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Abstract
Background: While the positive effects of digital technology on cognitive function are established, the specific impacts of
different types of technology activities on distinct cognitive domains remain underexplored.
Objective: This study aimed to examine the associations between transitions into and out of various technology activities and
trajectories of cognitive domains among community-dwelling older adults without dementia.
Method: Data were drawn from 5566 community-dwelling older adults without dementia who participated in the National
Health and Aging Trends Study from 2015 to 2022. Technology activities assessed included online shopping, banking,
medication refills, social media use, and checking health conditions online. The cognitive domains measured were epi-
sodic memory, executive function, and orientation. Asymmetric effects models were used to analyze the associations
between technology activity transitions and cognitive outcomes, adjusting for demographic, socioeconomic, and health-related
covariates. Lagged models were applied for sensitivity analysis.
Results: In the asymmetric effects models, the onset of online shopping (β=.046, P=.02), medication refills (β=.073, P<.001),
and social media use (β=.065, P=.01) was associated with improved episodic memory. The cessation of online shopping was
associated with faster episodic memory decline (β=−.023, P=.047). In contrast, the cessation of online banking (β=−.078,
P=.01) and social media use (β=−.066, P=.003) was associated with decreased episodic memory. The initiation of instrumen-
tal, social, and health-related technology activities was associated with slower cognitive decline in orientation. The lagged
models further emphasized the effects of stopping online banking and starting online medication refills in relation to episodic
memory, as well as the positive associations between online shopping and social media use and orientation. All significant
effects were of small magnitude.
Conclusions: Combining findings from the main and sensitivity analyses, results suggest that interventions designed to
support episodic memory in older adults should emphasize promoting the use of online medication refill services and sustain-
ing engagement with online banking, particularly among those who have already established these habits. To support orienta-
tion, strategies should focus on facilitating adoption of online shopping and social media use, helping older adults become
comfortable navigating these platforms. Future trials are needed to assess the clinical relevance of targeted interventions for
specific cognitive domains, to promote the initiation and maintenance of digital activities to help mitigate domain-specific
cognitive decline in aging populations.
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Introduction
As technology use becomes increasingly prevalent among
older adults, its potential impact on cognitive health warrants
attention. Between 2018 and 2021, smartphone ownership
among individuals aged 65 years and older in the United
States increased from 46% to 61%, outpacing growth in
younger age groups [1]. Similarly, tablet ownership increased
from 6% to 44%, and social media use surged from 16%
to 45% over the past decade [1]. This rise in digital engage-
ment holds the potential to influence various aspects of older
adults’ lives, including their cognitive function. Research
indicates that digital technology use is associated with higher
social well-being and lower depressive symptoms in older
adults [2,3]. In addition, technology can aid in managing
instrumental activities of daily living (IADLs), which are
crucial for maintaining independence (eg, grocery shopping
online) [4]. While cognitive health is crucial for preserv-
ing autonomy and quality of life in aging populations,
and technology appears to support these goals, the specific
relationship between technology use and cognitive function
remains understudied, particularly among older adults without
dementia.

Cognitive health, encompassing domains such as episodic
memory, executive function, and orientation, is a crucial
predictor of health outcomes, quality of life, and cognitive
trajectories in older adults [5-10]. Declines in cognitive
function are associated with diminished quality of life [11]
and greater financial strain on individuals and their families
[12]. In addition, cognitive health is closely linked to the
ability to perform daily activities, including those involv-
ing digital technologies. From a neurobiological standpoint,
cognitive functions are supported by intricate brain networks.
The hippocampus is essential for episodic memory, allowing
flexible retrieval of information and aiding social interactions
by integrating memory with context [13,14]. The prefron-
tal cortex manages goal-directed actions through top-down
control, coordinating activity across different brain regions,
which underlies executive function [15]. Moreover, spatial
and temporal orientation involve the temporoparietal junction,
a region crucial for navigating through time and space [16].

Many digital tasks, such as managing medications online,
navigating shopping sites, or using social media, require
a combination of these cognitive skills. Performing these
activities involves remembering steps, following instructions,
organizing information, engaging with digital interfaces,
and maintaining awareness of dates and times. Behavior-
ally, cognitive decline is strongly associated with a reduced
ability to perform basic and IADLs [17]. Recent research
using network analysis has demonstrated strong associations
between nondigital IADLs (eg, banking and shopping) and
specific cognitive domains such as memory and orientation
[18]. These findings underscore the importance of studying
digital equivalents of such tasks.

Most studies have focused on general internet use and
global cognitive functioning, without examining the nuanced
impact of transitions into and out of specific technology
activities on different cognitive domains. For example, a
recent study using the National Health and Aging Trends
Study (NHATS) indicated that cessation of internet use
predicted declines in episodic memory, executive function,
and orientation [19]. However, that study treated internet
use as a single broad category, without differentiating
between specific online activities. Similarly, while Li et al
[18] found connections between instrumental activities and
specific cognitive domains, it remains unclear whether these
relationships translate to their digital counterparts. Other
research using the Health and Retirement Study has exam-
ined different types of internet use—such as social, informa-
tional, and instrumental purposes—and found associations
with better global cognitive scores [20]. Together, these
studies highlight a key gap: although digital engagement
appears to influence cognitive health, it is not yet clear which
types of technology activities are related to specific cogni-
tive domains. Addressing this gap is crucial for informing
resource allocation and intervention design, ensuring that
limited resources are used effectively and that interventions
target the cognitive domains most likely to benefit from
technology use. This study aimed to address the following
2 research questions:

1. What are the associations between technology activities
(ie, online shopping, banking, medication refills, social
media use, and checking health information) and
cognitive domains (ie, episodic memory, executive
function, and orientation) among community-dwelling
older adults without dementia?

2. Does the start and stop of using specific technol-
ogy activities moderate the rate of cognitive decline
over time in community-dwelling older adults without
dementia?

Methods
Data Source and Study Population
This project involved a secondary quantitative data analy-
sis using data from the NHATS collected between 2015
and 2022 (Rounds 5-12). NHATS, supported through a
cooperative agreement with the National Institute on Aging
(U01AG032947), is a nationally representative longitudinal
study of Medicare beneficiaries aged 65 years and older
[21]. Annual interviews have been conducted since 2011
(Round 1), with sample replenishment in 2011, 2015, and
2022 (Rounds 1, 5, and 12 [21]). A detailed cohort profile
is available in Freedman and Kasper [21], published by the
NHATS study team.

The sample consisted of community-dwelling individu-
als aged 65 years or older without a diagnosis of demen-
tia or mild cognitive impairment at baseline [5]. The
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original analytic sample included 5596 community-dwelling
individuals aged 65 years and older without dementia. We
identified 30 out of 5596 participants who were classified as
having no dementia but lacked cognitive test scores. After
consulting with the NHATS team, they indicated that these
participants, or their proxy respondents, refused to complete
the cognition test. In such cases, NHATS relied solely on
self-reports of dementia instead of the tests. Since cognition
scores were the main outcome measure, the level of missing-
ness was minimal (0.5%), and these cases were excluded
from the analysis. The final sample size in 2015 (Round 5)
included 5566 older adults, with 31,038 observations from
2015 to 2022 (Rounds 5-12). The median number of follow-
up observations per round was 3631.
Measures

Independent Variables
Five technology activities were the primary variables of
interest in this study: (1) online shopping, (2) online banking,
(3) online medication refills, (4) visiting social networking

sites, and (5) checking health information online. These
questions were asked across all 8 rounds of data collection.
Each activity was measured using dichotomous (yes or no)
questions, as phrased in Table 1.

Instead of using raw binary variables for technology
activities, we created new variables to capture cumulative
transitions into and out of each activity over time. Specifi-
cally, a Cumulative Transition In variable was incremented
by one each time an individual’s response changed from
“no=0” to “yes=1” for a given technology activity. Similarly,
a Cumulative Transition Out variable was incremented by one
each time a response shifted from “yes=1” to “no=0.” This
approach allowed us to focus on the effects of transitions
(onset or cessation of use) rather than the mere status of
technology use. This within-person asymmetric effect method
has been used in previous studies, such as Kim and Han
and Ghaiumy Anaraky et al [19,22]. Multimedia Appendix 1
shows how cumulative transitions were calculated for online
shopping as an example.

Table 1. Exposure measurements.
Topics Questions
Online shopping In the last month, have you gone on the internet or online to shop for groceries or personal items?

If needed: by personal items, we mean things such as toiletries that you can buy at the grocery or drug store.
Online banking In the last month, have you gone on the internet or online to pay bills or do banking?
Online medication refills In the last month, have you gone on the internet or online to order or refill prescriptions?
Visit social network sites In the last month, have you gone on the internet or online to visit social network sites?

If needed, these include sites where you can keep in touch with friends, such as Facebook or LinkedIn.
Check health information online In the last year, have you gone on the internet or online to get information about your health conditions?

Dependent Variables
The primary outcome, cognitive function, was assessed across
3 domains. Episodic memory, the ability to recall personal
experiences that are tied to specific times and locations, was
scored from 0 to 20 based on immediate and delayed recall of
10 words. Executive function, which involves decision-mak-
ing and problem-solving, was scored from 0 to 5 through
the clock-drawing test. Orientation, the ability to recognize
one’s identity, spatial context, and time, was scored from 0
to 8 based on knowledge of the current location, time, date,
and the names of the president or vice president. To enable
comparisons across these differently scaled domains, each
score was standardized by converting it to a z score (original
score minus mean, divided by SD).

Covariates
Covariates included survey year (2015‐2022), sex (female
or male), age at baseline (continuous), race (non-Hispanic
White, non-Hispanic Black, non-Hispanic Asian American
and Pacific Islander, or Hispanic), education (no college
degree, college degree, or beyond), living arrangement (alone
or with others), number of devices owned (cell phone,
computer, or tablet; ranging 0‐3), rurality (metropolitan
or nonmetropolitan), number of activities of daily living
difficulties (discrete), number of IADL difficulties (discrete),

self-rated health (poor, fair, good, very good, and excellent).
Covariates were selected based on established associations
with cognitive function in older adults. Demographic factors
(sex, age, race, education, and living arrangement) were
included as supported by Ghaiumy Anaraky et al [19]. Device
ownership reflects digital access and has been linked to
slower cognitive decline [23]. Activities of daily living and
IADLs were included due to their strong connections to
cognitive health [18,24]. Rurality and self-rated health are
known predictors of cognitive outcomes [25,26].
Weighting
In our study, we applied analytic weights using the weighting
variables from the sample person file [27]. Since the 2015
cohort was chosen as the foundation of our target population,
we tackled the problem of multiple (repeated) observations
through a multilevel modeling strategy that incorporated the
NHATS sample design. The weights for each round were
used to account for differential probabilities of selection
and nonresponse, as well as for clustering and stratifica-
tion variables. Adhering to the guidelines and code detailed
in NHATS Technical Paper 23 [28], we used round-spe-
cific analytic weights and developed a new weight variable
to represent individual-level weights within the multilevel
models [28].
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Statistical Analysis
We conducted generalized linear mixed-effects models
separately for the 3 cognitive domains, both unadjusted and
adjusted for covariates. The predictors were various types of
technology activities, and the outcomes were the different
domains of cognition, including episodic memory, executive
function, and orientation.

General linear mixed-effects models are particularly suited
for analyzing longitudinal or hierarchical data, where repeated
measurements are nested within individuals. Given the nature
of cognitive function may change over time due to aging and
may also be influenced by exposure to different types of
technology, the use of general linear mixed-effects mod-
els provided an appropriate statistical framework for this
analysis.

Two models were specified: the main effect model (Model
A), which assessed the association between transitions in
technology use and cognitive function, and the moderation
effect model (Model B), which indicated the effects of
technology use on the rate of change in cognitive functioning.
For example, the main effect model (Model A) for episodic
memory and online shopping was specified as follows:

Episodic Memoryij  =  β0 +  β1Transition In Online Sℎoppingij +  β2Transition Out Online Sℎoppingij  +  β3Yearij +  β4Sexi   +  β5Baseline Agei  +  β6Racei  +  β7Educationi +  β8Living Arrangementi +  β9Device Ownersℎipij +  β10Ruralityi   +  β11ADLij  +  β12IADLij+  β13Self Rated Healtℎij +  uoi +  εij
The moderation effects model (Model B) added interaction
terms for transitions and time, as follows:

Episodic Memoryij  =  β0+  β1Transition In Online Sℎoppingij +  β2Transition Out Online Sℎoppingij + β3Yearij  +  β4 Transition In Online Sℎoppingij × Yearij  +  β5 Transition Out Online Sℎoppingij × Yearij+  β6Sexi   +  β7Baseline Agei + β8Racei  +  β9Educationi +  β10Living Arrangementi + β11Device Ownersℎipij+ β12Ruralityi   +  β13ADLij + β14IADLij+  β15Self Rated Healtℎij + uoi + εij

The index i represents the individual sample ID, and j denotes
the time point (ie, j=2015, 2016, ..., 2022).

We first estimated whether the start (transition in) and
stop (transition out) of technology activities were associated
with cognitive functioning at a given time (Model A). We
then added an interaction term between transitions and time
to explore whether starting or stopping technology activities
could change the rate of cognitive decline over time (Model
B).

Since we evaluated multiple outcomes, we applied the
Benjamini-Hochberg false discovery rate correction to reduce
the risk of type I errors [29]. To minimize the possibility
of a reverse causal relationship between digital activities and
cognitive domains, we conducted sensitivity analyses using
1-year lagged data for both Model A and Model B to ensure
the associations hold over time.
Ethical Considerations
This study was exempted by the Johns Hopkins Medicine
Institutional Review Board (IRB00460714), where informed
consent is not required. The NHATS public use data is
de-identified.

Results
Characteristics of the Study Sample at
Baseline
The study sample characteristics at baseline are provided in
Table 2. At baseline, the study sample (N=5566; represent-
ing an estimated 32,929,570 older adults living in commun-
ities in the United States) had an average age of 76.48
(SD 7.04) years and no dementia. The sample was predom-
inantly female (3190, 57.31%), with well-distributed racial
and ethnic groups. Most participants had no college degree
(3738, 67.16%), lived with someone else (3803, 68.33%), and
resided in metropolitan areas (4476, 80.42%). Furthermore,
most participants owned one or more digital devices (eg, cell
phone, computer, or tablet), and around a quarter of them had
performed some technology activities in the past month.

Table 2. Study sample characteristics at baseline (N=5566).
Characteristic Value
Age (years), mean (SD) 76.48 (7.04)
Episodic memory (0‐20), mean (SD) 9.13 (2.93)
Executive function (0‐5), mean (SD) 3.91 (0.93)
Orientation (0‐8), mean (SD) 6.88 (1.24)
Sex, n (%)
  Male 2376 (42.69)
  Female 3190 (57.31)
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Characteristic Value
Race and ethnicity, n (%)
  Non-Hispanic White 4005 (71.95)
  Non-Hispanic Black 1021 (18.34)
  Non-Hispanic AAPIa 145 (2.66)
  Hispanic 274 (4.92)
  Missing 121 (2.17)
Number of device ownership (cell phone, computer, and tablet), n (%)
  0 376 (6.76)
  1 1421 (25.53)
  2 1949 (35.02)
  3 1820 (32.70)
Education, n (%)
  No college degree 3738 (67.16)
  College degree or beyond 1828 (32.84)
Living arrangement, n (%)
  Alone 1763 (31.67)
  Living with someone 3803 (68.33)
Rurality, n (%)
  Metropolitan 4476 (80.42)
  Non-metropolitan 1090 (19.58)
Number of difficulties in ADLb, mean (SD) 0.63 (1.27)
Number of difficulties in IADLc, mean (SD) 0.42 (0.86)
Self-rated health, n (%)
  Excellent 724 (13.01)
  Very good 1717 (30.86)
  Good 1917 (34.45)
  Fair 975 (17.52)
  Poor 231 (4.15)
Technology activities, n (%)
  Online shopping 1129 (20.3)
  Online banking 1553 (27.9)
  Online medication refills 665 (11.9)
  Visit social network sites 1414 (25.4)
  Checking health information online 1198 (21.5)

aAAPI: Asian American and Pacific Islander.
bADL: activities of daily living.
cIADL: instrumental activities of daily living.

The Associations Between Technology
Activities and Cognitive Domains
Table 3 shows the beta coefficients for the initiation and
cessation of each technology activity across various cognitive
domains. These findings stem from Model A and address
research question 1—the associations between technology
activities (online shopping, banking, medication refills, social
media use, and checking health information) and cognitive
domains (episodic memory, executive function, and orienta-
tion). P values are marked after the false discovery rate
correction using the Benjamini-Hochberg method. The P
values before and after adjustment are provided in Multime-
dia Appendix 2.

Transitions into online shopping were associated with an
increase in the score of episodic memory at a given wave
(β=.046, P=.02; 95% CI 0.013-0.080; Model A), as well as an
increase in the score of executive function (β=.041, P=.043;
95% CI 0.007-0.075; Model A) and orientation at a given
wave (β=.091, P<.001; 95% CI 0.055-0.126; Model A).

Starting online banking was associated with an increase
in executive function at a given wave (β=.061, P=.043; 95%
CI 0.010-0.112; Model A) and orientation (β=.077, P=.004;
95% CI 0.032-0.123; Model A). Stopping online banking
was associated with decreasing scores of episodic memory
(β=−.078, P=.01; 95% CI −0.129 to −0.026; Model A).
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Transitions into online medication refills were associated
with increasing episodic memory (β=.073, P<.001; 95% CI
0.038-0.109; Model A) and increasing orientation at a given
wave (β=.097, P<.001; 95% CI 0.054-0.140; Model A).

Starting to visit social networking sites online was
associated with increasing episodic memory (β=.065, P=.01;
95% CI 0.022-0.109; Model A) and orientation at a given
wave (β=.080, P<.001; 95% CI 0.041-0.119; Model A).
Stopping visits to social network sites online was associated
with decreasing episodic memory (β=−.066, P=.004; 95%
CI −0.105 to −0.028; Model A). Transitions into checking
health information online were associated with increasing
orientation (β=.098, P<.001; 95% CI 0.068-0.127; Model A)
at a given wave.

Among all the technology activities examined, online
shopping and online banking showed the widest impact
across various areas of cognitive function. Combining our
main findings with results from lagged models in sensitivity
analyses (Multimedia Appendix 3), older adults who started
using online shopping and social media were related to better
orientation; those who began managing prescriptions digitally
showed cognitive benefits in episodic memory; and those
who stopped using online banking were linked to a decline
in episodic memory. Notably, the effects were statistically
significant but small in magnitude.

Table 3. Effects of starting and stopping technology activities on cognitive domains (Model A).
Technology
activity

Episodic memory z score, β (95% CI) Executive function z score, β (95% CI) Orientation z score, β (95% CI)
Start Stop Start Stop Start Stop

Online
shopping

0.046a(0.013 to
0.080)

0.019 (−0.020 to
0.058)

0.041b (0.007 to
0.075)

0.004 (−0.062 to
0.069)

0.091c (0.055 to
0.126)

0.010 (−0.026 to
0.046)

Online
banking

0.049 (−0.003 to
0.100)

−0.078a (−0.129 to
0.026)

0.061b (0.010 to
0.112)

−0.059b (−0.117 to
0.000)

0.077a

(0.032 to 0.123)
−0.062 (−0.126 to
0.003)

Medication
refills

0.073c (0.038 to
0.109)

−0.014 (−0.068 to
0.040)

0.026 (−0.014 to
0.067)

0.011 (−0.038 to
0.059)

0.097c (0.054 to
0.140)

−0.007 (−0.055 to
0.040)

Social media 0.065a (0.022 to
0.109)

−0.066a (−0.105 to
0.028)

0.050 (−0.002 to
0.101)

−0.045 (−0.094 to
0.004)

0.080c (0.041 to
0.119)

−0.024 (−0.068 to
0.021)

Check health
information

0.047 (0.005 to
0.089)

0.027 (−0.014 to
0.067)

−0.011 (−0.054 to
0.031)

0.060c (0.032 to
0.088)

0.098c

(0.068 to 0.127)
0.048b (0.010 to
0.085)

aP<.01.
bP<.05.
cP<.001.

Effects of Technology Activities on the
Rate of Cognitive Decline
In Model B, we added an interaction term between transitions
of technology activities and time to assess their effect on the
rate of cognitive decline. Table 4 shows the beta coeffi-
cients for the interaction terms between shifts in technology
activities and time, reflecting the rate of cognitive decline.
A positive value indicates a reduction in cognitive decline,
while a negative score suggests an increase in cognitive
decline.

Stopping online shopping was associated with a faster
rate of cognitive decline in episodic memory (β=−.023,
P=.047; 95% CI −0.041 to−0.005; Model B). The transition
into online shopping was associated with a slower cognitive
decline in the orientation domain (β=.049, P<.001; 95%
CI 0.035-0.063; Model B). The onset of online banking
was associated with a mitigated rate of orientation decline
(β=.049, P<.001; 95% CI 0.035-0.063; Model B). The onset
of online medication refill was associated with a slower
orientation decline (β=.052, P<.001; 95% CI 0.036-0.068;

Model B). The onset of social media use was associated with
a slower decline in the orientation domain (β=.039, P<.001;
95% CI 0.025-0.053; Model B). The transition into checking
health information online was associated with a mitigated rate
of orientation decline (β=.036, P<.001; 95% CI 0.022-0.051;
Model B). When incorporating findings from lagged models
in sensitivity analyses (Multimedia Appendix 3), regarding
the interaction with time, beginning to use any of the studied
digital technologies was linked to significantly better but
small preservation of orientation.

The summary of all models, stratified by technology
activities, is provided in Multimedia Appendix 4. Several
noteworthy confounders emerged in the analysis. A higher
number of device owners was consistently associated with
better cognitive functioning across all technology activities.
Similarly, individuals with higher educational attainment
(college degree or beyond) demonstrated superior perform-
ance across all cognitive domains. Females exhibited stronger
effects specifically in episodic memory, regardless of the
technology activity.
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Table 4. The interaction coefficients of starting and stopping technology activities on cognitive domains (Model B).
Technology
activity

Episodic memory z score, β (95% CI) Executive function z score, β (95% CI) Orientation z score, β (95% CI)
Start Stop Start Stop Start Stop

Online
shopping

0.014 (0.000 to
0.027)

−0.023 a(−0.041
to 0.005)

0.004 (−0.011 to
0.018)

−0.000 (−0.016 to
0.016)

0.049b (0.035 to
0.063)

−0.011 (−0.026 to
0.004)

Online
banking

0.016 (−0.001 to
0.032)

−0.010 (−0.030 to
0.011)

0.020 (−0.003 to
0.043)

−0.017 (−0.045 to
0.010)

0.044b (0.021 to
0.067)

0.005 (−0.016 to
0.026)

Medication
refills

−0.001 (−0.017 to
0.015)

−0.012 (−0.037 to
0.012)

0.015 (−0.006 to
0.037)

−0.013 (−0.042 to
0.016)

0.052b (0.036 to
0.068)

0.005 (−0.012 to
0.021)

Social media 0.010 (−0.005 to
0.026)

−0.022 (−0.040 to
0.004)

−0.008 (−0.026 to
0.009)

0.008 (−0.014 to
0.030)

0.039b (0.025 to
0.053)

−0.002 (−0.018 to
0.015)

Check health
information

0.001 (−0.014 to
0.015)

−0.006 (−0.021 to
0.009)

0.004 (−0.014 to
0.022)

0.002 (−0.018 to
0.022)

0.036b (0.022 to
0.051)

0.020c (0.005 to
0.034)

aP<.05.
bP<.001.
cP<.01.

Discussion
Principal Findings
This study highlights the distinct effects of technology use
on specific cognitive domains among older adults. Compared
with other digital activities, the use of online shopping and
online banking services showed the most comprehensive
influence on the 3 cognitive domains. Similar to findings
from a previous study, online shopping and banking involve a
series of actions such as memorizing accounts and pass-
words, thinking about recipes and corresponding products
to purchase, or financial plans to arrange, and remaining
oriented to dates, time, and their own names to process
transactions [18,30].

Older adults who began using online shopping and
social media showed a small improvement in orientation.
These activities may enhance spatial and temporal awareness
by requiring users to follow delivery schedules, navigate
websites, and engage with time-stamped social content.
Starting to manage prescriptions online was linked to
better episodic memory. This task likely activates memory
systems through routine recall of medications and sched-
ules, reinforcing memory through repeated use and the
integration of new and existing information. In contrast,
stopping online banking was associated with a decline in
episodic memory. Online banking involves complex memory
tasks such as recalling passwords and managing finances.
Disengaging from such cognitively demanding activities may
reduce mental stimulation, contributing to memory decline.
However, all observed effects were small in magnitude, and
their clinical significance remains uncertain. Future trials are
needed to evaluate the clinical relevance of targeted digital
engagement interventions on specific cognitive domains.
Limitations
This study used observational data, which introduces the
possibility of reverse causation. It is plausible that older
adults with lower cognitive performance were less likely
to adopt or continue using technology. However, findings

from Choi et al [31], using a cross-lagged panel analysis of
NHATS data, suggest that technology use predicts cognitive
improvements over time, particularly in episodic memory and
executive function. While episodic memory also predicted
subsequent technology use, executive function did not, and
orientation was not assessed in their study [31]. Similarly,
Hartanto et al [32], using data from the Midlife in the United
States study, found that computer use significantly predic-
ted positive changes in executive function. Their analysis
showed consistent associations between computer use and
improvements across all executive function tasks, though
no significant effect was observed for episodic memory.
Collectively, these findings support a stronger directional
relationship from technology use to cognitive function,
although a bidirectional relationship cannot be ruled out.

Some limitations stemmed from the instrument used by
NHATS. For example, the question about social media
use simply asked whether the participant had gone online
to visit social network sites (eg, Facebook and LinkedIn)
in the last month. The specific platform, content on the
sites, and the level of engagement were not asked. We
recognize the heterogeneity of social media and the poten-
tial varied associations with cognitive function. In addition,
digital activity questions were designed to help participants
recall their technology use behaviors over the past month
or year, depending on the activity. This study only assessed
changes in technology use and cognition over 8 years, with
the smallest time unit being a year. Thus, one instance of
use within a given year was coded as “yes,” regardless
of frequency. We acknowledge that this annual resolution
limits our ability to capture short-term fluctuations in digital
engagement or the precise timing of technology use relative
to cognitive assessments.

Attrition in this study occurred through 3 primary
mechanisms: death, nonresponse, and transitions from
community to institutional settings. While the NHATS cohort
maintained high response rates (>90%) with relatively low
attrition per round [21], we used weighted analyses to account
for potential attrition bias. Analysis of NHATS data from
2011 to 2018 revealed that 86.2% of older adults remained
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in community settings, 9% transitioned to residential care,
and 4.9% to nursing homes [33]. Although only a small
proportion of older adults changed settings, these transitions
predominantly occurred among older adults with greater
functional and cognitive limitations, potentially limiting our
ability to capture technology access and use patterns among
this more vulnerable subgroup.

Another limitation concerns the last few years of the
study period, which coincided with the COVID-19 pandemic.
Social isolation during this time was particularly acute for
older adults [34]. Evidence from NHATS data shows that
older adults who reduced their use of emails, texts, and
phone calls during the pandemic, especially those with lower
socioeconomic status, showed a limited increase in video
calls to stay connected with family and friends [35]. The
pandemic’s potential impact on technology use trends and its
subsequent influence on cognitive function remains unclear,
introducing uncertainty to the study’s results.

In considering generalizability, it is important to note
that wired high-speed internet access remains more prevalent
in urban than rural areas—available in 76% of noninstitu-
tional households in urban settings compared with 62% in
rural areas as of 2023 in the United States [36]. While our
findings highlight the potential cognitive benefits of certain
digital activities, real-world implementation may be limited
by disparities in local infrastructure and household financial
capacity. Without reliable internet access or the resources
to obtain and maintain digital devices, many older adults,
particularly in underserved areas, may be unable to engage in
these beneficial activities.
Comparison With Previous Work
The observed association between social media use and
cognitive function aligns with previous research. For
example, Byrne and Ghaiumy Anaraky [37] found that
greater use of social technology was linked to enhanced
cognitive performance among socially isolated older adults,

though their outcome measure was a global cognitive
score rather than disaggregated domains. Anaraky et al
[19] reported that stopping the use of computers, tablets,
the internet, texts, and emails predicted declines in episo-
dic memory, executive function, and orientation. Similarly,
Kim and Han [22] reported that initiating internet use was
associated with improved cognitive functioning and a slower
rate of cognitive decline over time, while ceasing internet
use was linked to worse cognitive outcomes and accelerated
decline. These findings align with this study’s results, which
show that both initiating and maintaining technology use
are crucial for cognitive health. Our study provides more
granular insights, demonstrating the unique effects of various
technology activities on episodic memory, executive function,
and orientation.
Conclusions
Our findings suggest that interventions aiming to maintain
episodic memory in older adults should focus on encourag-
ing the adoption of online medication refill services and
preventing disengagement from online banking, particularly
among those already accustomed to these activities. To
preserve orientation, efforts should prioritize supporting older
adults in initiating and maintaining online shopping and
social media use. More broadly, all types of digital engage-
ment examined in this study—including instrumental, social,
and informational activities—were associated with a slower
decline in orientation over time. Teaching older adults
new technology skills and providing resources to prevent
disengagement from technology activities may help preserve
cognitive health. Furthermore, when designing technology-
based interventions, researchers can use these findings to
target specific cognitive domains with appropriate technology
activities. By tailoring interventions to match the cognitive
benefits of different activities, resources can be allocated
more effectively to maximize their impact on cognitive
well-being in older adults.

Acknowledgments
EJ reported grants from RGF Environmental Group outside the submitted work; is a cofounder and member of the board
of directors of Plans4Care Inc, a digital health company that provides personalized, on-demand dementia care; serves as
a consultant to the Lewin Group under their Centers for Medicare & Medicaid Services (CMS) GUIDE contract; and is
a member of the board of directors for PACE-RI. EMS reports personal consulting fees from Corrie Health. Outside the
submitted work, EMS reports support from the American Heart Association (grant nos 20SFRN35380046 and 878924), the
Patient‐Centered Outcomes Research Institute (award no IHS‐2021C3‐24 147), and the National Institutes of Health (grant no
U01HL096812).
Funding
This work was supported by the 2024 Pilot Grant from the Center for Equity in Aging at the Johns Hopkins University School
of Nursing.
Authors’ Contributions
ECH contributed to conceptualization, data curation, formal analysis, methodology, validation, visualization, and writing of
the original draft. EJ contributed to methodology, supervision, and writing, including review and editing. ES contributed to
supervision and writing, including review and editing.

JMIR AGING Hsu et al

https://aging.jmir.org/2025/1/e77227 JMIR Aging2025 | vol. 8 | e77227 | p. 8
(page number not for citation purposes)

https://aging.jmir.org/2025/1/e77227


Conflicts of Interest
EMS reports receiving personal consulting fees from Corrie Health. EJ is a co-founder and member of the board of directors of
Plans4Care Inc., a digital health company that provides personalized dementia care on demand. He also serves on the finance
committee for PACE-RI.
Multimedia Appendix 1
An example of data structure.
[DOCX File (Microsoft Word File), 22 KB-Multimedia Appendix 1]

Multimedia Appendix 2
Raw and false discovery rate (FDR)-adjusted P values for Models A and B.
[DOCX File (Microsoft Word File), 29 KB-Multimedia Appendix 2]

Multimedia Appendix 3
Sensitivity analyses using lagged models.
[DOCX File (Microsoft Word File), 24 KB-Multimedia Appendix 3]

Multimedia Appendix 4
Asymmetric random-effects models of technology activities and cognitive domains (z score).
[DOCX File (Microsoft Word File), 77 KB-Multimedia Appendix 4]
References
1. Faverio M. Share of tech users among Americans 65 and older grew in past decade. Pew Research Center; Jan 13, 2022.

URL: https://www.pewresearch.org/short-reads/2022/01/13/share-of-those-65-and-older-who-are-tech-users-has-grown-
in-the-past-decade/ [Accessed 2024-04-10]

2. Lee MA, Ferraro KF, Kim G. Digital technology use and depressive symptoms among older adults in Korea: beneficial
for those who have fewer social interactions? Aging Ment Health. Oct 3, 2021;25(10):1839-1847. [doi: 10.1080/
13607863.2020.1839863]

3. Sen K, Prybutok G, Prybutok V. The use of digital technology for social wellbeing reduces social isolation in older
adults: a systematic review. SSM Popul Health. Mar 2022;17:101020. [doi: 10.1016/j.ssmph.2021.101020] [Medline:
35024424]

4. Schepens Niemiec SL, Lee E, Saunders R, Wagas R, Wu S. Technology for activity participation in older people with
mild cognitive impairment or dementia: expert perspectives and a scoping review. Disabil Rehabil Assist Technol. Nov
2023;18(8):1555-1576. [doi: 10.1080/17483107.2022.2116114] [Medline: 36067094]

5. Kasper JD, Freedman VA, Spillman B. Classification of persons by dementia status in the national health and aging
trends study. Technical Paper #5; Johns Hopkins University School of Public Health; 2013. URL: https://www.nhats.org/
sites/default/files/inline-files/DementiaTechnicalPaperJuly_2_4_2013_10_23_15.pdf

6. Cipolli GC, de Assumpção D, Borim FSA, et al. Cognitive impairment predicts sarcopenia 9 years later among older
adults. J Am Med Dir Assoc. Aug 2023;24(8):1207-1212. [doi: 10.1016/j.jamda.2023.05.008] [Medline: 37311558]

7. Ho HT, Lin SI, Guo NW, Yang YC, Lin MH, Wang CS. Executive function predict the quality of life and negative
emotion in older adults with diabetes: a longitudinal study. Prim Care Diabetes. Aug 2022;16(4):537-542. [doi: 10.1016/
j.pcd.2022.05.002] [Medline: 35659729]

8. Martin P, Poon LW, Lee G, et al. A 13-year time-lagged description of general cognitive and functional abilities in older
men: a cross-lagged panel model. J Aging Health. Jun 2023;35(5-6):335-344. [doi: 10.1177/08982643221130381]
[Medline: 36194185]

9. Numbers K, Crawford JD, Kochan NA, Draper B, Sachdev PS, Brodaty H. Participant and informant memory-specific
cognitive complaints predict future decline and incident dementia: findings from the Sydney Memory and Ageing Study.
PLoS ONE. 2020;15(5):e0232961. [doi: 10.1371/journal.pone.0232961] [Medline: 32396544]

10. Schaeverbeke JM, Gabel S, Meersmans K, et al. Baseline cognition is the best predictor of 4-year cognitive change in
cognitively intact older adults. Alzheimers Res Ther. Apr 7, 2021;13(1):75. [doi: 10.1186/s13195-021-00798-4]
[Medline: 33827690]

11. Stites SD, Harkins K, Rubright JD, Karlawish J. Relationships between cognitive complaints and quality of life in older
adults with mild cognitive impairment, mild Alzheimer disease dementia, and normal cognition. Alzheimer Dis Assoc
Disord. 2018;32(4):276-283. [doi: 10.1097/WAD.0000000000000262] [Medline: 29944474]

12. Zhu CW, Sano M, Ferris SH, Whitehouse PJ, Patterson MB, Aisen PS. Health-related resource use and costs in elderly
adults with and without mild cognitive impairment. J Am Geriatr Soc. Mar 2013;61(3):396-402. [doi: 10.1111/jgs.
12132] [Medline: 23414481]

JMIR AGING Hsu et al

https://aging.jmir.org/2025/1/e77227 JMIR Aging2025 | vol. 8 | e77227 | p. 9
(page number not for citation purposes)

https://jmir.org/api/download?alt_name=aging_v8i1e77227_app1.docx
https://jmir.org/api/download?alt_name=aging_v8i1e77227_app1.docx
https://jmir.org/api/download?alt_name=aging_v8i1e77227_app2.docx
https://jmir.org/api/download?alt_name=aging_v8i1e77227_app2.docx
https://jmir.org/api/download?alt_name=aging_v8i1e77227_app3.docx
https://jmir.org/api/download?alt_name=aging_v8i1e77227_app3.docx
https://jmir.org/api/download?alt_name=aging_v8i1e77227_app4.docx
https://jmir.org/api/download?alt_name=aging_v8i1e77227_app4.docx
https://www.pewresearch.org/short-reads/2022/01/13/share-of-those-65-and-older-who-are-tech-users-has-grown-in-the-past-decade/
https://www.pewresearch.org/short-reads/2022/01/13/share-of-those-65-and-older-who-are-tech-users-has-grown-in-the-past-decade/
https://doi.org/10.1080/13607863.2020.1839863
https://doi.org/10.1080/13607863.2020.1839863
https://doi.org/10.1016/j.ssmph.2021.101020
http://www.ncbi.nlm.nih.gov/pubmed/35024424
https://doi.org/10.1080/17483107.2022.2116114
http://www.ncbi.nlm.nih.gov/pubmed/36067094
https://www.nhats.org/sites/default/files/inline-files/DementiaTechnicalPaperJuly_2_4_2013_10_23_15.pdf
https://www.nhats.org/sites/default/files/inline-files/DementiaTechnicalPaperJuly_2_4_2013_10_23_15.pdf
https://doi.org/10.1016/j.jamda.2023.05.008
http://www.ncbi.nlm.nih.gov/pubmed/37311558
https://doi.org/10.1016/j.pcd.2022.05.002
https://doi.org/10.1016/j.pcd.2022.05.002
http://www.ncbi.nlm.nih.gov/pubmed/35659729
https://doi.org/10.1177/08982643221130381
http://www.ncbi.nlm.nih.gov/pubmed/36194185
https://doi.org/10.1371/journal.pone.0232961
http://www.ncbi.nlm.nih.gov/pubmed/32396544
https://doi.org/10.1186/s13195-021-00798-4
http://www.ncbi.nlm.nih.gov/pubmed/33827690
https://doi.org/10.1097/WAD.0000000000000262
http://www.ncbi.nlm.nih.gov/pubmed/29944474
https://doi.org/10.1111/jgs.12132
https://doi.org/10.1111/jgs.12132
http://www.ncbi.nlm.nih.gov/pubmed/23414481
https://aging.jmir.org/2025/1/e77227


13. Rubin RD, Watson PD, Duff MC, Cohen NJ. The role of the hippocampus in flexible cognition and social behavior.
Front Hum Neurosci. 2014;8(SEP):742. [doi: 10.3389/fnhum.2014.00742] [Medline: 25324753]

14. Eichenbaum H. Prefrontal-hippocampal interactions in episodic memory. Nat Rev Neurosci. Sep 2017;18(9):547-558.
[doi: 10.1038/nrn.2017.74] [Medline: 28655882]

15. Funahashi S, Andreau JM. Prefrontal cortex and neural mechanisms of executive function. J Physiol Paris. Dec
2013;107(6):471-482. [doi: 10.1016/j.jphysparis.2013.05.001] [Medline: 23684970]

16. Kaski D, Quadir S, Nigmatullina Y, Malhotra PA, Bronstein AM, Seemungal BM. Temporoparietal encoding of space
and time during vestibular-guided orientation. Brain (Bacau). Feb 2016;139(Pt 2):392-403. [doi: 10.1093/brain/awv370]
[Medline: 26719385]

17. Lee MT, Jang Y, Chang WY. How do impairments in cognitive functions affect activities of daily living functions in
older adults? PLoS ONE. 2019;14(6):e0218112. [doi: 10.1371/journal.pone.0218112] [Medline: 31173607]

18. Li J, He R, Hsu EC, Li J. Network analysis of key instrumental activities of daily living and cognitive domains for
targeted intervention in US older adults without dementia: cross-sectional study. JMIR Aging. Mar 19, 2025;8:e67632.
[doi: 10.2196/67632] [Medline: 40106829]

19. Ghaiumy Anaraky R, Schuster AM, Cotten SR. Can changes in older adults’ technology use patterns be used to detect
cognitive decline? Gerontologist. Jul 1, 2024;64(7):gnad158. [doi: 10.1093/geront/gnad158] [Medline: 37974489]

20. Wang K, Chen XS, Kang SY, Smith BD, Gu D. Older adults’ online activities and cognition: investigating the
psychological mechanisms and age and gender differences. Soc Sci Med. Jul 2024;352:116988. [doi: 10.1016/j.
socscimed.2024.116988] [Medline: 38820692]

21. Freedman VA, Kasper JD. Cohort profile: the National Health and Aging Trends Study (NHATS). Int J Epidemiol. Aug
1, 2019;48(4):1044-1045g. [doi: 10.1093/ije/dyz109] [Medline: 31237935]

22. Kim YK, Han SH. Internet use and cognitive functioning in later life: focus on asymmetric effects and contextual factors.
Gerontologist. Mar 28, 2022;62(3):425-435. [doi: 10.1093/geront/gnab149] [Medline: 34614179]

23. Jin Y, Jing M, Ma X. Effects of digital device ownership on cognitive decline in a middle-aged and elderly population:
longitudinal observational study. J Med Internet Res. Jul 29, 2019;21(7):e14210. [doi: 10.2196/14210] [Medline:
31359864]

24. Fauth EB, Schwartz S, Tschanz JT, Østbye T, Corcoran C, Norton MC. Baseline disability in activities of daily living
predicts dementia risk even after controlling for baseline global cognitive ability and depressive symptoms. Int J Geriatr
Psychiatry. Jun 2013;28(6):597-606. [doi: 10.1002/gps.3865] [Medline: 22968965]

25. Glauber R. Rural depopulation and the rural-urban gap in cognitive functioning among older adults. J Rural Health. Sep
2022;38(4):696-704. [doi: 10.1111/jrh.12650] [Medline: 35257439]

26. Bond J, Dickinson HO, Matthews F, Jagger C, Brayne C, MRC CFAS. Self-rated health status as a predictor of death,
functional and cognitive impairment: a longitudinal cohort study. Eur J Ageing. Nov 17, 2006;3(4):193-206. [doi: 10.
1007/s10433-006-0039-8]

27. Freedman VA, Kasper JD. National health and aging trends study development of round 5 survey weights. NHATS
Technical Paper #14. 2016. URL: https://www.nhats.org/ [Accessed 2024-07-10]

28. Freedman VA, Hu M, Dematteis J, Kasper JD. Accounting for sample design in NHATS and NSOC analyses: frequently
asked questions. URL: https://www.nhats.org/ [Accessed 2024-07-10]

29. Benjamini Y, Hochberg Y. Controlling the false discovery rate: a practical and powerful approach to multiple testing. J R
Stat Soc Ser B. Jan 1, 1995;57(1):289-300. [doi: 10.1111/j.2517-6161.1995.tb02031.x]

30. Okahashi S, Seki K, Nagano A, Luo Z, Kojima M, Futaki T. A virtual shopping test for realistic assessment of cognitive
function. J NeuroEngineering Rehabil. 2013;10(1):59. [doi: 10.1186/1743-0003-10-59]

31. Choi EY, Wisniewski KM, Zelinski EM. Information and communication technology use in older adults: a unidirectional
or bi-directional association with cognitive function? Comput Human Behav. Aug 2021;121:106813. [doi: 10.1016/j.chb.
2021.106813] [Medline: 33986562]

32. Hartanto A, Yong JC, Toh WX, Lee STH, Tng GYQ, Tov W. Cognitive, social, emotional, and subjective health
benefits of computer use in adults: a 9-year longitudinal study from the Midlife in the United States (MIDUS). Comput
Human Behav. Mar 2020;104:106179. [doi: 10.1016/j.chb.2019.106179]

33. Chyr LC, Drabo EF, Fabius CD. Patterns and predictors of transitions across residential care settings and nursing homes
among community-dwelling older adults in the United States. Gerontologist. Nov 23, 2020;60(8):1495-1503. [doi: 10.
1093/geront/gnaa070] [Medline: 32598465]

34. Lazzari C, Rabottini M. COVID-19, loneliness, social isolation and risk of dementia in older people: a systematic review
and meta-analysis of the relevant literature. Int J Psychiatry Clin Pract. Jun 2022;26(2):196-207. [doi: 10.1080/
13651501.2021.1959616] [Medline: 34369248]

JMIR AGING Hsu et al

https://aging.jmir.org/2025/1/e77227 JMIR Aging2025 | vol. 8 | e77227 | p. 10
(page number not for citation purposes)

https://doi.org/10.3389/fnhum.2014.00742
http://www.ncbi.nlm.nih.gov/pubmed/25324753
https://doi.org/10.1038/nrn.2017.74
http://www.ncbi.nlm.nih.gov/pubmed/28655882
https://doi.org/10.1016/j.jphysparis.2013.05.001
http://www.ncbi.nlm.nih.gov/pubmed/23684970
https://doi.org/10.1093/brain/awv370
http://www.ncbi.nlm.nih.gov/pubmed/26719385
https://doi.org/10.1371/journal.pone.0218112
http://www.ncbi.nlm.nih.gov/pubmed/31173607
https://doi.org/10.2196/67632
http://www.ncbi.nlm.nih.gov/pubmed/40106829
https://doi.org/10.1093/geront/gnad158
http://www.ncbi.nlm.nih.gov/pubmed/37974489
https://doi.org/10.1016/j.socscimed.2024.116988
https://doi.org/10.1016/j.socscimed.2024.116988
http://www.ncbi.nlm.nih.gov/pubmed/38820692
https://doi.org/10.1093/ije/dyz109
http://www.ncbi.nlm.nih.gov/pubmed/31237935
https://doi.org/10.1093/geront/gnab149
http://www.ncbi.nlm.nih.gov/pubmed/34614179
https://doi.org/10.2196/14210
http://www.ncbi.nlm.nih.gov/pubmed/31359864
https://doi.org/10.1002/gps.3865
http://www.ncbi.nlm.nih.gov/pubmed/22968965
https://doi.org/10.1111/jrh.12650
http://www.ncbi.nlm.nih.gov/pubmed/35257439
https://doi.org/10.1007/s10433-006-0039-8
https://doi.org/10.1007/s10433-006-0039-8
https://www.nhats.org/
https://www.nhats.org/
https://doi.org/10.1111/j.2517-6161.1995.tb02031.x
https://doi.org/10.1186/1743-0003-10-59
https://doi.org/10.1016/j.chb.2021.106813
https://doi.org/10.1016/j.chb.2021.106813
http://www.ncbi.nlm.nih.gov/pubmed/33986562
https://doi.org/10.1016/j.chb.2019.106179
https://doi.org/10.1093/geront/gnaa070
https://doi.org/10.1093/geront/gnaa070
http://www.ncbi.nlm.nih.gov/pubmed/32598465
https://doi.org/10.1080/13651501.2021.1959616
https://doi.org/10.1080/13651501.2021.1959616
http://www.ncbi.nlm.nih.gov/pubmed/34369248
https://aging.jmir.org/2025/1/e77227


35. Zhang Y, Luo A, Hou L, et al. Crisis response during the COVID-19 pandemic: changes in social contact and social
participation of older Americans. PLoS ONE. 2023;18(7):e0284935. [doi: 10.1371/journal.pone.0284935]

36. NTIA data explorer. National Telecommunications and Information Administration. URL: https://www.ntia.gov/data/
explorer#sel=pcOrTabletUser&demo=metro&pc=isPersonP&disp=chart [Accessed 2025-09-11]

37. Byrne KA, Ghaiumy Anaraky R. Identifying racial and rural disparities of cognitive functioning among older adults: the
role of social isolation and social technology use. J Gerontol B Psychol Sci Soc Sci. Oct 6, 2022;77(10):1779-1790. [doi:
10.1093/geronb/gbac055] [Medline: 35312775]

Abbreviations
IADL: instrumental activities of daily living
NHATS: National Health and Aging Trends Study

Edited by Hanna Köttl; peer-reviewed by Andree Hartanto, Hiroyuki Sasai, I-Chun Lai; submitted 09.May.2025; final
revised version received 26.Sep.2025; accepted 16.Oct.2025; published 25.Nov.2025

Please cite as:
Hsu EC, Spaulding EM, Jutkowitz E
Technology Activities and Cognitive Trajectories Among Community-Dwelling Older Adults: National Health and Aging
Trends Study
JMIR Aging2025;8:e77227
URL: https://aging.jmir.org/2025/1/e77227
doi: 10.2196/77227

© Erh-Chi Hsu, Erin M Spaulding, Eric Jutkowitz. Originally published in JMIR Aging (https://aging.jmir.org), 25.Nov.2025.
This is an open-access article distributed under the terms of the Creative Commons Attribution License (https://creativecom-
mons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium, provided the original
work, first published in JMIR Aging, is properly cited. The complete bibliographic information, a link to the original
publication on https://aging.jmir.org, as well as this copyright and license information must be included.

JMIR AGING Hsu et al

https://aging.jmir.org/2025/1/e77227 JMIR Aging2025 | vol. 8 | e77227 | p. 11
(page number not for citation purposes)

https://doi.org/10.1371/journal.pone.0284935
https://www.ntia.gov/data/explorer#sel=pcOrTabletUser&demo=metro&pc=isPersonP&disp=chart
https://www.ntia.gov/data/explorer#sel=pcOrTabletUser&demo=metro&pc=isPersonP&disp=chart
https://doi.org/10.1093/geronb/gbac055
http://www.ncbi.nlm.nih.gov/pubmed/35312775
https://aging.jmir.org/2025/1/e77227
https://doi.org/10.2196/77227
https://aging.jmir.org
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://aging.jmir.org
https://aging.jmir.org/2025/1/e77227

	Technology Activities and Cognitive Trajectories Among Community-Dwelling Older Adults: National Health and Aging Trends Study
	Introduction
	Methods
	Data Source and Study Population
	Measures
	Weighting
	Statistical Analysis
	Ethical Considerations

	Results
	Characteristics of the Study Sample at Baseline
	The Associations Between Technology Activities and Cognitive Domains
	Effects of Technology Activities on the Rate of Cognitive Decline

	Discussion
	Principal Findings
	Limitations
	Comparison With Previous Work
	Conclusions



