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Abstract

Background: Lonelinessisalong-standing and widely acknowledged public health problem among older adults, yet evidence
remains mixed regarding how virtual communication is associated with loneliness. Less is known about whether this association
varies across baseline profiles among older adults.

Objective:  This study aimed to examine the association between frequent virtual communication with family, friends, or
acquaintances and loneliness among ol der adults in Japan and explore whether this association varied across baseline profiles.

Methods: Using linked 2019 and 2022 data from the Japan Gerontological Evaluation Study, we conducted an observational
analysis of community-dwelling Japanese adults aged 65 years or older (N=4807). Baseline covariates were measured in 2019.
Frequent virtual communication was assessed in 2022 based on retrospective reports of internet or email use for communication
with family, friends, or acquaintances in the preceding year; frequent use was defined as use at least 2 to 3 times per week.
Participants not meeting this definition were categorized as nonusers or infrequent users. L oneliness was measured in 2022 using
the 3-item UCLA Loneliness Scale (range 3-9). We used targeted maximum likelihood estimation with SuperLearner and 42
baseline covariates to estimate the sample average—adjusted association and a generalized random forest approach to explore
heterogeneity in the estimated association across baseline profiles. Supplementary analyses examined baseline loneliness adjustment
in an alternative linked sample, a dichotomized loneliness outcome, propensity score overlap, and model calibration.

Results: The analytic sample included 4807 participants, of whom 1616 (33.6%) met the frequent virtual communication
definition. After adjusting for observed baseline covariates, frequent virtual communication was associated with a difference of
—0.136 in loneliness scores (95% Cl —0.194 to —0.078). Generalized random forest analyses suggested exploratory heterogeneity
in the estimated association across baseline profiles; most individual-level forest predictions for the estimated association were
below 0 (4519/4807, 94.0%). In supplementary analyses, the association remained in the same direction after adjustment for
baseline loneliness in an aternative linked sample (adjusted mean difference —0.117, 95% CI —0.173 to —0.061) and when
loneliness was dichotomized (oddsratio for loneliness 0.734, 95% CI 0.597-0.904). Propensity score diagnostics showed overlap
between exposure groups, although overlap was limited in the tails.

https://www.jmir.org/2026/1/€96187 JMed Internet Res 2026 | vol. 28 | €96187 | p. 1
(page number not for citation purposes)


mailto:d.kato0417@gmail.com
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH

Kato et al

Conclusions: Inthisobservational anaysisof older adultsin Japan, frequent virtual communication was associated with modestly
lower loneliness, and generalized random forest analyses suggested exploratory heterogeneity across baseline profiles. The
findings should be interpreted cautiously because the exposure was retrospectively reported, loneliness was measured in the same
survey wave, baseline loneliness was not available in the main analytic sample, and sample selection may have affected
generalizability. The findings should not be interpreted as evidence of causal effects.

(J Med Internet Res 2026;28:€96187) doi: 10.2196/96187
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Introduction

Loneliness—a distressing experience that arises from a
perceived discrepancy between one’s desired and actual level
of social connectedness—has emerged as an urgent public health
concern [1-3].

Loneliness is common among older adults; recent global
estimates suggest that approximately 1 in 10 older people
experience loneliness [3], and prior epidemiological work has
identified this demographic as a high-risk population because
social isolation and mobility limitations can exacerbate
loneliness [4]. Japan provides an important context for
examining virtual communication and loneliness becauseit has
one of the most rapidly increasing aging populations, and
loneliness and digital exclusion in later life are major public
health concerns. The Japan Gerontological Evaluation Study
(JAGEY) data include rich information on social participation,
socia capital, health, and digital engagement, allowing us to
examine this association among community-dwelling older
adults. Loneliness has been linked to arange of adverse health
outcomes, including depression, anxiety, cognitive decline, and
even increased mortality risk [5-7].

Virtual platforms such as video calls, socia media, and online
support may help older adults maintain social connectionswhen
in-person interaction is constrained. The COVID-19 pandemic
and resulting social distancing policies highlighted the potential
role of digital platformsin maintaining social connectionswhen
face-to-face interactions are restricted [8]. Virtua
communication may be related to loneliness through several
plausible pathways, including helping older adults maintain
emotionally meaningful contact, broadening access to
geographically distant social ties, and supporting routine
interaction among individuals with mobility limitations. These
mechanisms are plausible but were not directly tested in the
present study. Digital communication tools are increasingly
used by older adults, propelled by wider internet access and
improved digita literacy [9,10], although adoption remains
uneven because of differencesin digital access, skills, and social
resources[9,10]. However, previous studies have reported mixed
evidence on how technology-based socia interactions are
associated with loneliness among older adults: some have
reported lower loneliness or improved social connectedness
[11], whereas others have found little or no consistent
improvement in loneliness [12]. One possible explanation for
these mixed findings is that the association between virtua
communication and loneliness may vary across baseline social,
demographic, health, and neighborhood profiles[13]. Previous
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studies have often focused on estimating average associations
and have treated older adults as a relatively homogeneous
population. Less is known about whether the association
between virtual communication and loneliness differs across
basdline social, demographic, health, and neighborhood profiles.
Because the survey assessed virtual communication using
frequency categories, this study focused on a frequency-based
operationalization of regular virtua communication. This
approach alowed usto quantitatively assessdifferential degrees
of virtual communication without substantially increasing
respondent burden.

In this study, we examined the association between frequent
virtual communication and loneliness among older adults in
Japan and explored whether this association varied across
baseline profiles using linked 2019 and 2022 JAGES data. This
study focused specifically on internet-mediated communication
rather than interpersonal communication in general. Because
the exposure was retrospectively reported, loneliness was
assessed in the same survey wave, and the exposure does not
correspond to aprecisely specified intervention, weinterpreted
the analyses as adjusted associations rather than causal effects.
We used a generalized random forest approach to explore
whether the estimated association between frequent virtual
communication and loneliness varied across baseline
demographic, health, social, and neighborhood profiles.

Methods

Study Design and Sample

This study used a 2-wave observational design using linked
2019 and 2022 JAGES data. The JAGES survey was conducted
as amailed questionnaire survey rather than an online survey.
Therefore, participation was not restricted to internet users.
Eligible participants were community-dwelling older adults
aged 65 years or older who responded to the 2019 JAGES
survey, were followed up on in 2022, and received the internet
use questionnaire used to define frequent virtual communication.
Baseline covariates were measured in the 2019 JAGES survey.
Freguent virtual communication was assessed in the 2022 survey
based on retrospective reports of internet or email use for
communication in the preceding year. Loneliness was assessed
in the same 2022 survey wave. Therefore, although baseline
covariates preceded the exposure assessment, the temporal
ordering between the retrospectively reported exposure window
and loneliness assessment cannot be fully established. The
assumed temporal and reporting structureisillustrated in Figure
S1 in Multimedia Appendix 1. The JAGES is an ongoing,
population-based cohort study of community-dwelling Japanese
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adults aged 65 yearsor older initiated in 2010, with mail surveys
conducted approximately every 3 years. In 2019, questionnaires
were mailed to approximately 387,000 residents across 66
municipalities, and approximately 266,000 responses were
returned (response rate=68.7%). In the 2022 follow-up wave,
approximately 340,000 questionnaires were mailed across 76
municipalities, and approximately 229,000 responses were
returned (response rate=67.3%).

Theinternet use module was distributed to arandom subsample
of 45,974 participants in the 2019 survey. Of these 45,974
participants, 21,205 (46.1%) did not respond, and 24,769
(53.9%) responded. Of the 24,769 participants who responded,
we excluded 6916 (27.9%) with missing responses to the item
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on consent for research use, leaving 17,853 (72.1%) valid
respondents in 2019. In 2022, atotal of 4514 participants did
not respond, and 13,339 responded. Of the 13,339 participants
who responded, we excluded 687 (5.2%); the exclusion reasons
were not mutually exclusive and included requiring support or
long-term care (n=396, 57.6%), eligibility for long-term care
prevention services (n=59, 8.6%; 3/59, 5.1% also met the first
criterion), and nonconsent to research use (n=274, 39.9%;
39/274, 14.2% aso met the first or second criterion). Of the
12,652 valid 2022 respondents, 7845 (62.0%) were randomly
selected but did not receive the 2022 internet use questionnaire,
leaving a final analytic sample of 4807 (38.0%). The sample
selection flow is shown in Figure 1.

Figure 1. Flow diagram of the analytic sample from the 2019 and 2022 waves of the Japan Gerontological Evaluation Study. This study examined the
associ ation between frequent virtual communication and loneliness among community-dwelling older adultsin Japan. The diagram reportsthe available
counts for nonresponse, consent-related exclusions, 2022 exclusion reasons, respondents who did not receive the 2022 internet use questionnaire, and
the final analytic sample. Exclusion reasonsin 2022 were not mutually exclusive.
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Ethical Considerations

Ethics approval was obtained from the ethics committee of
Chiba University School of Medicine (2493), the National
Center for Geriatricsand Gerontology (992), and Nihon Fukushi
University (10-05). Written informed consent was assumed with
the voluntary return of the questionnaire. Respondents who
indicated that they did not agreeto participatein the study were
excluded from the analysis.
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The analytical framework consisted of baseline covariates
measured in 2019, frequent virtual communication
retrospectively assessed in 2022 for the preceding year, and
loneliness assessed in 2022. The 2019 variables were treated as
baseline covariates, frequent virtual communication was the
exposure variable, and loneliness was the outcome.
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Exposure: Freguent Virtual Communication

In the 2022 wave, participants were asked how often they had
used the internet or email in the preceding year. We defined
frequent useasuse at least 2 to 3 times per week. Thisthreshold
was based on the response categories available in the
guestionnaire and was selected as a pragmatic indicator of
frequent rather than occasional use. A stricter threshold would
have defined a different exposure contrast and excluded
participantswho reported using theinternet or email 2 to 3times
per week. Among those reporting internet or email use,
participants were also asked whether their purposes of use
included communication with family, friends, or acquaintances.
The questionnaire listed examples, such as email, Line, Zoom,
and video calls, but the item did not separately identify each
platform or communication modality. Frequent virtual
communi cation was not measured using astand-al one validated
scale; it was operationalized using these questionnaireitemson
frequency and communication purpose. We therefore defined
frequent virtual communication as using the internet or email
at least 2 to 3 times per week and reporting communication with
family, friends, or acquaintances as one purpose of use.
Participants who did not meet this definition were classified as
nonusers or infrequent users. The reference group included
participants who did not use internet or email; those who used
the internet or email less frequently than the frequent use
threshold; and those who used internet or email at least 2 to 3
times per week but did not report communication with family,
friends, or acquaintances asapurpose of use. The exposurewas
defined asinternet-mediated communication and did not include
telephone contact or face-to-face interaction. The survey item
did not identify the primary reason for communication or
distinguish among emotional support, routine coordination, and
information sharing.

Outcome; Loneliness

We measured loneliness as of the 2022 survey using the 3-item
UCLA Loneliness Scale[14,15]. Eachitem (eg, “How often do
you feel |eft out?”) was rated on a 3-point Likert scale. Scores
range from 3 (lowest loneliness) to 9 (highest loneliness). We
treated |oneliness as a continuous variable following a previous
study on lonelinessusing JAGES data[16]. Internal consistency
in our analytic sample was high (Cronbach 0=0.912 [ordinal
based on polychoric correlations], 95% bootstrap Cl
0.904-0.920).

Covariates

We used measures available in 2019 as covariates and selected
42 potential ones covering demographic, socioeconomic, health,
psychosocial, and behavioral domains. These variables were
selected based on prior studies suggesting that both internet use
and loneliness may beinfluenced by awide range of individual
characteristics [17,18]. We also assessed civic participation,
reciprocity, and socia cohesion using participants
individual-level responses to the JAGES health-related social
capital item, for which prior JAGES work has reported evidence
supporting reliability and validity among older Japanese adults
[19]. Civic participation is the summed frequency of
involvement in volunteer, sports, hobby, cultural, and
skill-sharing groups. Social cohesion captures neighborhood
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trust, shared norms of mutual aid, and attachment to the area.
Reciprocity indexes the giving and receiving of emotional and
instrumental support, reflecting mutual assistance within the
community. Higher scores indicate greater perceived
neighborhood social capital. In the present study, these
established indicators were used asbaseline covariatesto capture
perceived neighborhood social capital rather than constructing
new scales. We adjusted for general internet use in 2019 as a
proxy for baseline digital engagement [20]. This item did not
specifically measure prior virtual communication. In the 2019
JAGES survey, al respondents received the core items, and 1
of 8 additional questionnaire modules was randomly assigned
to each respondent to reduce respondent burden. Therefore,
module-specific items were by design available only for
respondents assigned to the corresponding modul e. Because the
general internet useitem and thelonelinessitemswere included
in different 2019 survey submodules, baseline loneliness was
not measured in the main analytic sample, which required the
general internet use item.

To assess robustness to baseline loneliness adjustment, we
constructed an alternative linked sample by starting from 2019
respondentswith baseline loneliness data; linking them to 2022
follow-up data; and applying the corresponding 2022 dligibility,
exposure, and outcome availability criteria. This yielded 4682
participants. Because the general internet use covariate was
unavailable in this alternative sample by design, this analysis
wasinterpreted as a supplementary robustness check rather than
adirect replacement for themain analysis. A full list of variables
isprovided in Table S1 in Multimedia Appendix 1.

Statistical Analysis

First, we used targeted maximum likelihood estimation (TMLE)
via the SuperLearner function and 42 baseline covariates to
estimate the sample average—adjusted association between
frequent virtual communication and longliness[21-23]. Because
frequent virtual communication was retrospectively reportedin
the 2022 survey and loneliness was measured in the same survey
wave, weinterpreted the estimates as observational associations
rather than definitive causal effects. TMLE combines an
outcome model and an exposure model and has adoubly robust
structure. This means that the estimator can remain consistent
if either the outcome model or the exposure model is correctly
specified under standard assumptions. For example, the
estimator may remain consistent if the outcome model for
loneliness is misspecified but the exposure model for frequent
virtual communication is correctly specified, or vice versa.
However, TMLE does not address unmeasured confounding,
recall bias, or ambiguity intemporal ordering. The SuperLearner
library included generalized linear models, neural networks,
and gradient boosting [24-26]. This learner set was selected
pragmatically to balance interpretability, flexibility for nonlinear
patterns, ability to capture higher-order interactions, and
computational feasibility. We do not claim that this library is
uniquely optimal. Generalized linear models were included to
provide a parsimonious main-effect structure, neural networks
were included to allow for flexible nonlinear patterns, and
gradient boosting was included to capture nonlinearities and
higher-order interactions. We used the Itmle and SuperLearner
packagesin R (R Foundation for Statistical Computing) [21,23].
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Next, we used a generalized random forest approach to explore
heterogeneity in the estimated association across baseline
profiles. Generalized random forests were selected for the
heterogeneity analysis because they can flexibly explore
variation in adjusted associations across many covariates and
potential interactions while reducing dependence on any single
tree-based partition. Compared with a single regression tree or
other simpler tree-based subgroup approaches, this approach
averages over many trees, uses honesty procedures to reduce
overfitting, provides individual-level forest predictions for
ranking participants, and enables calibration diagnostics for
assessing heterogeneity in the estimated associations [27,28].
We acknowledge that other estimators for heterogeneous
associations exist [29], but assessing the comparative
performance across different algorithmsis beyond the scope of
this study.

Conditional average treatment effect (CATE) denotes the
conditional average treatment effect estimand used by the
generalized random forest algorithm; estimated CATEs denote
individual-level forest predictions used to rank participants.
Because this was an observational association analysis, the
estimated CATES are interpreted as exploratory heterogeneity
in adjusted associations, not as definitive causal effects. In
growing trees, the algorithm randomly splits a subsample into
2 halves, uses the first half to determine the partitioning, and
uses the second half to estimate predictions within each |edf;
this process reduces overfitting in tree predictions. We
implemented the generalized random forest using the R package
orf [30]. We used 10-fold crossitting so that predictions for
each fold were obtained from trees trained on data excluding
observations from that fold. Before growing 10,000 trees, we
used out-of-bag predictions and sel ected tuning parametersvia
cross-validation, including the subsampling fraction, number
of candidate variables at each split, target minimum number of
observations in each leaf, fraction of data used for determining
splits, pruning settings for empty leaves, and split imbalance
parameters.

Model calibration was assessed using the test_calibration()
function in the grf package. This best linear predictor analysis
evaluated calibration of the average forest prediction using the
mean forest coefficient and evidence of heterogeneity in the
estimated CATESs using the differential forest coefficient. We
also used quartiles to summarize estimated CATE profiles for
interpretability. To construct the quartile summaries, participants
were ranked within each fold according to their estimated
CATEs and divided into quartiles (quartile 1 to quartile 4).
These quartile summarieswere used descriptively and were not
intended as the formal calibration assessment.

Finally, we conducted several supplementary analyses and
diagnostics. First, we used an aternative linked sample with
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baseline loneliness to examine whether additional adjustment
for baseline loneliness changed the estimated association.
Second, as a supplementary sensitivity analysis, we repeated
the analysis using adichotomized |oneliness outcome. Following
prior studies using the 3-item UCLA Loneliness Scale[31,32],
scores of 6 to 9 were classified as lonely, and scores of 3t0 5
were classified as not lonely. This dichotomization was used
only for asupplementary sensitivity analysis, and the continuous
loneliness score remained the primary outcome. Third, we
evaluated propensity score overlap between frequent users and
nonusers or infrequent users. Fourth, as described above, we
assessed calibration of the generalized random forest estimates
using the test_calibration() function in the grf package.

We imputed missing values for all analysis variables using
missForest, a random forest—based machine learning method
[33]. We used missForest because the analysis variables
included mixed variable types, including continuous, binary,
ordinal, and categorical variables. missForest can accommodate
nonlinear relationships and interactions among mixed-type
variableswithout requiring separate parametric modelsfor each
variable type. The final analytical models were fitted using the
imputed anal ytic dataset. The missing categories shownin Table
S2in MultimediaAppendix 1 refer to preimputation missingness
inthe original data columns and were presented for descriptive
purposes only; missingness was hot treated as a separate
category in the final analytical models. The overall proportion
of missing datawasrelatively small (<10%), asshown in Table
S2 in Multimedia Appendix 1. All analyses were conducted in
R (version 3.6.0) using the Itmle, SuperLearner, missForest,
and grf packages.

Results

Selected baseline characteristics of the analytic sample and
loneliness in 2022 are shown in Table 1, and full descriptive
statistics are provided in Table S2 in Multimedia Appendix 1.
The analytic sampleincluded 4807 participants, of whom 1616
(33.6%) met the frequent virtual communication definition.
Compared with nonusers or infrequent users, frequent virtual
communication users tended to be younger, had higher
educational attainment and household income, reported fewer
depressive symptoms, and more often had frequent contact with
friends. Of the 3191 participants in the group of nonusers or
infrequent users, 1962 (61.5%) did not use theinternet or email;
670 (21%) used the internet or email less frequently than the
frequent use threshold; and 559 (17.5%) used the internet or
email at least 2 to 3 times per week but did not report
communication with family, friends, or acquaintances as a
purpose of use.
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Table 1. Baseline covariates measured in 2019 and loneliness assessed in 2022 by frequent virtual communication status among community-dwelling

older adults in Japan in the imputed analytic sample (N=4807).

Frequent virtual communication Nonusers or infrequent users

Characteristic Total users? (n=1616) (n=3191)
Lonelinessin 2022 (3-9)°, mean (SD) 4.2(14) 39(12) 43(15)
Age (y), mean (SD) 73.7 (6) 71.2 (4.9) 74.9 (6.1)
Gender (women), n (%) 2548 (53) 926 (57.3) 1622 (50.8)
Marital status (married), n (%) 3607 (75) 1303 (80.6) 2304 (72.2)
Educational attainment (=13 y), n (%) 1360 (28.3) 686 (42.5) 674 (21.1)
Annual household income (¥10,000; US$1=¥164 as 242 (146) 287 (153) 220 (137)
of July 27, 2026), mean (SD)
Alcohol consumption (yes), n (%) 1922 (40) 710 (43.9) 1212 (38)
Smoking status (yes), n (%) 452 (9.4) 129 (8) 323(10.1)
Number of natural teeth (=20), n (%) 2544 (52.9) 1105 (68.4) 1439 (45.1)
Freguency of going out (once aweek or more), n (%) 4679 (97.3) 1602 (99.1) 3077 (96.4)
Civic participation (0-5)°, mean (SD) 11(12 14(13) 09(12)
Reciprocity (0-3)°, mean (SD) 2.7(06) 2.8(05) 27(07)
Social cohesion (0-3), mean (SD) 21(11) 22(1) 21y
Living alone, n (%) 571 (11.9) 161 (10) 410 (12.8)
Self-rated health (very good), n (%) 728 (15.1) 296 (18.3) 432 (13.5)
GDS 157 (0-15), mean (SD) 29(3.0) 22(25) 33(31)
I(:re)quency of meeting friends (=4 timesweekly), n 725 (15.1) 305 (18.9) 420 (13.2)
%
Internet use in 2018-2019 (afew timesamonthor 2635 (54.8) 282 (17.5) 2353 (73.7)

less), n (%)

3Frequent virtual communication was defined using a frequency item for internet or email use and a communication purpose item for communication
with family, friends, or acquaintances at least 2 to 3 times per week in the preceding year. The communication purpose item included examples such
asemail, Line, Zoom, and video callsbut did not separately identify each platform or modality. Nonusers or infrequent users were defined as participants

who did not meet this frequent virtual communication definition.

B oneliness was assessed in 2022 usi ng the 3-item UCLA Loneliness Scale (range 3-9), with higher scores indicating greater loneliness.

®The 3 key dimensions of social capital.
4GDS-15: 15-item Geriatric Depression Scale.

After adjusting for observed baseline covariates, frequent virtual
communication was associated with a difference of —-0.136 in
loneliness scores (95% Cl -0.194 to —0.078). Generaized
random forest analyses suggested exploratory heterogeneity in
the estimated association across baseline profiles;, most
individual-level forest predictionsfor the estimated association
were below 0 (4519/4807, 94.0%). The distribution of the
estimated CATEs is shown in Figure 2. Generalized random
forest calibration was assessed using the test calibration()
function in the grf package. The coefficient for the mean forest
prediction was 1.067 (P=.002), suggesting cdlibration of the
average forest prediction. The coefficient for the differential
forest prediction was 1.361 (P<.001), providing evidence of
heterogeneity in the estimated CATES. The adjusted mean
differences by quartile of the estimated CATEs are shown in
Figure 3. Selected baseline characteristics across the quartiles
of the estimated CATES are shown in Table 2; the full list of
baseline characteristicsis provided in Table S3 in Multimedia
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Appendix 1. Supplementary analyses are shown in Tables S4-S6
and Figure S2in MultimediaAppendix 1. In the supplementary
analysis using the alternative linked sample with baseline
loneliness, frequent virtual communication remained associated
with lower loneliness after additional adjustment for baseline
loneliness (adjusted mean difference -0.117, 95% CI -0.173
to —0.061; Table S4 in Multimedia Appendix 1). In the
dichotomized-outcome sensitivity analysis, frequent virtual
communication was associated with lower odds of loneliness
(oddsratio 0.734, 95% Cl 0.597-0.904; Table S5in Multimedia
Appendix 1). Propensity score overlap diagnostics are shown
in Table S6 and Figure S2 in Multimedia Appendix 1. The
distributions overlapped across exposure groups, athough
overlap was limited in the tails. Variable importance values
from the generalized random forest are presented in Table S7,
and communication modality-related variables available in the
2022 questionnaire are summarized in Table S8, both in
Multimedia Appendix 1.
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Figure 2. Distribution of estimated conditional average treatment effects (CATES) for the association between frequent virtual communication and
loneliness among older adults in Japan.

Figure 3. Generalized random
frequent virtual communication
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Table2. Selected baseline covariates measured in 2019 and loneliness assessed in 2022 stratified by quartiles of estimated conditional average treatment
effects (CATES) for the association between frequent virtual communicationa and loneliness among older adults in Japanb.

Baseline characteristic Quartile 1 Quartile 2 Quartile 3 Quartile 4
(n=1207) (n=1200) (n=1200) (n=1200)
Estimated CATES, mean (SD) -0.21(0.03)  -0.13(0.02) -0.07 (0.02) -0.02 (0.03)
Lonelinessin 2022 (3-9)°, mean (SD) 45(L6) 4.3(1.5) 41(1.4) 39(13)
Age (y), mean (SD) 73.2(5.9) 74.1(6.1) 74.0 (6.0) 73.4(5.8)
Gender (women), n (%) 51 (4) 376 (31) 960 (80) 1161 (97)
Marital status (married), n (%) 989 (82) 918 (76) 830 (69) 870 (72)
Educational attainment (=13y), n (%) 515 (43) 308 (26) 298 (25) 239 (20)
Annual household income (¥10,000; US $1= ¥164 as of July 27, 2026), 240 (154) 227 (143) 233 (135) 269 (150)
mean (SD)
Alcohol consumption (yes), n (%) 266 (22) 423 (35) 737 (61) 828 (69)
Smoking status (yes), n (%) 164 (14) 200 (17) 77 (6) 11 (1)
Number of natural teeth (=20), n (%) 504 (49) 563 (47) 615 (51) 772 (64)
Frequency of going out (once aweek or more), n (%) 1167 (97) 1163 (97) 1172 (98) 1177 (98)
Civic participation® (0-5), mean (SD) 0.8(L1) 10(12) 12(13) 13(13)
Reciprocity® (0-3), mean (SD) 25(0.8) 2.7(06) 2.7(05) 29(03)
Social cohesion® (0-3), mean (SD) 2.0(1.2) 21(1.1) 21(1.1) 2.1(1.0)
Living alone (yes), n (%) 128 (11) 139 (12) 167 (14) 137 (11)
Self-rated health (very good), n (%) 162 (13) 221 (18) 193 (16) 152 (13)
GDS-15° (0-15), mean (SD) 32(33) 31(32) 2.8(29) 27(25)
Frequency of meeting friends (=4 times weekly), n (%) 164 (14) 172 (14) 229 (19) 160 (13)
Internet use in 2018-2019 (a few times amonth or less), n (%) 636 (53) 688 (57) 701 (58) 610 (51)

3Frequent virtual communication was defined using a frequency item for internet or email use and a communication purpose item for communication
with family, friends, or acquaintances at least 2 to 3 times per week in the preceding year. The communication purpose item included examples such
asemail, Line, Zoom, and video callsbut did not separately identify each platform or modality. Nonusers or infrequent users were defined as participants
who did not meet this frequent virtual communication definition.

bQuarti le1to quartile 4 represent quartiles of the estimated CATEs. Quartile 1 had the most negative estimated CATES, whereas quartile 4 had estimated

CATEs closest to the null. CATE denotes the conditional average treatment effect estimand; estimated CATEs denote the individual-level forest
predictions used for stratification. Because this study was an observational association analysis, the estimated CATESs are interpreted as exploratory

heterogeneity in adjusted associations, not as definitive causal effects.

CL oneliness was assessed in 2022 using the 3-item UCLA Loneliness Scale (range 3-9), with higher scoresindicating greater loneliness.

The 3 key dimensions of socia capital.
€GDS-15: 15-item Geriatric Depression Scale.

The quartile 1 group, which had the most negative estimated
CATES (mean estimated CATE -0.21, SD 0.03), had a higher
proportion of men compared to quartile 4 (51/1207, 4% vs
1161/1200, 97%) and higher educational attainment (515/1207,
43% of participants had =13 years of education vs 239/1200,
20%). Compared to quartile 4, the quartile 1 group aso had a
lower prevalence of alcohol consumption (266/1207, 22% vs
828/1200, 69%), a higher prevalence of current smoking
(164/1207, 14% vs 11/1200, 1%), and lower levels of civic
participation (mean 0.8, SD 1.1 vs mean 1.3, SD 1.3) and
reciprocity (mean 2.5, SD 0.8 vsmean 2.9, SD 0.3) intheir own
neighborhoods, whereas they had comparable social cohesion
(mean 2.0, SD 1.1 vs mean 2.1, SD 1.0). The quartile 1 group
also reported greater baseline depressive symptoms (15-item
Geriatric Depression Scale: mean 3.2, SD 3.3 vsmean 2.7, SD
2.5). We characterized baseline profiles across quartiles of the

https://www.jmir.org/2026/1/e96187

estimated CATESs. These comparisons were used descriptively
to summarize profilesfor which frequent virtual communication
was estimated to be more or less strongly associated with
loneliness. They should not be interpreted as evidence that any
single characteristic independently modified the association.

Discussion

Principal Findings

In this observational analysis of community-dwelling older
adultsin Japan, frequent virtual communication was associated
with modestly lower loneliness. Generalized random forest
analyses suggested exploratory heterogeneity in the estimated
association across baseline profiles. The quartile profiles
indicated that participants with the most negative estimated
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CATEs differed in several baseline characteristics from those
with estimated CATES closer to the null, but these descriptive
comparisons should not be interpreted as evidence that any
single characteristic independently modified the association.

Our finding that frequent virtual communication was associated
with lower loneliness complements those of previous studies
on information and communications technology interventions
and social connectedness[11]. Virtual communication may be
related to lonelinessthrough several plausible pathways. It may
help older adults maintain emotionally meaningful contact when
in-person interaction is constrained, broaden access to
geographically distant social ties, and support routine interaction
among individual s with mobility limitations. Our findings can
also be interpreted in relation to networked individualism and
social capital perspectives [34]. Virtual communication may
allow older adultsto maintain social ties beyond geographically
proximate networks and may supplement locally available socia
resources. However, these interpretations remain speculative
because the present study did not directly examine
communication content, tie strength, or mechanisms linking
virtual communication to loneliness.

Previous studies have reported mixed evidence on information
and communications technology interventions and loneliness
[11]. The exploratory heterogeneity observed in this study may
partly help explain why average associations differ across
studies, but the quartile profiles should not be interpreted as
identifying independent effect modifiers. Profiles with more
negative estimated CATEs included participants with several
baseline characteristics, such as a higher proportion of men,
higher educational attainment, greater depressive symptoms,
lower civic participation and reciprocity, and ahigher prevalence
of current smoking. These patterns are descriptive and
hypothesis generating.

The adjusted average association (-0.136, 95% CI —0.194 to
-0.078) was small in magnitude. Therefore, it should not be
interpreted as evidence of a large change in loneliness at the
individual level. However, because internet-mediated
communication is scalable, even modest population-level
associations may be relevant from a public health perspective
[35]. This interpretation remains cautious because the present
study was observational. A frequency-based measure is useful
inlarge-scale epidemiol ogical surveysbecauseit allowsvirtual
communication use to be quantified without substantially
increasing respondent burden. However, frequency alone does
not capture the quality, duration, emotional tone, reciprocity,
or relational context of communication. Therefore, frequent
virtual communication should not be interpreted as equivalent
to emotionally meaningful or supportive communication. Virtual
communication may asoinvolverisksfor older adults, including
exposure to fraud, misinformation, privacy concerns, and the
burden of navigating digital tools[36]. Any practical application
of digital communication should therefore consider digital
literacy, safety, accessihility, and support for older adults. Future
studies should distinguish communication modalities such as
text-based messaging, email, video calls, and tel ephone contact.
They should also measure communication quality, emotional
tone, tie strength, and relational context. More prospective
designs with baseline loneliness and repeated assessments of

https://www.jmir.org/2026/1/e96187
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communication and loneliness are needed to clarify temporal
ordering. Replication in other countries and populationsis aso
warranted. However, the present exposure definition relied on
JAGES-specific survey items on frequency and purpose of
internet or email use. Equivalent measures may not be available
in other datasets, and harmonization across datasets would
require separate validation work.

Limitations

Several limitations merit consideration. First, the exposure was
retrospectively reported in the 2022 survey for the preceding
year, whereas|oneliness was assessed in the same survey wave.
Therefore, true tempora precedence cannot be established.
Current loneliness may have influenced participants’ recall of
prior virtual communication, and this potential recall bias should
be considered when interpreting the findings. Second, baseline
loneliness was not available in the main analytic sample, and
residual confounding or reverse causation due to unmeasured
baseline loneliness remains possible. Although adjustment for
baseline general internet use may partly capture prior digital
engagement that could be related to both baseline loneliness
and later virtual communication, this item did not specifically
measure prior virtual communication and, therefore, does not
eliminate this concern. The supplementary analysis using an
aternative linked sample with baseline loneliness showed an
association in the same direction. However, while assignment
of the 2019 questionnaire modules was at random, patterns of
nonresponse to the basdline loneliness module might differ from
patterns of responseto the submodule used inthe main analysis,
leading to distinct selection bias. Third, participant
characteristics may have changed between the 2019 baseline
survey and the 2021 to 2022 exposure window. Such changes,
including changes in health, socia relationships, or digital
access, may have introduced time-varying confounding that
was not captured by baseline covariates. Fourth, our primary
exposure combined heterogeneous communication modes and
did not distinguish asynchronous text-based communication
from real-time video interaction. This aggregation may have
diluted or obscured modality-specific associations. The survey
item also did not identify the primary reason for communication
or distinguish communication content, such as emotional
support, routine coordination, and information sharing.
Therefore, we could not evaluate whether the association
differed by communication purpose or content. In addition,
general internet use in 2019 was used as a proxy for baseline
digital engagement and did not specifically measure prior virtual
communication. Fifth, the reference group was heterogeneous
and included true nonusers; infrequent internet or email users;
and participants who used the internet or email frequently but
did not report communication with family, friends, or
acquaintances as a purpose of use. Therefore, the comparison
was not between frequent virtual communication and exclusive
nonuse. This heterogeneity may have diluted the estimated
association. Sixth, because the exposure did not include
telephone contact or face-to-faceinteraction, thefindings should
be interpreted as specific to internet-mediated communication
and should not be generalized to interpersonal communication
or remote communication more broadly. Seventh, the analytic
sample (N=4807) was drawn from the 2019 survey respondents
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available in the distributed individual-level data (n=24,769);
baseline covariates were unavailable for the preresponse initial
enrollment group (n=45,974). Compared with the 2019
respondent sample, the analytic sample differed in several
baseline characteristics (Table SO in Multimedia Appendix 1).
This attrition may limit generalizability and may have affected
the sample average association in either direction depending on
whether underrepresented participants would have shown
weaker or stronger associations with frequent virtual
communication. Attrition may also have affected the estimated
heterogeneity patterns. Although we evaluated propensity score
distributions and observed reasonabl e overlap except in thetails,
residual extrapolation may remain in some covariate regions.
Eighth, the heterogeneity analysis may be affected by correlated
covariatesand noisy predictors, and the estimated CATE profiles

Kato et al

should therefore be interpreted as exploratory. Variable
importance values from the generalized random forest reflect
how often variables contributed to splitting within the forest
algorithm. High variable importance does not necessarily
indicate that a variable is a conceptually important or
independent source of heterogeneity. We did not compare
estimates across multiple heterogeneity estimators, and such
comparisons should be considered in future work.

Conclusions

Frequent virtual communication was associated with modestly
lower loneliness among older adults in Japan. The association
varied across baseline profiles, but these heterogeneity findings
should be interpreted descriptively, and the estimated
heterogeneous associations cannot be causally attributed to any

of the observed covariates.
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