, and cerebrospinal fluid

segmentations. Medial temporal lobe volume was selected as

our brain MRI outcome, as exercise engagement in older adults

has previously been associated with greater volume in this

particular region (36). For the purpose of this study, medial

temporal lobe volumes included the following bilateral regions:

hippocampus, entorhinal cortex, and the parahippocampal gyrus.
2.7. Statistical analyses

First, we examined associations among the four PA measures

(Fitbit steps, Fitbit calories burned, PASE, CHAMPS-MET) with

Spearman’s rank correlations to evaluate comparability. Next, we

evaluated relationships between PA measures with demographic

variables of interest via independent samples t-tests, Spearman’s

rank correlations, and ANOVA. We tested construct validity by

evaluating the relationship between each PA measure and the

cardiometabolic and cognitive outcomes of interest via
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Spearman’s rank correlations or independent samples t-tests

(e.g., HTN diagnosis), as appropriate. Lastly, we examined

relationships between each PA measure and medial temporal

volume outcomes via linear regression modeling adjusting for

total intracranial volume. We reported effect sizes as Spearman’s

correlations, Cohen’s d, or standardized betas, as necessary.

In order to identify the characteristics of older adult

participants who were over or under reporting, we performed

a discrepancy score analysis. Given our data indicated that

Fitbit total steps demonstrated the best construct validity out

of all PA measures examined, we utilized Fitbit total steps as

our “gold standard” metric in these analyses. First, within

participants that completed all three PA metrics (n = 75), we

computed sample-based z-scores for each PA measure (Fitbit

steps, PASE, and CHAMPS-MET). We computed individual

discrepancy scores separately by subtracting Fitbit total steps

z-scores from each self-report PA measure z-score (e.g., PASE

or CHAMPS-MET). Distribution of discrepancy scores

approximated normality (Figure 1). In this manner, higher

discrepancy scores indicated greater overreporting compared

to Fitbit. Next, we evaluated relationships between each

discrepancy score with demographic (i.e., gender, age,

education), cardiometabolic, cognitive, and brain volume

outcomes. We tested relationships and group differences via

independent samples t-tests, linear regression, and Spearman’s

rank correlations. Interpretation of effect sizes was in

alignment with Cohen’s Statistical Power Analysis for the

Behavioral Sciences: coefficients of 0.10 “small,”.30 “medium,”

and those of 0.50 “large” in terms of the magnitude (37).
3. Results

On average, participants were 74 years old, 58% female, and

took 7,841 average daily steps during the monitoring period.

Older age was associated with less physical activity across

metrics, but only reached significance for Fitbit outcomes

(Table 2). Females had lower levels of quantified physical

activity for Fitbit daily steps [t(177) = 2.43, p = 0.02], Fitbit daily

calories [t(177) = 15.77, p < 0.001], and lower reported physical

activity for CHAMPS-MET [t(83) = 2.98, p < 0.001], but not

PASE [t(103) = 0.72, p = 0.47]. Education did not meaningfully

associate with the physical activity metrics (Table 2).
3.1. Associations among physical activity
measures

All of the PA metrics were positively correlated, though

demonstrated only small-to-medium effect sizes (Table 2).

Greater Fitbit step count was more strongly associated with

PASE compared to CHAMPS-MET, whereas Fitbit calories

burned was more strongly associated with CHAMPS-MET
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compared to PASE scores. Self-reported CHAMPS-MET and

PASE scores demonstrated a medium effect size correlation

with one another.
3.2. Cognitive outcomes

Higher Fitbit step count [ρ(132) = 0.28, p < 0.001] and

calories burned [ρ(132) = 0.23, p = 0.01], but not PASE

[ρ(78) = −0.10, p = 0.39] were associated with better
FIGURE 1

Distribution of PASE and CHAMPS discrepancy scores.

TABLE 2 Correlations between physical activity measures, age, and educatio

1. Age 2. Education

1. Age

2. Education

3. Fitbit steps −0.36* 0.02

4. Fitbit calories −0.38* 0.13

5. PASE −0.13 −0.11

6. CHAMPS-MET −0.03 0.04

Note. *Statistically significant at p < 0.05.
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performances on measures of executive functioning.

Unexpectedly, CHAMPS-MET demonstrated an inverse

relationship with executive functioning [ρ(63) = −0.41, p <
0.01]. Only Fitbit measures demonstrated expected positive

associations with processing speed, though effect sizes were

small (ρ range = 0.05–0.07, ps < 0.43). Fitbit step count

[ρ(124) = 0.20, p = 0.03], but not Fitbit calories burned

[ρ(124) = −0.08, p = 0.38], PASE [ρ(76) = −0.26, p = 0.02], or

CHAMPS-MET [ρ(62) = −0.31, p = 0.02] was associated

with better scores on tests assessing memory.
3.3. Cardiometabolic outcomes

Lower resting heart rate was significantly associated with

greater daily calories burned (ρ =−0.29, p < 0.001), but less

strongly with daily steps (ρ =−0.14, p = 0.08) and showed

minimal associations with reported PA as measured by the

PASE (ρ = 0.02, p = 0.85) or CHAMPS-MET (ρ =−0.03, p =

0.80) (Figure 2). Greater Fitbit step count (t = 3.058, p < 0.001),

but not Fitbit calories burned (t =−0.37, p = 0.71), PASE (t =

1.43, p = 0.16) or CHAMPS-MET (t =−1.75, p = 0.09) was

associated with a lower likelihood of hypertension. Each PA

measure demonstrated expected negative associations with

hemoglobin A1C that did not reach statistical significance (ρ

range =−0.01 to −0.17, ps > 0.05).
3.4. Brain MRI outcomes

Lastly, greater Fitbit step count (β = 0.35, p < 0.001) and

calories burned (β = 0.43, p < 0.001), but not PASE (β = 0.15,

p = 0.17) or CHAMPS-MET (β = 0.07, p = 0.56), were

associated with larger medial temporal lobe volumes (see

Figure 3).

Given there were sex and age-related differences, we ran

models adjusting for these factors and the patterns remained

the same, with the exception of the relationship between Fitbit

calories burned and memory, which showed a positive

association (β = 0.31, p = 0.07)
n.

3. Fitbit steps 4. Fitbit calories 5. PASE

0.50*

0.35* 0.20*

0.20 0.31* 0.44*
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FIGURE 2

Physical activity measures with cardiometabolic outcomes. Note. *Statistically significant at p < 0.05.

FIGURE 3

Physical activity measures with cognitive and brain MRI outcomes. Note. *Statistically significant at p < 0.05.
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3.5. Discrepancy scores

Using Fitbit step count as the standard, discrepancy score

analysis showed that females tended to overreport to a greater

degree on both self-report PA scales, though this effect reached

significance only for PASE (PASE Cohen’s d = 0.61, p = 0.02;

CHAMPS Cohen’s d = 0.22, p = 0.45), see Figure 4. Older

age and overreporting showed small associations that
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did not reach significance (ρ range = 0.09–0.17, ps > 0.14).

Additionally, those with a diagnosis of hypertension

overreported on CHAMPS-MET (PASE Cohen’s d = 0.20, p =

0.45; CHAMPS Cohen’s d = 1.02, p < 0.01), see Figure 4.

Generally, worse cognition was associated with greater degree of

overreporting particularly for measures of memory (ρ range =

−0.23 to −0.26, ps = 0.05–0.09) and executive functioning (PASE

ρ =−0.15, p = 0.28; CHAMPS ρ =−0.32, p < 0.01), see Figure 5.
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FIGURE 4

Demographic and cardiometabolic correlates of physical activity overreporting positive discrepancy score indicates greater overreporting). Note.
*Statistically significant at p < 0.05.

FIGURE 5

Cognitive correlates of physical activity overreporting (positive discrepancy score indicates greater overreporting). Note. *Statistically significant at p
< 0.05.
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Decreased medial temporal lobe volume showed small associations

with increased overreporting, though they did not reach statistical

significance (β range =−0.14 to −0.15 ps > 0.19), see Figure 5.
4. Discussion

We build on previous findings that wearable, objective

indicators of PA demonstrate greater overall construct validity

compared to self-report measures now extending to older

adults, and further detail the characteristics that may impact

reporting styles on PA measures. We also highlight several

novel findings on the limited interchangeability of PA metrics.

Both Fitbit steps and calories burned demonstrated more

consistent convergence with relevant outcomes of interest

when compared to subjective measures. These results are

consistent with prior studies in younger adults showing closer

approximation of measuring physical activity with objective

monitors in comparison to self-report (38, 39). Within Fitbit

metrics, step count particularly demonstrated stronger and

more consistent expected associations with each

cardiometabolic, cognitive, and brain volume outcome of

interest compared to calories burned, consistent with previous

studies (11). These findings converge with previous literature

that has demonstrated distinct associations between physical

activity and executive functioning, memory, and MTL volume

(36, 40, 41). While we again identify that objective digital

health measures show preferable construct validity over

subjective measures of physical activity, objective measures still

demonstrated substantial variability with expected outcomes of

interest (e.g., hypertension diagnosis, memory) and more work

is warranted to elucidate factors that contribute to variability

in physical activity metrics for older adults.

Notably, the associations found among the four physical

activity metrics used in this study suggest a lack of cohesion

within the field’s current standard measurement approaches.

For instance, our results demonstrated only modest

relationships across the four physical activity measures (i.e., r

= 0.2–0.30) indicating small variance explained between each

measure (i.e., R2 = 4%–9% variance explained). These data

suggest only minimal overlap among metrics that were

created to quantify the same construct. There was also

variation between Fitbit metrics and their associations with

the self-report measures. Fitbit step count demonstrated a

greater association with subjective reports of physical activity

measured by the PASE, whereas Fitbit calories was more

strongly associated with physical activity measured by

CHAMPS-MET. These findings illustrate an important

implication. While these subjective and objective measures

were intended to capture the same construct, there is clearly

variability in how each measure assesses physical activity.

However, it is worth noting that CHAMPS-MET appears to
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be more closely related to the construct of calories burned, as

expected. It is important to continue to clarify what each

measure is assessing (with regard to physical activity) in order

to pinpoint what factors of physical activity are beneficial in

the context of brain and age-related health.

In addition to variation across the physical activity

measures, our results also indicated considerable

heterogeneity with associations between each activity

measure and outcomes of interest. For example, Fitbit step

count showed a stronger relationship to decreased likelihood

of hypertension, while Fitbit calories demonstrated a

stronger association with lower resting heart rate. Medial

temporal lobe volume, and hemoglobin A1C demonstrated

consistent, expected associations with each measure of PA;

however, effects were small and often did not reach

statistical significance (with the exception of Fitbit metrics

and brain volume). Overall, there was notable variability in

the strength and direction of examined relationships,

particularly between self-reported physical activity measures

and each outcome. This again suggests that physical activity

may be comprised of several constructs that are differentially

tapped into by self-report questionnaires and wearable

devices, and/or there is imprecision when capturing physical

activity across measurement tools. These findings are

particularly relevant in scientific research when comparing

across studies, as these objective and subjective measures do

not appear to be equivalent to one another. Our results

revealed that metrics capturing physical activity intensity via

calories burned (e.g., Fitbit calories, CHAMPS-MET) may

not be interchangeable with metrics of overall movement

(i.e., Fitbit steps, PASE). Our data highlight how challenging

measurement of physical activity can be, and that there is

still room for improvement, even within “gold-standard”

objective measures.

Fitbit steps demonstrated the greatest construct validity.

However, there are still mixed findings in current literature

with regard to its validity and reliability (42). For example,

one study found that Fitbit total steps underestimated

activity in healthy adults walking at faster treadmill speeds,

but overestimated total steps at slower speeds (43).

Similarly, another study found that Fitbit underestimated

caloric expenditure in comparison to CHAMPS (39). The

results of the current study, in conjunction with the

variability in results from previous studies examining

physical activity measures, highlight the importance of

improving the current standard measurements of physical

activity. In addition, these inconsistencies point to a need

for refinement of the operational definitions associated with

each of these physical activity measures to best understand

what they are evaluating.

Notably, more precise measurement and specification of

the broad range of physical activity constructs currently
frontiersin.org

https://doi.org/10.3389/fdgth.2022.869790
https://www.frontiersin.org/journals/digital-health
https://www.frontiersin.org/


VandeBunte et al. 10.3389/fdgth.2022.869790
being utilized would allow for greater understanding of the

specific movement patterns that are most critical for brain

health. To date, there is not strong evidence for a particular

movement (e.g., walking) or intensity (calories burned, heart

rate during exercise) that is most impactful for brain health

trajectories. For example, in a meta-analysis of exercise

randomized control trials (RCTs) in older adults, type of

exercise was not a significant predictor of cognitive benefit

(44). Indeed, activities ranging from tai chi to jogging

demonstrated comparable benefit. Some of the earliest

evidence linking physical activity with cognitive aging

demonstrated beneficial effects even with low impact

activities, such as walking (45). However, several

epidemiologic and RCTs indicate that cardiorespiratory

activities aimed at increasing VO2 max may be particularly

beneficial for cognitive outcomes and future dementia risk

(2, 46, 47). Nonetheless, more work needs to be done in this

area to understand what particular aspects of physical

activity are most important for brain health.

Because of the degree of variability found within

associations between measures of physical activity and

important outcomes, we elected to more closely examine

which factors could be driving these relationships. More

specifically, we leveraged a discrepancy score analysis to

identify factors that characterize participants who may

overreport on physical activity questionnaires. The results

demonstrated a greater degree of overreporting in females,

particularly for the PASE. This finding may impact the

ability of studies to determine sex-related differences in

physical activity for brain and age-related health. In

addition, participants who were most discrepant generally

had higher levels of physical activity across all measures,

which may suggest that self-report measures are less

accurate in detecting physical activity levels for those who

are very active.

We also found that individuals who engaged in the

greatest degree of overreporting were older adults who

performed worse on cognitive assessments, suggesting

subjective measures may be systematically confounded by

cognitive ability when assessing activity level in the aging

population. This finding converges with prior studies

demonstrating that utilization of self-report measures in

older adults for measuring physical activity is less accurate

(48). In addition, cognitive functioning declines with age as

a group, which in turn may increase risk of inaccurate

responses on self-report measures (49). In addition to

decline in cognition, a greater degree of overreporting was

also associated with smaller medial temporal lobe volume.

Generally, our findings demonstrated that individuals with

poorer vascular and cognitive health tended to overreport

to a greater degree. These novel findings increase our

understanding of possible factors that could be contributing
Frontiers in Digital Health 10
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to reporting bias in older adults, namely their vascular and

cognitive health. Future studies should examine whether

these discrepancy scores could be used to predict

individuals at risk for adverse brain aging.

Our study is not without limitations. Simply wearing a Fitbit

may have increased participants’ motivation to move, which

could lead to possible a possible confound in our data.

However, we noted that all feedback from the Fitbit was

removed from the device so participants were otherwise

blinded to real time activity levels. Our sample was not

representative of the general population, with 85 percent of

participants identifying as White, limiting generalizability.

Furthermore, our sample was relatively small and had some

variability across measures, which may have biased the

outcomes. There are also inherent biases that can occur when

utilizing digital technology with older adults; notably, data

collection is contingent on successful device use, which may

be impacted by technology familiarity. Therefore, study

findings have limited generalizability to older adults with low

levels of technology literacy. In addition, the high educational

attainment of this cohort also impacts our generalizability and

is particularly important considering higher education has

been associated with lower risk of developing

neurodegenerative disease. It is possible that our results are

limited by a slight gap in time between obtaining self-report

data and gathering metrics from Fitbit monitors. At the visit,

participants reported physical activity from the last seven days

via PASE, and from the prior 30 days via CHAMPS. Fitbit

monitoring took place in the following 30 days post visit.

However, physical activity levels are a generally stable trait

(50), so it is unlikely this time discrepancy significantly

affected our findings.

Our study is also limited by the lack of other “gold-

standard” objective measures of physical activity and fitness,

such as the 6-min walk or a research-grade accelerometer

(e.g., Actigraph GT3X+). With these other objective measures,

we could have more comprehensively examined Fitbit as an

actigraphy metric. In addition, a longitudinal study design

would have provided the opportunity to understand the

reliability of subjective and objective PA measures over time

and meaningfully track changes in cognitive and vascular

health related to physical activity.

Without precision and specificity, it is difficult to pinpoint

which aspects of physical activity contribute to brain health.

Our results suggest that objective quantification of physical

activity demonstrates the best validity and high clinical

relevance. Moreover, issues regarding reporting bias may be

especially important in older adults with lower vascular,

cognitive and brain structural statuses. These findings also

begin to broaden our understanding of what physical

activity metrics represent to facilitate better-informed

recommendations for healthy aging.
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The role of home medication
storage location in increasing
medication adherence for
middle-aged and older adults
Lisa Gualtieri*, Eden Shaveet, Brandon Estime and Avi Patel

Department of Public Health and Community Medicine, Tufts University School of Medicine, Boston,
MA, United States

Background: Over 50% of US adults do not take their prescriptions as
prescribed, which is responsible for 33%–69% of hospital admissions and
125,000 deaths annually. Given the higher prevalence of prescription drug
use among middle-aged and older adult populations, promoting medication
adherence is of particular importance with these age groups. Two
speculated facilitators of medication adherence are home medication
storage location and the use of digital health devices.
Objective: Our objective was to use survey data to investigate the associations
between medication storage location and medication adherence among adults
40 years and older. Additionally, we aimed to report preliminary findings about
the associations between use of devices and medication adherence in this same
population.
Methods:Weconductedprimaryanalysis of data sampled fromahomemedication
management survey deployed in November 2021 (n=580). We conducted
exploratory analyses by way of chi2 tests and creation of bivariate logistic
regression models.
Results: The most commonly used storage locations by our sample were
nightstand drawers (27%), kitchen cabinets (25%), and atop bedroom nightstands
(23%). Several medication storage locations were significantly associated with
decreased odds of having ever forgotten to take a medication, including kitchen
drawers, in refrigerators, atop bedroom nightstands, in nightstand drawers, and
backpacks, purses, or bags. Two home medication storage locations were
significantly associated with increased odds of having ever forgotten to take a
medication: kitchen cabinets and bathroom vanities. Further, most (94%) survey
respondents indicated they would be receptive to guidance about where to
store their medications.
Conclusions: Given that some home medication storage locations are associated
with adherence, an intervention to guide storage location selection may support
increased adherence, especially with high receptivity expressed for such guidance.
Increased adherence may also accrue from device usage paired with optimized
home medication storage location. We plan to investigate that further, as well as
how new device designs can incorporate contextual cues related to location to
promote medication adherence more effectively in middle aged and older adults.
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Introduction

Definition and importance

Medication adherence, the extent to which a patient follows

a stipulatory medication treatment plan, is crucial to the success

of patient care and is indispensable in reaching clinical goals (1).

However, only 50% of people adhere to medication guidelines

(2), posing substantial risk to patient health and safety.

Medication nonadherence is responsible for as many as 33%–

69% of hospital admissions and 125,000 deaths annually (3).

Other consequences of medication nonadherence include

waste of medication, disease progression, and a lower quality

of life overall (4). There is a rising trend in medication

nonadherence across all age, sex, and racial groups in the

United States (5), which is particularly concerning for middle-

aged and older adults as the likelihood to be prescribed long

term medications increases with age (6, 7).

Medication nonadherence, while well-studied, continues to

be a vexing issue for clinicians and researchers (2, 8). In 2003,

the World Health Organization (WHO) indicated that

improved medication adherence interventions may have greater

impact on population health than specific medical treatments

(9). Known barriers to medication adherence include out-of-

pocket costs of medications, physical difficulties obtaining a

medication supply, and difficulty following intake guidance (10,

11). Patients facing multiple, co-occurring barriers are even less

likely to adhere to prescribed medications (12).
Home medication management

Given the importance of contextual cues and mental

associations in developing routines (13), medication storage

locations may be a vital component of improving medication

adherence across populations. In the process of habit

formation, settings associated with certain behaviors may

influence an individual’s actions to deviate from conscious

motivation (14). External contextual cues in a person’s

environment trigger an automatic response that promotes

habit formation (15). Previous work exploring strategies for

medication adherence found that reliance on multiple cues

may have a beneficial impact on adherence to medication

regimens (16). Locations where medications are frequently

stored may have the capacity for a plethora of contextual cues.

Understanding a patient’s home medication management

routine, including home medication storage location selection,

may be needed for more effective medication management

and strategic placement of devices that serve to dispense or

remind to take medications. For example, devices that rely on

auditory or visual cues need to be in locations where patients

can hear or see the alerts and notifications. While home

medication management is well-studied in relation to patient
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safety (17), less is known about the role of home medication

storage location in medication adherence.
Patients and locations of interest

Behavior change theories such as the Rubicon model of

action phases suggest that the level of intent in improving

medication adherence should be considered when developing

medication adherence interventions (18). According to this

model, interventions are most effective when an individual

intends to be adherent to their medication but only needs

additional support and guidance to do so (19). As a result of

exploring this theory, our primary interest is in patients who

do not face well-documented barriers to medication adherence,

such as cost and access (11), and intend to be adherent, yet

still struggle to achieve adherence (19).

Our population of interest is middle-aged and older adults

as this demographic is more likely to take one or more

prescription medications compared to other age groups (20).

For some health conditions, such as hypertension and

diabetes mellitus, a patient’s older age may also impact their

level of adherence (21).

Our location of interest is in patients’ homes as more

medications are taken at home than in hospitals and clinics

combined (1, 22). Our research focuses on understanding the

barriers to medication adherence in the home to design aids

that increase adherent behavior. We explore this by first

understanding where patients store their medications, and

then by investigating how patients select these locations. We

then investigate whether the locations themselves or the

determinants of selection correlate with adherence. Finally, we

examine factors related to home medication management

including the use of digital aids to help with adherence.
Home medication storage locations

Prior research into home medication storage has examined

location with respect to safety, climatic conditions, and routines

(23–25); however, the impact of home storage locations on

medication adherence is understudied in literature. A study of

medication storage conditions found that, of 170 participants

aged 65 and older, 76% complied with drug product label

recommendations for temperature, light, and humidity (26). A

study on medication disposal found that 81.5% of respondents

in 445 telephone interviews had prescription medications and

almost all the respondents indicated that there were excess

and leftover medications in their homes (23). Another study

on safe medication storage surveyed 1,074 people aged 50–80

with grandchildren aged 0–17 (27). Their findings indicated

that 89% of respondents had prescription medications in their

homes and 84% reported that they kept their medications in
frontiersin.org
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the same place they typically store them when their

grandchildren visited (27).

MedlinePlus, an online information service produced by the

United States National Library of Medicine, suggests storing

medications in the dresser drawer, kitchen cabinet, storage

box, shelf, or closet (28). Although they do not reference

medication storage location relative to medication adherence,

they state that location plays a role in medication effectiveness

and safety. With 418 million users in 2021 (29), MedlinePlus,

and services like it, could influence medication storage

decisions.

A few studies have addressed the role of strategies,

routines, and habit formation in establishing a successful

medication regimen (16, 30). One study found that older

adults employ both internal (e.g., use of mental associations)

and external (e.g., use of physical objects and/or locations)

strategies to remember to take their medications (16).

Another study considered the use of contextual cues as an

aid to develop a new behavior, reporting that patients who

store their medications in locations that are conducive to

their routines were more likely to be adherent to their

medication regimens (13). Behavioral interventions that

provided counseling on adherence strategies considered the

storage of medications only as a cue to remind individuals to

maintain adherence (31, 32), yet their effect was modest.

Survey respondents who used visible cues throughout the

day were unable to remember whether they had taken their

medication (13).

Several efforts have been dedicated to the development and

use of devices to improve medication adherence, including

designing digital health devices and apps to dispense

medication and/or remind users that it is time to take

medication (13). However, simple, low-cost devices have yet

to produce clinically impactful outcomes (33). There is an

increasing number of devices aimed at improving adherence,

yet sub-optimal placement of these devices in the home may

lead to less efficacious changes in adherence.

No study has evaluated the relationship between

medication storage locations and adherence nor the

relationship between storage location and device use. Given

these gaps in the literature, we designed and deployed a

survey to learn more about medication management in the

home. Namely, we aimed to assess whether there exists a

bivariate relationship between home medication storage

location and self-reported medication adherence.

Additionally, we aimed to assess the bivariate relationships

between use of digital devices for medication intake

reminders and self-reported medication adherence. Our first

hypothesis is that middle-aged and older adults store their

medications in multiple locations while our second

hypothesis is there is an association between home

medication storage locations and self-reported medication

adherence.
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Methods

Study sample

We collected data via deployment of the Home Medication

Management Survey, designed by members of the Digital

Health Research Group at Tufts University, and fielded

between November 18 and December 14, 2021. We deployed

the survey in English via Google Forms, an online, cloud-

native survey-development platform that encrypts files in

transit and at rest (34). We recruited participants via

informational posts on social media platforms, including

Twitter, Facebook, Instagram, and LinkedIn, and via the

Osher Lifelong Learning Institute at Tufts University

electronic mailing list, which reaches an audience of around

2,000 older adults, primarily in the Greater Boston area.

Eligible participants for the survey were 18 years of age or

older with access to an internet-enabled device. Upon

completion of the survey, participants could elect to enter a

drawing for one of five Amazon gift cards valued at $25. All

study protocols were reviewed and approved by the Tufts

University Health Sciences Institutional Review Board in

Boston, MA.
Procedures

We recorded a total of 1,966 survey responses at the close of

the survey and deemed 1,673 (85%) of responses to be valid after

excluding responses on suspect of fraudulence. Dropped

responses met any of the following exclusion criteria: responses

that were not in English (49 responses dropped); consecutive

sets of identical responses posted at the same time (132

responses dropped); responses containing an abnormal email

address for the drawing that included a long string of numbers

we suspected to be fraudulently generated (19 responses

dropped); or responses that included suspicious identical open-

text responses within the same day (83 cases dropped).

Of the 1,673 remaining eligible responses, our study sample

for this paper was middle-aged and older adults meaning

respondents indicating an age of 40 years or older (n = 580).

We selected this age range to adhere with the centers for

disease control and prevention’s inclusion of 40–79 years in

their report of prescription drug use (35). However, we did

not exclude respondents 80 years of age and older for sample

size considerations.
Measures

We designed survey questions to learn about respondents’

experiences with medication management in the home.
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Questions assessed use of aids to adherence, perceived

importance of adherence, self-reported adherence, as well as

demographic items.

Demographic variables
Demographic items included in our analysis were age in

years by decade (40–49, 50–59, 60–69, 70–79, 80–89, 90+),

race and ethnicity (multi-select categorical item), sex, and

highest level of education completed. Table 1 displays the

demographic distribution of our sample.

Digital medication reminders
We derived our measures indicating use of digital and non-

digital medication reminder methods from two survey items

from which respondents could select all that applied: non-

digital methods (“Written notes,” “Post-it notes,” “Calendar,”

“Chart,” “Pillbox”) and digital methods (“Smartphone app,”

“Smartphone alarm,” “Siri,” “Alexa,” “Smartwatch,”

“Electronic pill dispenser,” “GlowCap or attachment to pill

bottle”).

Perceived importance of medication adherence
We measured perceived importance of medication

adherence on a five-point Likert scale ranging from “not at all

important” to “very important” in response to a survey item

asking, “How important is it for you to take your medication

as prescribed?”.

Medication adherent behavior
We derived our variables assessing medication adherence

from questions which used memory of intaking a medication

as a proxy for adherence (36). Our variables were

dichotomous (“yes”, “no”) in response to survey items asking,

“Have you ever forgotten to take a medication?” and “In the

past two weeks, have you forgotten to take a medication?”.

Medication storage location
We derived our variable for storage locations of medications

taken regularly from a survey item (“Where in your home do

you store your prescriptions that you take on a regular

basis?”) to which respondents could select all that applied:

“Kitchen table,” “Kitchen cabinet,” “Kitchen counter,”

“Kitchen drawer,” “In the refrigerator,” “On the bathroom

vanity,” “In the vanity drawer or cabinet,” “Bathroom

medicine cabinet,” “On top of the bedroom nightstand,” “In

the nightstand drawer,” “Desk,” “Dining room table,”

“Backpack, purse, or bag,” “Closet,” and an open-text

selection for unlisted locations. We categorized open-text

responses indicating use of already existing values as those

values accordingly via consensus coding to promote interrater

reliability. Table 2 displays the storage selection distribution

for our sample.
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Receptivity to storage location guidance
We measured receptivity to storage guidance using a survey

item (“If you received a new prescription, would you be open to

receiving guidance on where to store the medication?”) to which

respondents could select all that applied (“Yes, from my

physician,” “Yes, from my pharmacist,” “Yes, on an app or

website,” “Yes, in a brochure,” “No”). We consolidated all

“yes” responses into a binary variable indicating guidance

receptivity to one or more listed sources (physician,

pharmacist, mobile app or website, or brochure). We cleaned

“No” responses by excluding any response for whom a “Yes”

response was also given for the item.
Analysis

We assessed relative frequencies for all sample

characteristics and variables listed in our Measures subsection.

We conducted bivariate analyses for digital medication

reminder method variables and variables indicating adherent

behavior to medications taken regularly, receptivity to

medication storage guidance, and medication storage locations

currently in use by respondents. Analyses included chi2 tests

of homogeneity of proportions and bivariate logistic

regression models.
Results

Sample characteristics

Respondents in our middle-aged and older adult sample

were 59% female and 40% male. Less than 1% of respondents

identified with a non-listed sex. Respondents ranged from 40

to over 90 years old with most (64%) between the ages of 40

and 59 years. Most respondents self-identified as white (76%).

Of white respondents (n = 439), the vast majority (95%)

selected no other race or ethnicity. Just over 12% of the

sample identified as American Indian or Alaskan Native, 7%

identified as Black or African American, 5% identified as

Asian, 5% identified as Hispanic or Latino, 2% identified as

Native Hawaiian or Pacific Islander, and less than 1%

identified with an unlisted race or ethnicity. Respondents’

education levels varied, though most respondents (60%)

identified as having obtained a bachelor’s, master’s, or

professional degree (Table 1).
Digital medication reminders

Over half of respondents (56%) indicated that they use

digital methods to remember to take their medication. The

most common digital methods reported included use of
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TABLE 1 Sample characteristics by self-reported adherence (n = 580).

Overall N (%) Ever forgot to take a
medication (row %)

Recently forgot to take a
medicationa (row %)

Characteristic Yes No chi2* p Yes No chi2* p

Overall 580 (100) 72 28 35 65

Age by decade

40–49 244 (42) 59 41 38.76 <0.001 39 61 8.36 0.079

50–59 127 (22) 75 25 35 65

60–69 82 (14) 85 15 37 63

70–79 84 (14) 86 14 23 77

≥ 80b 43 (7) 81 19 28 72

Race/Ethnicityc

White 439 (76) 75 25 10.20 0.001 32 68 5.37 0.02

American Indian or Alaskan Native 70 (12) 49 51 20.65 <0.001 36 64 0.05 0.817

Black or African American 41 (7) 63 37 1.44 0.231 49 51 3.99 0.046

Asian 27 (5) 85 15 2.59 0.108 59 41 7.69 0.006

Hispanic or Latino 27 (5) 74 26 0.09 0.766 44 56 1.24 0.265

Native Hawaiian or Other Pacific Islander 12 (2) 75 25 0.07 0.789 67 33 5.62 0.018

Sexd

Female 345 (59) 77 23 12.87 0.002 34 66 3.96 0.138

Male 233 (40) 64 36 35 65

Highest Education Completed

<High school diploma or equivalency 17 (3) 82 18 34.72 <0.001 59 41 12.30 0.056

High school diploma or equivalency 45 (8) 53 47 38 62

Some college 82 (14) 51 49 32 68

Associate’s degree 47 (8) 68 32 49 51

Bachelor’s degree 160 (28) 74 26 29 71

Master’s or professional degreeb 183 (32) 80 20 33 67

Doctoral degree 46 (8) 83 17 39 61

Digital Reminder Methods Usedc

Any digital methode 325 (56) 60 40 48.46 <0.001 36 64 0.48 0.489

Smartphone app or alarmb 224 (39) 63 37 14.69 <0.001 37 63 1.07 0.301

Apple Siri 86 (15) 45 55 34.06 <0.001 35 65 0.01 0.932

Amazon Alexa 42 (7) 60 40 3.22 0.073 50 50 4.83 0.028

Smartwatch 86 (15) 59 41 7.44 0.006 40 60 1.14 0.285

Electronic pill dispenser 73 (13) 58 42 8.06 0.005 45 55 4.25 0.039

GlowCap or attachment to pill bottle 22 (4) 55 45 3.25 0.071 41 59 0.42 0.518

No digital methods 255 (44) 86 14 48.46 <0.001 33 67 0.48 0.489

Perceived importance of medication adherence

Not at all or not very importantb 11 (2) 64 36 28.45 0.274 36 64 35.40 <0.001

Neutral 52 (9) 83 17 62 38

Important 197 (34) 72 28 43 57

Very important 320 (55) 70 30 25 75

Receptivity to storage guidancec

Receptive to guidance from at least one listed sourcee 545 (94) 71 29 0.14 0.712 35 65 0.15 0.695

From physician 317 (55) 73 27 0.35 0.556 34 66 0.003 0.957

From pharmacist 383 (66) 73 27 1.34 0.247 31 69 4.96 0.026

From mobile application or website 111 (19) 79 21 4.03 0.045 32 68 0.53 0.467

From printed material (brochures) 130 (22) 88 12 23.54 <0.001 34 66 0.03 0.862

(continued)
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TABLE 1 Continued

Overall N (%) Ever forgot to take a
medication (row %)

Recently forgot to take a
medicationa (row %)

Characteristic Yes No chi2* p Yes No chi2* p

Not receptive to guidance from any listed sourcef 35 (6) 74 26 0.14 0.712 31 69 0.15 0.695

aDefined as forgetting to take a medication in the last two weeks.
bValues combined due to small sample size or similarity.
cNon-mutually exclusive; single respondent may fall into several categories, except for composite values.
d < 1% identified with an unlisted sex.
eComposite variable or value.
fDerived from absence of value selection.

*Pearson chi2; P-value denotes likelihood of observed chi2 assuming homogeneity of proportions. For non-mutually-exclusive items, chi2 is calculated for each

selection as a binary value by the binary adherence proxy.

TABLE 2 Home medication storage location by self-reported adherence (n= 580).

Overall N (%) Ever forgot to take a
medication (%)

Recently forgot to take a
medication** (%)

Home medication storage location Yes No chi2* P Yes No chi2* P

Overall 580 (100) 72 28 35 65

Kitchen table 58 (10) 67 33 0.59 0.443 48 52 5.43 0.02

Kitchen cabinet 146 (25) 78 22 4.09 0.043 44 56 7.55 0.006

Kitchen counter 90 (16) 69 31 0.37 0.542 38 62 0.51 0.474

Kitchen drawer 80 (14) 59 41 7.47 0.006 40 60 1.25 0.26

In refrigerator 82 (14) 61 39 5.25 0.022 38 62 0.47 0.495

On bathroom vanity 80 (14) 90 10 15.52 <0.001 36 64 0.13 0.72

In vanity drawer or cabinet 81 (14) 67 33 1.10 0.293 31 69 0.55 0.46

Bathroom medicine cabinet 112 (19) 71 29 0.07 0.791 33 67 0.13 0.72

Atop bedroom nightstand 135 (23) 61 39 10.1 0.001 38 62 0.85 0.358

In the nightstand drawer 158 (27) 56 44 24.72 <0.001 25 75 8.08 0.004

Desk 80 (14) 50 50 21.18 <0.001 33 67 0.16 0.688

Dining room table 46 (8) 61 39 2.8 0.094 37 63 0.14 0.713

Backpack, purse, or bag 64 (11) 58 42 6.67 0.01 42 58 1.89 0.169

Closet 24 (4) 79 21 0.71 0.398 29 71 0.31 0.576

Unlisted location (alone)*** 14 (2) 100 0 5.7 0.017 36 64 0.01 0.922

*Pearson chi2; P-value denotes likelihood of observed chi2 assuming homogeneity of proportions. For all values, chi2 is calculated for each selection as a binary value

(only affirmative displayed) by the binary adherence proxy.

**Defined as forgetting to take a medication in the last two weeks.

***Inclusive of uncategorizable responses for which a categorizable response was not also provided by the respondent.
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smartphone applications or alarms (39%). The least common

digital method reported was the use of pill bottle attachments,

such as GlowCaps (4%).
Perceived importance of medication
adherence and adherent behavior

Most respondents (89%) indicated that they felt taking

medication as prescribed was “important” or “very important,”

and 65% had not forgotten to take a medication in the two
Frontiers in Digital Health 06
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weeks prior to survey. Over 71%, however, indicated that they

had forgotten to take a medication at least once in their lives.

Of those who had ever forgotten to take a medication (n =

415), almost half (48%) had forgotten to take a medication in

the two weeks prior to responding to the survey.
Home medication storage locations

The most popular home medication storage locations for

medications taken regularly by our sample included
frontiersin.org
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TABLE 3 Bivariate associations between home medication storage
location and self-reported medication adherence.

Home Medication
Storage location

Ever forgot to
take a

medication

Recently forgot to
take a

medication**

OR (95% CI) OR (95% CI)

Kitchen table 0.8 (0.45–1.42) 1.9 (1.1–3.28)*

Kitchen cabinet 1.57 (1.01–2.45)* 1.71 (1.16–2.51)*

Kitchen counter 0.86 (0.53–1.4) 1.19 (0.74–1.89)

Kitchen drawer 0.51 (0.31–0.83)* 1.32 (0.81–2.14)
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nightstand drawers (27%), kitchen cabinets (25%), and atop

bedroom nightstands (23%). Despite the name, only 19% of

our sample stored medication in medicine cabinets. Other

locations included kitchen counters (16%), in refrigerators

(14%), in vanity drawers or cabinets (14%), inside of

bathroom vanities (14%), in kitchen drawers (14%), inside or

on top of desks (14%), in backpacks, purses, or bags (11%),

on kitchen tables (10%), on dining room tables (8%), and in

closets (4%). Less than 3% of respondents stored medications

principally in unlisted locations (Table 2).
In refrigerator 0.57 (0.35–0.93)* 1.18 (0.73–1.92)

On bathroom vanity 4.12 (1.94–8.76)* 1.09 (0.67–1.79)

In vanity drawer or cabinet 0.76 (0.46–1.26) 0.83 (0.5–1.37)

Bathroom medicine cabinet 0.94 (0.6–1.48) 0.92 (0.6–1.43)

Atop bedroom nightstand 0.52 (0.35–0.78)* 1.21 (0.81–1.8)

In the nightstand drawer 0.38 (0.26–0.56)* 0.56 (0.37- 0.84)*

Desk 0.33 (0.21- 0.54)* 0.9 (0.55–1.49)

Dining room table 0.59 (0.32–1.1) 1.12 (0.6–2.1)

Backpack, purse, or bag 0.5 (0.29–0.85)* 1.45 (0.85–2.45)

Closet 1.53 (0.56–4.18) 0.77 (0.32–1.9)
Receptivity to storage guidance

Most respondents (94%) indicated that they would be

receptive to guidance about where to store their

medications, with most preferring guidance from

pharmacists (66%) followed by guidance from physicians

(55%). Fewer (19%) indicated that they would be receptive

to guidance delivered on a digital platform, such as websites

or mobile applications.
*P < 0.05.

**Defined as forgetting to take a medication in the last two weeks.
Bivariate analyses

Medication storage locations and
medication adherence

Several home medication storage locations were

significantly associated with decreased odds of having ever

forgotten to take a medication, including kitchen drawers

(OR: 0.51, 95% CI: 0.31–0.83), in refrigerators (OR: 0.57,

95% CI: 0.35–0.93), atop bedroom nightstands (OR: 0.52,

95% CI: 0.35–0.78), in nightstand drawers (OR: 0.38, 95%

CI: 0.26–0.56), desks (OR: 0.33, 95% CI: 0.21–0.54), and

backpacks, purses, or bags (OR: 0.5, 95% CI: 0.29–0.85).

Two home medication storage locations were significantly

associated with increased odds of having ever forgotten to

take a medication: kitchen cabinets (OR: 1.57, 95% CI: 1–

2.45) and bathroom vanities (OR: 4.12, 95% CI: 1.94–

8.76). All remaining home medication storage

locations were not associated with having ever forgotten to

take a medication.

Far fewer home medication storage locations were

significantly associated with having forgotten to take a

medication in the two weeks prior to survey. Only one

location was significantly associated with decreased odds of

forgetting to take a medication in the two weeks prior to

survey: nightstand drawers (OR: 0.56, 95% CI: 0.37–0.84).

Two locations were significantly associated with increased

odds of forgetting to take a medication in the two weeks

prior to survey: kitchen tables (OR: 1.9, 95% CI: 1.09–

3.28) and kitchen cabinets (OR: 1.71, 95% CI: 1.16–2.51)

(Table 3).
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Use of digital reminder methods and
medication adherence

Bivariate analyses revealed statistically significant

associations between use of any digital medication reminder

methods (composite variable) and having ever forgotten to

take a medication (p < 0.001, chi2). Affirmative indication of

having used any digital method was significantly associated

with decreased odds of having ever forgotten to take a

medication (OR: 0.24, 95% CI: 0.16–0.36). Significant

associations were not observed between use of digital methods

(composite variable) and forgetting to take a medication in

the two weeks prior to survey.

Digital medication reminder methods significantly

associated with decreased odds of having ever forgotten to

take a medication included use of smartphone applications

and alarms (OR: 0.49, 95% CI: 0.34–0.71), Apple Siri (OR:

0.26, 95% CI: 0.16–0.42), smartwatches (unadjusted OR: 0.52,

95% CI: 0.32–0.84), and electronic pill dispensers (OR: 0.49,

95% CI: 0.29–0.81). Use of other listed digital methods

(Amazon Alexa and electronic attachments to pill bottles)

were not significantly associated decreased odds of with

having ever forgotten to take a medication.

Interestingly, while no digital reminder methods were

significantly associated with decreased odds of having forgotten

to take a medication in the two weeks prior to survey, some

digital methods were associated with increased odds, including

Amazon Alexa (OR: 2, 95% CI: 1.07–3.77) and electronic pill

dispensers (OR: 1.68, 95% CI: 1.02–2.76) (Table 4).
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TABLE 4 Bivariate associations between Use of digital reminders and
self-reported medication adherence.

Digital reminder method Ever forgot
to take a
medication

Recently forgot
to take a

medication**

OR (95% CI) OR (95% CI)

Any digital reminders*** 0.24 (0.16–0.36)* 1.9 (1.1–3.28)

Smartphone app or alarm 0.49 (0.34–0.71)* 1.2 (0.85–1.71)

Apple Siri 0.26 (0.16–0.42)* 1.02 (0.63–1.65)

Amazon Alexa 0.56 (0.29–1.06) 2 (1.07–3.77)*

Smartwatch 0.52 (0.32–0.84)* 1.29 (0.81–2.07)

Electronic pill dispenser 0.49 (0.29–0.81)* 1.68 (1.02–2.76)*

GlowCap or attachment to pill bottle 0.46 (0.2–1.09) 1.33 (0.56–3.17)

No digital methods 4.19 (2.75–6.38)* 0.89 (0.63–1.25)

*P < 0.05.

**Defined as forgetting to take a medication in the last two weeks.

***Composite variable.
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Discussion

Importance of and self-reported
adherence

Most respondents (89%) indicated that they felt taking

medication as prescribed was “important” or “very

important,” indicating that they may be more likely to be

receptive to medication adherence interventions. As

previously stated, adherence in this study was defined as

having ever or recently forgotten to take a routine

medication (36). Most respondents (65%) had remembered

to take all medications in the two weeks prior to survey.

Over 70%, however, indicated that they had forgotten to

take a medication at least once in their lives. It is crucial

that we explore how these findings relate to other studies

that have explored both medication adherence and

nonadherence (37).
Home medication storage locations

We found that the most commonly used storage locations

for medications taken regularly by our sample were

nightstand drawers (27%), kitchen cabinets (25%), and atop

bedroom nightstands (23%). These exploratory results offer

support to our first hypothesis that patients utilize a variety of

home storage locations to store their medications. In future

work, we will learn more about the reasons and motivations

underlying these choices. We suspect that some reasons may

be related to home conditions unexplored in this research. For

example, bedside nightstands, by virtue of where they are

placed in the home, may be ideal for private medication

storage over locations in communal areas. Climactic
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requirements or safety considerations unexplored in this

research may also be factors.

The University of Michigan National Poll on Healthy Aging

is the only previous study that considered storage location,

although their study interest was grandchild safety (27). In

total, 1,074 adults aged 50–80 with a grandchild aged 0–17

complete the University of Michigan National Poll, while 580

adults aged 40 and older completed our study analyzed here.

In the two studies, researchers gave respondents different lists

of location options to choose from and the naming was also

different for some of the locations (e.g., “kitchen cabinet”

compared to “cupboard or cabinet”). The locations reported

from the Tufts University School of Medicine and the

University of Michigan National Poll on Healthy Aging

surveys differ greatly, which we attribute to the options

available to respondents. Neither survey asked about the

characteristics of the locations nor the determinants of

location selection.

Our exploratory analyses suggest significant bivariate

associations between several home medication storage

locations and decreased odds of having ever forgotten to take

a medication, including atop nightstands and inside

nightstand drawers. Other locations, including kitchen

cabinets, were associated with increased odds of having ever

forgotten to take a medication. Fewer locations were

associated with decreased odds of having forgotten to take a

medication in the two weeks prior to survey. These findings

offer support to our second hypothesis speculating that some

storage locations are associated with greater adherence and

some locations with worse adherence.

Since these unadjusted, exploratory analyses suggest that

some home medication storage locations may be associated

with adherence, the next step in our research is to learn what

factors influence location selection, understand the

implications for adherent behavior, and apply more

sophisticated multivariable approaches to our analysis.

Most survey respondents (94%) indicated that they would

be receptive to guidance regarding where to store their

medications, with more preferring guidance from a

pharmacist (66%) followed by guidance from physicians

(55%). In subsequent research, we hope to learn either if

the characteristics of the locations or the determinants of

location selection are associated with adherence. Knowing

respondents’ receptivity to guidance and knowing more

about the selection of locations associated with adherence,

in our next study we plan to design interventions to guide

storage selection.
Medication reminders

Several devices and apps offer medication intake reminders;

however, in prior research, these devices have not been effective
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(33, 37, 38). There may be many reasons for this including the

lack of incorporation of location as well as the focus on time-

based notifications.

No known medication reminder or dispensing devices offer

recommendations for optimal device storage locations, yet, since

many devices use auditory and/or visual cues, we suspect that

location may be a consideration for cues to be heard or seen.

Further, no known devices are designed for specific locations

in the home. Over half of respondents (56%) indicated that

they use digital methods to remember to take their

medication, the most common being the use of smartphone

applications or alarms (39%). The sheer number of

respondents using reminders is indicative of a perceived need,

yet the lack of effectiveness in studies is concerning.

Our analysis found no significant associations between use

of digital methods and forgetting to take a medication in the

two weeks prior to survey. However, digital medication

reminder methods that were significantly associated with

decreased odds of having ever forgotten to take a medication

included use of smartphone applications and alarms, Apple

Siri, smartwatches, and electronic pill dispensers. Interestingly,

while no digital reminder methods were significantly

associated with decreased odds of having forgotten to take a

medication in the two weeks prior to survey, some digital

methods were associated with increased odds, including

Amazon Alexa and electronic pill dispensers.
Future directions

In subsequent analyses, we will examine other survey

responses to better understand other aspects of home

medication management. One question asked about the

frequency with which respondents check for unused or

expired medications, which may be a proxy for conscientious

medication management; a reduction of clutter in a home

storage location may increase adherence with fewer

prescription bottles to choose from. Another question asked

about the impact of the Coronavirus (COVID-19) pandemic

to learn if more time at home eased medication management

and thus increased adherence; alternatively, other changes,

such as decreased time with pharmacists, may have reduced

adherence.

Finally, in planned qualitative studies we hope to better

understand how the selection of medication storage

locations relate to daily routines and cues to engage in

those routines (13). Through these interviews, we hope to

understand the relationship between medication adherence

and factors we have not previously explored, two being how

adherence changes with travel and the role of patient

activation, which comprises the degree of knowledge,

confidence, and skills that patients have to manage their

overall health (39).
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Limitations

As our survey recruitment was primarily achieved via an

electronic mailing list compiled from Osher Lifelong Learning

Institute at Tufts, our sample is not representative of the US

population. This resulted in our sample appearing to be more

educated and more digitally literate than the US census (40).

Few studies explore the relationship directly between digital

literacy and medication adherence however increased digital

literacy has been correlated with increased health literacy

which has been correlated to medication adherence.

As our analyses utilized self-reported adherence as measured

via a digital survey rather than an actual measurement of

adherence directly via observation or prescription records,

response bias may have affected our results. Self-reported

medication adherence has been shown to overestimate

adherence behavior compared with other assessment methods

and generally have high specificity but low sensitivity (41).

Additionally, our exploratory analyses were bivariate and

thus did not adjust for other additional variables.
Conclusions

Our long-term goal is to aid middle-aged and older adults in

making informed choices about where to store their medications

in their homes to increase adherence. Strong evidence to guide

optimization of storage locations could play a crucial role in

improving adherence and, thereby, the health and safety of

middle-aged and older adults living independently. Our future

research will investigate the relationship between medication

storage locations and adherence by more fully understanding

the characteristics of storage locations, the determinants of

location selection, and their role in routines. With an

understanding of which factors relate to storage location and

impact adherence, we hope to develop best practice guidelines

that can be used by pharmacists, by physician, and in innovative

digital health solutions to counsel patients on optimal selection

of home medication storage locations to improve their

medication adherence. Our future research will also investigate

how new device designs can incorporate contextual cues related

to location to promote adherence more effectively. With a rising

number of middle-aged and older adults and a commensurate

increase in the number of patients taking prescription

medications, interventions to increase adherence will lead to

greater health and longevity.
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