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Abstract 

Social media platforms are central to daily social interaction, with emerging evidence 

linking higher engagement to adverse outcomes, including increased stress, sleep 

disturbance, and depressive symptoms. However, whether these digital exposures 

translate into measurable acceleration of biological aging remains unexplored, 

particularly among midlife and older adults. We analyzed cross-sectional data from 

323 participants (Mean age = 47.5 years, SD = 11.8) in the Midlife in the United States 

Refresher Study who completed daily diary assessments of social media use dura-

tion and provided blood samples for epigenetic aging measurement. Epigenetic aging 

was quantified using DunedinPACE and GrimAge2 from genome-wide DNA methyla-

tion analysis. In a linear regression model controlling for differences in inter- 

assessment intervals, sociodemographic characteristics, health behaviors, and 

self-reported mental health, each additional hour of daily social media use was 

significantly associated with a 0.19-SD higher DunedinPACE score (95% CI: 0.08 

to 0.29, p < 0.001). However, further adjustment for body mass index attenuated this 

association (0.09 SD increase, 95% CI: -0.01, 0.19, p = 0.088), suggesting that BMI 

may reflect the downstream consequences of broader behavioral, metabolic, psycho-

social, environmental, and health-related processes relevant to the observed rela-

tionship. No associations were observed with GrimAge2 across any model. These 

findings provide preliminary evidence that social media use duration is associated 

with the pace of biological aging as measured by DunedinPACE. Future research 

should employ longitudinal designs with direct measurement of digital engagement, 

behavioral and psychosocial processes, and physiological mechanisms to clarify how 

digital environments may relate to biological aging over time.
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Author summary 

Social media is part of everyday life for many people, yet researchers still know 
little about how it may relate to long-term physical health and aging. In this study, 
we examined whether the amount of time adults spent using social media was 
associated with epigenetic aging, a molecular indicator of biological aging based 
on DNA methylation patterns. DNA methylation refers to chemical marks on DNA 
that help regulate gene activity and can change with age, stress, behavior, and 
other exposures. We analyzed data from adults participating in the Midlife in the 
United States (MIDUS) Refresher Study who completed repeated daily diary 
assessments of social media use and provided blood samples for DNA methyl-
ation analysis. We examined two next-generation epigenetic aging measures: 
DunedinPACE, which captures the pace of biological aging, and GrimAge2, 
which reflects mortality- and disease-related aging risk. Greater social media 
use duration was associated with a faster pace of biological aging as measured 
by DunedinPACE, although this association was attenuated after accounting for 
body mass index. No association was observed for GrimAge2. Together, these 
findings contribute to emerging research examining how digital environments 
may relate to biological aging and long-term health processes.

Introduction

Social media platforms are central features of contemporary social life, shaping how 
individuals communicate, seek support, and engage with broader social networks 
[1,2]. These environments can foster connection, belonging, and access to social 
support; all of which may support psychological well-being [3–5]. At the same time, 
social media platforms may also expose users to chronic psychosocial stressors, 
including social comparison, discrimination, harassment, and negative social evalua-
tion [6–8]. These digitally mediated experiences may shape emotional well-being and 
stress-related processes, particularly when interactions are frequent, socially evalua-
tive, or difficult to disengage from [9–11].

Indeed, emerging evidence links higher social media engagement with elevated 
perceived stress, sleep disturbance, and depressive symptomatology, all of which 
are intermediate risk factors for accelerated aging—that is, biological changes that 
outpace chronological age, reflecting faster physiological decline and increased vul-
nerability to age-related diseases and mortality [12–16]. However, it remains unclear 
whether social media use is associated with measurable indicators of biological 
aging, particularly among midlife and older adults. DNA methylation-based epigenetic 
aging biomarkers offer one approach for examining this question by capturing molec-
ular signatures associated with aging-related physiological change [17,18]. In partic-
ular, DunedinPACE and GrimAge2 capture distinct dimensions of biological aging, 
with DunedinPACE reflecting the pace of biological aging and GrimAge2 capturing 
morbidity- and mortality-related methylation patterns [17,18].
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Both behavioral and psychosocial pathways may contribute to associations between social media use and biological 
aging [13,19,20]. Health behaviors such as substance use and sedentary activity, each associated with social media use, 
represent established correlates of stress and aging [13,19,20]. Sedentary behavior, in particular, has been associated 
with metabolic dysregulation and chronic inflammation, both linked to epigenetic age acceleration [21–23]. In parallel, 
psychosocial processes linked to digital engagement, including hypervigilance, perceived social threat, and upward social 
comparison, may operate through overlapping stress-related neuroendocrine and inflammatory mechanisms [24–26]. 
Although these pathways are theoretically plausible, they remain understudied in relation to epigenetic aging, and most 
existing research on social media and health has focused on psychological or behavioral outcomes rather than molecular 
biomarkers [27,28].

The present study investigates associations between social media use duration and epigenetic aging as measured 
by DunedinPACE and GrimAge2 in a national sample of midlife and older adults from the Midlife in the United States 
(MIDUS) Refresher study. This novel assessment focusing on duration of social media use provides a first step toward 
understanding whether digital social environments are associated with biologically embedded aging processes. In doing 
so, we conceptualize social media use not merely as individual behavior but as a consequential feature of the contempo-
rary social environment.

Methods

Ethics statement‌‌

All MIDUS protocols were approved by the University of Wisconsin Institutional Review Board. This secondary analy-
sis of publicly available, de-identified data did not require additional IRB approval from New York University. Data were 
accessed for research purposes on 25/09/2025. The IRB waived the informed consent requirement.

Study design, setting, and sample

This cross-sectional study used data from the Midlife in the United States (MIDUS) Refresher Study, a national study of 
U.S. adults aged 25–75 years [29]. From 2011 to 2014, 3,577 participants were recruited via random-digit dialing proce-
dures. Following baseline questionnaires, participants could opt into several follow-up projects. The current investigation 
merged data from Project 2 (Daily Diary Study, 2012–2014, n = 782) and Project 4 (Biomarker Study, 2012–2016, n = 863) 
[30]. The analytic sample included 323 individuals who participated in both follow-up projects and had biological aging 
measures available. As participants in our analytic sample were required to complete both the Daily Diary (Project 2) and 
Biomarkers (Project 4), they represent a subset selected for high participant engagement. However, prior work on the 
MIDUS Refresher cohort found that participants completing the Biomarkers assessment (Project 4) were largely compara-
ble to those completing only the broader MIDUS survey components, with similar distributions of age, sex, and race [31]. 
Detailed descriptions of all MIDUS procedures have been outlined in previous publications [29,30,32,33]. We adhered to 
the Strengthening the Reporting of Observational Studies in Epidemiology guidelines [34].

Epigenetic aging

In the MIDUS Refresher Biomarker Study (Project 4), participants completed biomarker assessments across a two-day 
clinic visit at the University of Wisconsin-Madison, Georgetown University, or the University of California, Los Angeles 
[30]. The two-day protocol was a standardized feature of the parent study design, enabling fasting blood collection on 
the morning of Day 2 following an overnight 12-hour urine specimen collection. Whole blood samples were obtained in 
EDTA-containing BD Vacutainer Tubes before being frozen for storage [35]. Following DNA extraction, samples under-
went quality assessment for yield and purity prior to methylation analysis. Genome-wide DNA methylation was measured 
using the Illumina Methylation EPIC platform. Raw methylation intensity data were processed using the noob background 
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correction method from the minfi R package to minimize technical variation [36]. This processing generated beta values 
representing methylation percentages at individual CpG sites, which underwent normalization procedures. Data were then 
mapped to CpG sites compatible with the Illumina 450K array format to ensure compatibility with established epigenetic 
aging algorithms. Comprehensive quality control measures were applied, including probe detection p-value evaluation, 
sample call rate assessment, sex concordance checking, and comparison with reference methylation profiles. All samples 
satisfied quality control standards.

Epigenetic aging biomarkers were calculated from the processed methylation data using two validated algorithms: 
GrimAge2 and DunedinPACE [17,18]. These specific measures were chosen over other epigenetic clocks available in 
MIDUS (including Horvath and Hannum) [37,38] because they capture distinct, clinically relevant dimensions of biological 
aging that were most closely aligned with the aims of the present study [39]. DunedinPACE quantifies the rate of biolog-
ical aging (years of physiological decline per calendar year), while GrimAge2 estimates cumulative biological damage 
and predicts mortality and morbidity risk [17,18]. GrimAge2 and DunedinPACE values were standardized to z-scores 
(mean = 0, standard deviation [SD] = 1) to facilitate comparison of regression coefficients across outcomes, given that 
these clocks have different measurement scales (years of biological age acceleration and pace of aging per chronological 
year, respectively).

Social media use duration

The MIDUS Refresher Daily Diary Project (Project 2) collected daily experiences data through brief telephone interviews 
administered over eight consecutive days, focusing on self-reported measures of stress and well-being [33]. Daily Diary 
data collection was conducted throughout the year in small groups of approximately 20 participants, with each group com-
pleting the eight-day interview sequence over the same time period [40]. Distributing data collection across the calendar 
year helped reduce the likelihood that findings would reflect season-specific patterns in daily experiences of social media 
use. Retention was high: 93% of participants completed at least six days, 90% completed at least seven days, and 80% 
completed all eight days [41].

During each daily interview, participants were asked “Since this (time/we spoke) yesterday, how much time did you 
spend on social media websites (Facebook, Twitter, MySpace)?” For data processing, we converted all time reports to 
minutes and calculated the total minutes of social media use for each day [42]. We then computed each participant’s 
average daily social media use across all completed study days. Social media use duration was divided by 60 to facilitate 
interpretation of results as the change in SD units of epigenetic aging per one-hour increase in average daily social media 
use.

Covariates

Covariates included inter-assessment interval, sociodemographic characteristics, health behaviors, mental health, and 
body mass index (BMI). To account for the temporal distance between assessments, we derived the inter-assessment 
interval as the absolute difference in months between each participant’s daily diary interview date and biomarker collec-
tion date. Sociodemographic characteristics included age (continuous variable), sex (male versus female), race/ethnicity 
(White versus non-White), marital status (married, divorced/separated/widowed, never married), educational attain-
ment (less than college versus college degree or higher) and annual household income from wages (<$50,000 versus 
$50,000+). Due to small sample sizes, the non-White category comprised participants identifying as Hispanic, Asian, 
Black, Native American/Alaskan Native, and Native Hawaiian/Pacific Islander.

Health behaviors included smoking status (never, past, current), past month alcohol consumption (never, less than one 
day per week, one to two days per week, three or more days per week), and leisure-time physical activity. Leisure-time 
physical activity was operationalized as a composite of moderate and vigorous activity frequency averaged across sum-
mer and winter seasons. Each item was rated on a 6-point scale ranging from 1 (several times a week) to 6 (never). Items 
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were reverse-coded prior to averaging such that higher composite scores reflect greater leisure-time physical activity 
(Cronbach’s α = 0.92). Mental health was assessed using self-reported indicators of depression (yes/no) and anxiety disor-
der (yes/no) [43]. BMI (kg/m2) was obtained from the biomarker assessment and analyzed as a continuous variable.

Analytic strategy

Zero-order correlations were computed among key study variables (age, social media use duration, GrimAge2, and 
DunedinPACE). To examine the association between social media use and epigenetic aging, we fit linear regression 
models in a stepwise manner for each outcome (DunedinPACE and GrimAge2). Model 1 adjusted for inter-assessment 
interval and sociodemographic characteristics (age, sex, race/ethnicity, marital status, educational attainment, and annual 
household income). Model 2 added health behaviors (smoking status, alcohol consumption, and leisure-time physical 
activity). Model 3 further adjusted for mental health (depression and anxiety disorder). Model 4 additionally adjusted for 
BMI.

Missing data were addressed using multiple imputation by chained equations via the mice R package [44]. We speci-
fied logistic regression for race/ethnicity and annual household income, multinomial logistic regression for marital status, 
and predictive mean matching for leisure-time physical activity. Results were pooled across ten imputed datasets accord-
ing to Rubin’s rules [45]. All analyses were conducted in R [46], with statistical significance set at p < 0.05 (two-sided).

To assess the robustness of primary findings, we conducted three sensitivity analyses. First, we tested for a curvilinear 
relationship by adding a quadratic term for social media use duration. Second, we modeled a natural log-transformed 
version of the exposure to account for its skewed distribution. Third, we varied the number of imputed datasets between 
20 and 50 to evaluate the stability of results under different multiple imputation specifications.

Results

Sample characteristics

The mean age of the sample was 47.5 years (SD = 11.8) and 53.6% of participants were female, 80.2% were White, and 
63.2% were married (Table 1). Regarding socioeconomic status, 58.5% had a college degree or higher and 57.6% had an 
annual household income of at least $50,000. The distribution for self-reported mental health was 13.6% with depression 
and 3.1% with anxiety disorder. Concerning health behaviors, 69.0% never smoked, 30.0% never consumed alcohol, and 
the mean leisure-time physical activity score was 4.5 (SD = 1.5). The average BMI was 29.8 kg/m2 (SD = 7.4). On average, 
participants spent 25.5 minutes per day on social media (SD = 54.7). The zero-order correlations are presented in Table 2,  
with chronological age being significantly correlated with DunedinPACE (r = 0.32, p < 0.001) and GrimAge2 (r = 0.89, 
p < 0.001). Social media use duration significantly correlated with DunedinPACE (r = 0.18, p = 0.001) but not with GrimAge2 
(r = -0.02, p = 0.67).

Associations between social media use duration and epigenetic aging

Fig 1 and S1 Table show the linear regression models examining the association between social media use duration and 
epigenetic aging. We generally observed a statistically significant association between social media use duration and 
DunedinPACE, but not with GrimAge2. Model 1 indicated that each additional hour of social media use was significantly 
associated with a 0.17 SD increase in DunedinPACE (95% CI: 0.06 to 0.28, p = 0.002), adjusting for inter-assessment 
interval and sociodemographic characteristics. After health behavior adjustment in Model 2, this association slightly 
increased to a 0.18 SD increase (95% CI: 0.07 to 0.29, p = 0.002). The association persisted with additional adjustment 
for mental health in Model 3 (0.19 SD increase, 95% CI: 0.08 to 0.29, p < 0.001). However, introducing BMI in Model 4 
attenuated the association to a 0.09 SD increase (95% CI: -0.01 to 0.19, p = 0.088). In contrast, we found no evidence of 
a statistically significant relationship between social media use duration and GrimAge2 across any model specification. 
Estimates were relatively small and stable across Models 1–3 (0.03 SD increase), with CIs consistently spanning zero. In 
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Table 1.  Characteristics of 323 participants from the midlife in the United States refresher study.

Characteristic N = 323

Age, Mean (SD) 47.5 (11.8)

Sex, n (%)

Male 150 (46.4)

Female 173 (53.6)

Race/ethnicity, n (%)

White 259 (80.2)

non-White 60 (18.6)

Missing 4 (1.2)

Marital status, n (%)

Married 204 (63.2)

Divorced/Separated/Widowed 64 (19.8)

Never married 54 (16.7)

Missing 1 (0.3)

Educational attainment, n (%)

Less than college 134 (41.5)

College degree or higher 189 (58.5)

Annual household income, n (%)

<$50,000 122 (37.8)

$50,000+ 186 (57.6)

Missing 15 (4.6)

Depression, n (%)

No 279 (86.4)

Yes 44 (13.6)

Anxiety disorder, n (%)

No 313 (96.9)

Yes 10 (3.1)

Smoking status, n (%)

Never 223 (69.0)

Past 72 (22.3)

Current 28 (8.7)

Alcohol consumption, n (%)

Never 97 (30.0)

<1 day a week 89 (27.6)

1-2 days a week 66 (20.4)

3 + days a week 71 (22.0)

Leisure-time physical activity, Mean (SD) 4.5 (1.5)

Missing, n (%) 2 (0.6)

Body mass index (kg/m2), Mean (SD) 29.8 (7.4)

Inter-assessment interval (months), Mean (SD) 14.5 (7.5)

Social media use duration (average daily minutes), 
Mean (SD)

25.5 (54.7)

GrimAge2, Mean (SD) 58.2 (10.5)

DunedinPACE, Mean (SD) 0.9 (0.1)

https://doi.org/10.1371/journal.pdig.0001570.t001
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the final adjusted model additionally controlling for BMI, the association was attenuated to null (0.00 SD change, 95% CI: 
-0.05 to 0.05, p = 0.99). Sensitivity analyses did not support a curvilinear dose-response relationship between social media 
use duration and epigenetic aging (S2 Table). Findings were also consistent when using a natural log-transformed ver-
sion of the exposure (S3 Table) and when varying multiple imputation specifications (S4 Table), collectively supporting the 
robustness of the primary results.

Discussion

In this national sample of midlife and older U.S. adults, greater social media use duration was associated with a faster 
pace of biological aging as measured by DunedinPACE. This association persisted after comprehensive adjustment for 
demographic, socioeconomic, and health-related factors, as well as smoking status and alcohol use. However, when BMI 
was included, the association was attenuated and no longer statistically significant. In contrast, no association between 
social media use and GrimAge2 was observed in any model specification.

Our findings extend the emerging conceptualizations of digital environments as contemporary social contexts relevant 
to health [47,48]. Although social media is frequently examined through psychosocial frameworks [49], the observed 

Table 2.  Zero-order correlations among key study variables.

Variable 1 2 3

1. Age

2. Social media use duration (average daily minutes) -0.08

3. GrimAge2 0.89*** -0.02

4. DunedinPACE 0.32*** 0.18** 0.59***

**p < 0.01.

***p < 0.001.

https://doi.org/10.1371/journal.pdig.0001570.t002

Fig 1.  Adjusted associations between social media use duration and epigenetic aging in the Midlife in the United States Refresher Study. 
Regression coefficients reflect the SD change in epigenetic aging per 1-hour increase in average daily social media use.

https://doi.org/10.1371/journal.pdig.0001570.g001
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attenuation after BMI adjustment suggests that behavioral or metabolic factors related to BMI may also be relevant to 
the association between social media use duration and DunedinPACE. However, BMI may reflect the downstream con-
sequences of broader lifestyle, psychosocial, environmental, and health-related processes [50] that were not directly 
measured in the present study. The role of BMI in this association is noteworthy given prior evidence linking BMI with 
epigenetic age acceleration [51,52], as well as established links between chronic low-grade inflammation, and metabolic 
dysregulation [53,54]. These findings raise the possibility that metabolic-inflammatory pathways may be relevant to the 
observed association between social media use and accelerated biological aging as captured by DunedinPACE  
[53,55–60], although the present study cannot determine whether BMI operates as a mediator, confounder, or marker of 
shared underlying processes. The absence of an association with GrimAge2 further implies that social media use may 
relate more closely to the pace of ongoing physiological change than to cumulative mortality-linked methylation signatures 
that evolve over time [17,18]. This interpretation is consistent with prior evidence suggesting that metabolic and lifestyle- 
related factors may show different patterns of association across epigenetic measures, with some associations persisting 
for DunedinPACE after lifestyle adjustment but attenuating for GrimAge [61].

It is important to note, however, that digital engagement is not uniformly detrimental. Online platforms can foster con-
nection, support, and access to health-promoting information [62,63], suggesting that the biological effects of social media 
use are heterogeneous and likely context-dependent. Thus, the health relevance of social media use likely depends not 
only on duration, but also on the quality and context of engagement, including whether interactions are primarily sup-
portive, stressful, exclusionary, or socially threatening [64,65]. Moreover, individuals already exposed to chronic stress or 
social disadvantage offline may experience amplified psychosocial strain in digital environments where social hierarchies 
and inequities are often reproduced and intensified [66,67].

Overall, this work provides preliminary evidence connecting social media use to accelerated epigenetic aging in a 
national sample, employing rigorous methods including daily diary assessments and two next-generation DNA methyl-
ation clocks. Several methodological strengths merit consideration. The daily diary design reduced reliance on a single 
retrospective estimate of social media use by capturing duration repeatedly across consecutive days. In addition, the 
use of complementary epigenetic aging measures enabled assessment of whether associations differed across distinct 
dimensions of biological aging, including the pace of physiological decline and mortality-linked methylation signatures. 
While these features are notable strengths, the interpretive scope of our findings is shaped by important limitations. It 
is also important to note that our sample was predominantly White, limiting the ability to assess racial/ethnic variation in 
the observed association. Future research with larger and more diverse samples is needed to examine whether associa-
tions between social media use and biological aging vary across racial/ethnic groups, age, sex, and BMI. Moreover, the 
cross-sectional design precludes causal inference and limits interpretation of BMI as either a mediator, confounder, or 
shared correlate. Accordingly, the present findings should be interpreted as associative rather than directional, and longi-
tudinal studies will be necessary to clarify temporality and the role of behavioral and psychosocial pathways. Furthermore, 
self-reported usage duration cannot capture qualitative aspects of engagement, such as content, context, or affective 
tone, that likely moderate biological outcomes. Self-reported measures of social media use are also subject to potential 
recall error and misclassification, particularly given variability in how individuals define and interpret social media platforms 
and activities, as well as broader inconsistencies in how social media use is conceptualized and measured across studies 
[68,69]. Future longitudinal studies integrating objective digital trace data, ecological momentary assessment, and mecha-
nistic biomarkers (e.g., cortisol, cytokines) will be essential to delineate causal pathways linking digital contexts with aging 
processes.

Conclusion

These findings provide preliminary evidence that social media use may be linked to biological aging processes, particu-
larly those captured by methylation measures of the pace of biological aging such as DunedinPACE. The attenuation of 



PLOS Digital Health | https://doi.org/10.1371/journal.pdig.0001570  August 6, 2026 9 / 12

effects after accounting for BMI suggests that behavioral, metabolic, and lifestyle-related processes may be relevant to 
this association. By integrating digital behavior into models of health and aging, this work highlights the potential impor-
tance of considering online environments as meaningful components of contemporary social and behavioral contexts. 
As digital platforms increasingly structure daily interactions, clarifying how they influence behavioral, psychosocial, and 
physiological processes will be essential to advancing biobehavioral theories of stress, adaptation, and aging.

Supporting information

S1 Table. Adjusted associations between social media use duration and epigenetic aging in the midlife in the 
United States refresher study. 
(DOCX)

S2 Table. Linear and quadratic associations between social media use duration and epigenetic aging in the mid-
life in the United States refresher study. 
(DOCX)

S3 Table. Adjusted associations between natural log-transformed social media use duration and epigenetic aging 
in the midlife in the United States refresher study. 
(DOCX)

S4 Table. Adjusted associations between social media use duration and epigenetic aging in the midlife in the 
United States refresher study (pooled across 20 and 50 imputed datasets). 
(DOCX)

Acknowledgments

We are grateful to the participants for their time and dedication to this study and the research staff for their scientific 
and technical contributions. Since 1995, the Midlife in the United States study has been funded by the John D. and 
Catherine T. MacArthur Foundation Research Network and the National Institute on Aging (grants P01-AG020166 and 
U19-AG051426). Biomarker data collection was further supported by the NIH National Center for Advancing Transla-
tional Sciences Clinical and Translational Science Award program as follows: UL1TR001409 (Georgetown University), 
UL1TR001881 (University of California, Los Angeles), and 1UL1RR025011 (University of Wisconsin-Madison). We appre-
ciate the editorial team and the anonymous reviewers for taking the time to review our manuscript and providing construc-
tive comments.

Author contributions

Conceptualization: Mariana Rodrigues, Jemar R. Bather, Adolfo G. Cuevas.

Data curation: David M. Almeida.

Formal analysis: Jemar R. Bather.

Funding acquisition: Adolfo G. Cuevas.

Investigation: Mariana Rodrigues, Jemar R. Bather, Alisha A. Crump, Emiko O. Kranz, Kimberly A. Kaphingst, David M. 
Almeida, Adolfo G. Cuevas.

Methodology: Jemar R. Bather.

Project administration: Mariana Rodrigues, Jemar R. Bather, Adolfo G. Cuevas.

Software: Jemar R. Bather.

http://journals.plos.org/digitalhealth/article/asset?unique&id=info:doi/10.1371/journal.pdig.0001570.s001
http://journals.plos.org/digitalhealth/article/asset?unique&id=info:doi/10.1371/journal.pdig.0001570.s002
http://journals.plos.org/digitalhealth/article/asset?unique&id=info:doi/10.1371/journal.pdig.0001570.s003
http://journals.plos.org/digitalhealth/article/asset?unique&id=info:doi/10.1371/journal.pdig.0001570.s004


PLOS Digital Health | https://doi.org/10.1371/journal.pdig.0001570  August 6, 2026 10 / 12

Supervision: Jemar R. Bather, Adolfo G. Cuevas.

Validation: Alisha A. Crump, Kimberly A. Kaphingst, David M. Almeida, Adolfo G. Cuevas.

Writing – original draft: Mariana Rodrigues, Jemar R. Bather.

Writing – review & editing: Alisha A. Crump, Emiko O. Kranz, Kimberly A. Kaphingst, David M. Almeida, Adolfo G. 
Cuevas.

References
	 1.	 Marciano L, Lin J, Sato T, Saboor S, Viswanath K. Does social media use make us happy? A meta-analysis on social media and positive well-being 

outcomes. SSM - Mental Health. 2024;6:100331. https://doi.org/10.1016/j.ssmmh.2024.100331 

	 2.	 Plantin JC, Lagoze C, Edwards PN, Sandvig C. Infrastructure studies meet platform studies in the age of Google and Facebook. New Media & 
Society. 2018;20(1):293–310. 

	 3.	 Chen J, Wang Y. Social Media Use for Health Purposes: Systematic Review. J Med Internet Res. 2021;23(5):e17917. https://doi.org/10.2196/17917 
PMID: 33978589

	 4.	 Ellison NB, Steinfield C, Lampe C. The Benefits of Facebook “Friends:” Social Capital and College Students’ Use of Online Social Network Sites. 
Journal of Computer-Mediated Communication. 2007;12(4):1143–68. https://doi.org/10.1111/j.1083-6101.2007.00367.x 

	 5.	 Yue Z, Zhang R, Xiao J. Social media use, perceived social support, and well-being: Evidence from two waves of surveys peri- and post-COVID-19 
lockdown. Journal of Social and Personal Relationships. 2023;41(5):1279–97. https://doi.org/10.1177/02654075231188185 

	 6.	 Ali M, Sapiezynski P, Bogen M, Korolova A, Mislove A, Rieke A. Discrimination through optimization: How Facebook’s ad delivery can lead to 
biased outcomes. Proceedings of the ACM on human-computer interaction. 2019;3(CSCW):1–30. 

	 7.	 Eg R, Tønnesen ÖD, Tennfjord MK. A scoping review of personalized user experiences on social media: The interplay between algorithms and 
human factors. Computers in Human Behavior Reports. 2023;9:100253. 

	 8.	 Lambrecht A, Tucker C. Algorithmic Bias? An Empirical Study of Apparent Gender-Based Discrimination in the Display of STEM Career Ads. Man-
agement Science. 2019;65(7):2966–81. https://doi.org/10.1287/mnsc.2018.3093 

	 9.	 Opoku D, Donkor C, Yeboah JNO, Quagraine L. Navigating the relationship between social media use and mental health in the digital age. Discov 
Ment Health. 2025;5(1):149. https://doi.org/10.1007/s44192-025-00285-4 PMID: 41057730

	10.	 Steinert S, Dennis MJ. Emotions and Digital Well-Being: on Social Media’s Emotional Affordances. Philos Technol. 2022;35(2):36. https://doi.
org/10.1007/s13347-022-00530-6 PMID: 35450167

	11.	 Zhan Y, Luo L, Hu X. Digital stress and problematic social media use among college students: exploring dual emotional pathways and the moderat-
ing role of cognitive reappraisal. BMC Psychol. 2025;13(1):1311. https://doi.org/10.1186/s40359-025-03675-z PMID: 41299766

	12.	 Epel ES, Blackburn EH, Lin J, Dhabhar FS, Adler NE, Morrow JD, et al. Accelerated telomere shortening in response to life stress. Proc Natl Acad 
Sci U S A. 2004;101(49):17312–5. https://doi.org/10.1073/pnas.0407162101 PMID: 15574496

	13.	 Han X, Zhou E, Liu D. Electronic Media Use and Sleep Quality: Updated Systematic Review and Meta-Analysis. J Med Internet Res. 
2024;26:e48356. https://doi.org/10.2196/48356 PMID: 38533835

	14.	 Liu C, Wang Z, Hui Q, Goldberg J, Smith NL, Shah AJ, et al. Association between depression and epigenetic age acceleration: A co-twin control 
study. Depress Anxiety. 2022;39(12):741–50. https://doi.org/10.1002/da.23279 PMID: 35758529

	15.	 Liu M, Kamper-DeMarco KE, Zhang J, Xiao J, Dong D, Xue P. Time Spent on Social Media and Risk of Depression in Adolescents: A Dose- 
Response Meta-Analysis. Int J Environ Res Public Health. 2022;19(9):5164. https://doi.org/10.3390/ijerph19095164 PMID: 35564559

	16.	 Shannon H, Bush K, Villeneuve PJ, Hellemans KG, Guimond S. Problematic Social Media Use in Adolescents and Young Adults: Systematic 
Review and Meta-analysis. JMIR Ment Health. 2022;9(4):e33450. https://doi.org/10.2196/33450 PMID: 35436240

	17.	 Belsky DW, Caspi A, Corcoran DL, Sugden K, Poulton R, Arseneault L, et al. DunedinPACE, a DNA methylation biomarker of the pace of aging. 
Elife. 2022;11:e73420. https://doi.org/10.7554/eLife.73420 PMID: 35029144

	18.	 Lu AT, Binder AM, Zhang J, Yan Q, Reiner AP, Cox SR, et al. DNA methylation GrimAge version 2. Aging (Albany NY). 2022;14(23):9484–549. 
https://doi.org/10.18632/aging.204434 PMID: 36516495

	19.	 Liu J, Charmaraman L, Bickham D. Association Between Social Media Use and Substance Use Among Middle and High School-Aged Youth. Subst 
Use Misuse. 2024;59(7):1039–46. https://doi.org/10.1080/10826084.2024.2320372 PMID: 38419151

	20.	 Shimoga SV, Erlyana E, Rebello V. Associations of Social Media Use With Physical Activity and Sleep Adequacy Among Adolescents: Cross- 
Sectional Survey. J Med Internet Res. 2019;21(6):e14290. https://doi.org/10.2196/14290 PMID: 31215512

	21.	 Edwardson CL, Gorely T, Davies MJ, Gray LJ, Khunti K, Wilmot EG, et al. Association of sedentary behaviour with metabolic syndrome: a 
meta-analysis. PLoS One. 2012;7(4):e34916. https://doi.org/10.1371/journal.pone.0034916 PMID: 22514690

	22.	 Henson J, Yates T, Edwardson CL, Khunti K, Talbot D, Gray LJ, et al. Sedentary time and markers of chronic low-grade inflammation in a high risk 
population. PLoS One. 2013;8(10):e78350. https://doi.org/10.1371/journal.pone.0078350 PMID: 24205208

https://doi.org/10.1016/j.ssmmh.2024.100331
https://doi.org/10.2196/17917
http://www.ncbi.nlm.nih.gov/pubmed/33978589
https://doi.org/10.1111/j.1083-6101.2007.00367.x
https://doi.org/10.1177/02654075231188185
https://doi.org/10.1287/mnsc.2018.3093
https://doi.org/10.1007/s44192-025-00285-4
http://www.ncbi.nlm.nih.gov/pubmed/41057730
https://doi.org/10.1007/s13347-022-00530-6
https://doi.org/10.1007/s13347-022-00530-6
http://www.ncbi.nlm.nih.gov/pubmed/35450167
https://doi.org/10.1186/s40359-025-03675-z
http://www.ncbi.nlm.nih.gov/pubmed/41299766
https://doi.org/10.1073/pnas.0407162101
http://www.ncbi.nlm.nih.gov/pubmed/15574496
https://doi.org/10.2196/48356
http://www.ncbi.nlm.nih.gov/pubmed/38533835
https://doi.org/10.1002/da.23279
http://www.ncbi.nlm.nih.gov/pubmed/35758529
https://doi.org/10.3390/ijerph19095164
http://www.ncbi.nlm.nih.gov/pubmed/35564559
https://doi.org/10.2196/33450
http://www.ncbi.nlm.nih.gov/pubmed/35436240
https://doi.org/10.7554/eLife.73420
http://www.ncbi.nlm.nih.gov/pubmed/35029144
https://doi.org/10.18632/aging.204434
http://www.ncbi.nlm.nih.gov/pubmed/36516495
https://doi.org/10.1080/10826084.2024.2320372
http://www.ncbi.nlm.nih.gov/pubmed/38419151
https://doi.org/10.2196/14290
http://www.ncbi.nlm.nih.gov/pubmed/31215512
https://doi.org/10.1371/journal.pone.0034916
http://www.ncbi.nlm.nih.gov/pubmed/22514690
https://doi.org/10.1371/journal.pone.0078350
http://www.ncbi.nlm.nih.gov/pubmed/24205208


PLOS Digital Health | https://doi.org/10.1371/journal.pdig.0001570  August 6, 2026 11 / 12

	23.	 Irvin MR, Aslibekyan S, Do A, Zhi D, Hidalgo B, Claas SA, et al. Metabolic and inflammatory biomarkers are associated with epigenetic aging 
acceleration estimates in the GOLDN study. Clin Epigenetics. 2018;10:56. https://doi.org/10.1186/s13148-018-0481-4 PMID: 29713391

	24.	 Elhai JD, Dvorak RD, Levine JC, Hall BJ. Problematic smartphone use: A conceptual overview and systematic review of relations with anxiety and 
depression psychopathology. J Affect Disord. 2017;207:251–9. https://doi.org/10.1016/j.jad.2016.08.030 PMID: 27736736

	25.	 McComb CA, Vanman EJ, Tobin SJ. A Meta-Analysis of the Effects of Social Media Exposure to Upward Comparison Targets on Self-Evaluations 
and Emotions. Media Psychology. 2023;26(5):612–35. https://doi.org/10.1080/15213269.2023.2180647 

	26.	 Slavich GM, Irwin MR. From stress to inflammation and major depressive disorder: a social signal transduction theory of depression. Psychol Bull. 
2014;140(3):774–815. https://doi.org/10.1037/a0035302 PMID: 24417575

	27.	 Paul B, Headley-Johnson S-A. The Impact of Social Media on Health Behaviors, a Systematic Review. Healthcare (Basel). 2025;13(21):2763. 
https://doi.org/10.3390/healthcare13212763 PMID: 41228133

	28.	 Naslund JA, Bondre A, Torous J, Aschbrenner KA. Social Media and Mental Health: Benefits, Risks, and Opportunities for Research and Practice. 
J Technol Behav Sci. 2020;5(3):245–57. https://doi.org/10.1007/s41347-020-00134-x PMID: 33415185

	29.	 Radler BT. The Midlife in the United States (MIDUS) Series: A National Longitudinal Study of Health and Well-being. Open Health Data. 
2014;2(1):e3. https://doi.org/10.5334/ohd.ai PMID: 25558376

	30.	 Dienberg Love G, Seeman TE, Weinstein M, Ryff CD. Bioindicators in the MIDUS national study: protocol, measures, sample, and comparative 
context. J Aging Health. 2010;22(8):1059–80. https://doi.org/10.1177/0898264310374355 PMID: 20876364

	31.	 Surachman A, Tucker-Seeley R, Almeida DM. The association between material-psychological-behavioral framework of financial hard-
ship and markers of inflammation: a cross-sectional study of the Midlife in the United States (MIDUS) Refresher cohort. BMC Public Health. 
2023;23(1):1845. https://doi.org/10.1186/s12889-023-16745-x PMID: 37735377

	32.	 Brim OG, Ryff CD, Kessler RC. The MIDUS national survey: An overview. How healthy are we. 2004. 

	33.	 Almeida DM, Charles ST, Piazza JR, Stawski RS, Cichy KE, Cerino ES, et al. The National Study of Daily Experiences: Protocol for Assess-
ments of Daily Stress, Well-Being, Health, and Salivary Biomarkers in a Longitudinal Cohort. JMIR Res Protoc. 2025;14:e76453. https://doi.
org/10.2196/76453 PMID: 41038608

	34.	 von Elm E, Altman DG, Egger M, Pocock SJ, Gøtzsche PC, Vandenbroucke JP, et al. The Strengthening the Reporting of Observational Studies in 
Epidemiology (STROBE) statement: guidelines for reporting observational studies. Lancet. 2007;370(9596):1453–7. https://doi.org/10.1016/S0140-
6736(07)61602-X PMID: 18064739

	35.	 University of Wisconsin Institute on Aging, UCLA Social Genomics Core Laboratory. MIDUS Genomics Project DNA Methylation Age Data Docu-
mentation. 2023. 

	36.	 Aryee MJ, Jaffe AE, Corrada-Bravo H, Ladd-Acosta C, Feinberg AP, Hansen KD, et al. Minfi: a flexible and comprehensive Bioconductor package 
for the analysis of Infinium DNA methylation microarrays. Bioinformatics. 2014;30(10):1363–9. https://doi.org/10.1093/bioinformatics/btu049 PMID: 
24478339

	37.	 Horvath S. DNA methylation age of human tissues and cell types. Genome Biol. 2013;14(10):R115. https://doi.org/10.1186/gb-2013-14-10-r115 
PMID: 24138928

	38.	 Hannum G, Guinney J, Zhao L, Zhang L, Hughes G, Sadda S, et al. Genome-wide methylation profiles reveal quantitative views of human aging 
rates. Mol Cell. 2013;49(2):359–67. https://doi.org/10.1016/j.molcel.2012.10.016 PMID: 23177740

	39.	 Crimmins EM, Klopack ET, Kim JK. Generations of epigenetic clocks and their links to socioeconomic status in the Health and Retirement Study. 
Epigenomics. 2024;16(14):1031–42. https://doi.org/10.1080/17501911.2024.2373682 PMID: 39023350

	40.	 Almeida DM, Charles ST, Piazza JR, Stawski RS, Cichy KE, Cerino ES, et al. The National Study of Daily Experiences: Protocol for Assess-
ments of Daily Stress, Well-Being, Health, and Salivary Biomarkers in a Longitudinal Cohort. JMIR Res Protoc. 2025;14:e76453. https://doi.
org/10.2196/76453 PMID: 41038608

	41.	 Minor K, Moro E, Obradovich N. Worse Weather Amplifies Social Media Activity. Psychological Science. 2025;36(1):35–54.

	42.	 Lin XY, Lachman ME. Social Media Use and Daily Well-Being: The Role of Quantity and Quality of Social Support. Res Aging. 2024;46(5–6):287–
301. https://doi.org/10.1177/01640275241227575 PMID: 38217507

	43.	 Wang PS, Berglund P, Kessler RC. Recent care of common mental disorders in the United States  : prevalence and conformance with evidence- 
based recommendations. J Gen Intern Med. 2000;15(5):284–92. https://doi.org/10.1046/j.1525-1497.2000.9908044.x PMID: 10840263

	44.	 van Buuren S, Groothuis-Oudshoorn K. mice: Multivariate Imputation by Chained Equations inR. J Stat Soft. 2011;45(3). https://doi.org/10.18637/
jss.v045.i03 

	45.	 Rubin DB. Multiple imputation for survey nonresponse. New York: Wiley. 1987. 

	46.	 R Core Team. R: A language and environment for statistical computing. 2023. 

	47.	 Chidambaram S, Jain B, Jain U, Mwavu R, Baru R, Thomas B, et al. An introduction to digital determinants of health. PLOS Digit Health. 
2024;3(1):e0000346. https://doi.org/10.1371/journal.pdig.0000346 PMID: 38175828

	48.	 Schillinger D, Chittamuru D, Ramírez AS. From “Infodemics” to Health Promotion: A Novel Framework for the Role of Social Media in Public Health. 
Am J Public Health. 2020;110(9):1393–6. https://doi.org/10.2105/AJPH.2020.305746 PMID: 32552021

https://doi.org/10.1186/s13148-018-0481-4
http://www.ncbi.nlm.nih.gov/pubmed/29713391
https://doi.org/10.1016/j.jad.2016.08.030
http://www.ncbi.nlm.nih.gov/pubmed/27736736
https://doi.org/10.1080/15213269.2023.2180647
https://doi.org/10.1037/a0035302
http://www.ncbi.nlm.nih.gov/pubmed/24417575
https://doi.org/10.3390/healthcare13212763
http://www.ncbi.nlm.nih.gov/pubmed/41228133
https://doi.org/10.1007/s41347-020-00134-x
http://www.ncbi.nlm.nih.gov/pubmed/33415185
https://doi.org/10.5334/ohd.ai
http://www.ncbi.nlm.nih.gov/pubmed/25558376
https://doi.org/10.1177/0898264310374355
http://www.ncbi.nlm.nih.gov/pubmed/20876364
https://doi.org/10.1186/s12889-023-16745-x
http://www.ncbi.nlm.nih.gov/pubmed/37735377
https://doi.org/10.2196/76453
https://doi.org/10.2196/76453
http://www.ncbi.nlm.nih.gov/pubmed/41038608
https://doi.org/10.1016/S0140-6736(07)61602-X
https://doi.org/10.1016/S0140-6736(07)61602-X
http://www.ncbi.nlm.nih.gov/pubmed/18064739
https://doi.org/10.1093/bioinformatics/btu049
http://www.ncbi.nlm.nih.gov/pubmed/24478339
https://doi.org/10.1186/gb-2013-14-10-r115
http://www.ncbi.nlm.nih.gov/pubmed/24138928
https://doi.org/10.1016/j.molcel.2012.10.016
http://www.ncbi.nlm.nih.gov/pubmed/23177740
https://doi.org/10.1080/17501911.2024.2373682
http://www.ncbi.nlm.nih.gov/pubmed/39023350
https://doi.org/10.2196/76453
https://doi.org/10.2196/76453
http://www.ncbi.nlm.nih.gov/pubmed/41038608
https://doi.org/10.1177/01640275241227575
http://www.ncbi.nlm.nih.gov/pubmed/38217507
https://doi.org/10.1046/j.1525-1497.2000.9908044.x
http://www.ncbi.nlm.nih.gov/pubmed/10840263
https://doi.org/10.18637/jss.v045.i03
https://doi.org/10.18637/jss.v045.i03
https://doi.org/10.1371/journal.pdig.0000346
http://www.ncbi.nlm.nih.gov/pubmed/38175828
https://doi.org/10.2105/AJPH.2020.305746
http://www.ncbi.nlm.nih.gov/pubmed/32552021


PLOS Digital Health | https://doi.org/10.1371/journal.pdig.0001570  August 6, 2026 12 / 12

	49.	 Valkenburg PM. Social media use and well-being: What we know and what we need to know. Curr Opin Psychol. 2022;45:101294. https://doi.
org/10.1016/j.copsyc.2021.12.006 PMID: 35016087

	50.	 Albasheer O, Mahfouz MS, Aljezani TI, Ghasham MH, Samily IH, Hakami MM, et al. Biopsychosocial determinants and comorbid risks of obesity 
among university students: A cross-sectional study. Healthcare (Basel). 2025;13(14). 

	51.	 Wen Y, Chen Y, Ma Y, Lu C, Liu Y, Zhang R, et al. Long-term BMI trajectories and epigenetic age acceleration: the role of genetic risk for obesity. 
BMC Med. 2025;23(1):589. https://doi.org/10.1186/s12916-025-04410-6 PMID: 41146255

	52.	 Ryan J, Wrigglesworth J, Loong J, Fransquet PD, Woods RL. A Systematic Review and Meta-analysis of Environmental, Lifestyle, and Health 
Factors Associated With DNA Methylation Age. J Gerontol A Biol Sci Med Sci. 2020;75(3):481–94. https://doi.org/10.1093/gerona/glz099 PMID: 
31001624

	53.	 Kresovich JK, Garval EL, Martinez Lopez AM, Xu Z, Niehoff NM, White AJ, et al. Associations of Body Composition and Physical Activity Level With 
Multiple Measures of Epigenetic Age Acceleration. Am J Epidemiol. 2021;190(6):984–93. https://doi.org/10.1093/aje/kwaa251 PMID: 33693587

	54.	 Saltiel AR, Olefsky JM. Inflammatory mechanisms linking obesity and metabolic disease. J Clin Invest. 2017;127(1):1–4. https://doi.org/10.1172/
JCI92035 PMID: 28045402

	55.	 Chervova O, Panteleeva K, Chernysheva E, Widayati TA, Baronik ŽF, Hrbková N, et al. Breaking new ground on human health and well-being with 
epigenetic clocks: A systematic review and meta-analysis of epigenetic age acceleration associations. Ageing Res Rev. 2024;102:102552. https://
doi.org/10.1016/j.arr.2024.102552 PMID: 39423872

	56.	 Gale CR, Marioni RE, Čukić I, Chastin SF, Dall PM, Dontje ML, et al. The epigenetic clock and objectively measured sedentary and walking behav-
ior in older adults: the Lothian Birth Cohort 1936. Clin Epigenetics. 2018;10:4. https://doi.org/10.1186/s13148-017-0438-z PMID: 29321814

	57.	 Grimaldi-Puyana M, Fernández-Batanero JM, Fennell C, Sañudo B. Associations of Objectively-Assessed Smartphone Use with Physical Activity, 
Sedentary Behavior, Mood, and Sleep Quality in Young Adults: A Cross-Sectional Study. Int J Environ Res Public Health. 2020;17(10). 

	58.	 Lundgren S, Kuitunen S, Pietiläinen KH, Hurme M, Kähönen M, Männistö S, et al. BMI is positively associated with accelerated epigenetic aging in 
twin pairs discordant for body mass index. J Intern Med. 2022;292(4):627–40. https://doi.org/10.1111/joim.13528 PMID: 35699258

	59.	 Rodríguez-Castaño A, Fernández-Sánchez J, Trujillo-Colmena D, Lavín-Pérez AM, García-Ortiz C, Collado-Mateo D. Is physical activity asso-
ciated with lower risk of social network problematic use or addiction? A systematic review and meta-analysis. Complement Ther Clin Pract. 
2025;60:101995. https://doi.org/10.1016/j.ctcp.2025.101995 PMID: 40253870

	60.	 Yao Lin X, Lachman ME. Associations Between Social Media Use, Physical Activity, and Emotional Well-Being From the Midlife in the United 
States Refresher Daily Diary Study. J Aging Phys Act. 2021;30(5):778–87. https://doi.org/10.1123/japa.2021-0267 PMID: 34853182

	61.	 Föhr T, Hendrix A, Kankaanpää A, Laakkonen EK, Kujala U, Pietiläinen KH, et al. Metabolic syndrome and epigenetic aging: a twin study. Int J 
Obes (Lond). 2024;48(6):778–87. https://doi.org/10.1038/s41366-024-01466-x PMID: 38273034

	62.	 Chen J, Wang Y. Social media use for health purposes: systematic review. J Med Internet Res. 2021;23(5):e17917. 

	63.	 Zhang C, Tang L, Liu Z. How social media usage affects psychological and subjective well-being: testing a moderated mediation model. BMC Psy-
chol. 2023;11(1):286. https://doi.org/10.1186/s40359-023-01311-2 PMID: 37737198

	64.	 Yu Y, Dykxhoorn J, Plackett R. The Impact of Different Types of Social Media Use on the Mental Health of UK Adults: Longitudinal Observational 
Study. J Med Internet Res. 2024;26:e56950. https://doi.org/10.2196/56950 PMID: 39476374

	65.	 Bekalu MA, McCloud RF, Viswanath K. Association of Social Media Use With Social Well-Being, Positive Mental Health, and Self-
Rated Health: Disentangling Routine Use From Emotional Connection to Use. Health Educ Behav. 2019;46(2_suppl):69–80. https://doi.
org/10.1177/1090198119863768 PMID: 31742462

	66.	 Tynes BM, English D, Del Toro J, Smith NA, Lozada FT, Williams DR. Trajectories of Online Racial Discrimination and Psychological Functioning 
Among African American and Latino Adolescents. Child Dev. 2020;91(5):1577–93. https://doi.org/10.1111/cdev.13350 PMID: 31943164

	67.	 Del Toro J, Wang M-T. Online Racism and Mental Health Among Black American Adolescents in 2020. J Am Acad Child Adolesc Psychiatry. 
2023;62(1):25-36.e8. https://doi.org/10.1016/j.jaac.2022.07.004 PMID: 35868431

	68.	 Bekalu MA, Sato T, Viswanath K. Conceptualizing and Measuring Social Media Use in Health and Well-being Studies: Systematic Review. J Med 
Internet Res. 2023;25:e43191. https://doi.org/10.2196/43191 PMID: 37163319

	69.	 Wolfers LN, Neumann D, Klein SH, Gaiser F, Anderl C, Utz S. What do you mean by “social media”? Introducing the Reporting Items for Social 
Media Research (RISoMeR). Annals of the International Communication Association. 2025;49(3):192–204. https://doi.org/10.1093/anncom/wlaf009 

https://doi.org/10.1016/j.copsyc.2021.12.006
https://doi.org/10.1016/j.copsyc.2021.12.006
http://www.ncbi.nlm.nih.gov/pubmed/35016087
https://doi.org/10.1186/s12916-025-04410-6
http://www.ncbi.nlm.nih.gov/pubmed/41146255
https://doi.org/10.1093/gerona/glz099
http://www.ncbi.nlm.nih.gov/pubmed/31001624
https://doi.org/10.1093/aje/kwaa251
http://www.ncbi.nlm.nih.gov/pubmed/33693587
https://doi.org/10.1172/JCI92035
https://doi.org/10.1172/JCI92035
http://www.ncbi.nlm.nih.gov/pubmed/28045402
https://doi.org/10.1016/j.arr.2024.102552
https://doi.org/10.1016/j.arr.2024.102552
http://www.ncbi.nlm.nih.gov/pubmed/39423872
https://doi.org/10.1186/s13148-017-0438-z
http://www.ncbi.nlm.nih.gov/pubmed/29321814
https://doi.org/10.1111/joim.13528
http://www.ncbi.nlm.nih.gov/pubmed/35699258
https://doi.org/10.1016/j.ctcp.2025.101995
http://www.ncbi.nlm.nih.gov/pubmed/40253870
https://doi.org/10.1123/japa.2021-0267
http://www.ncbi.nlm.nih.gov/pubmed/34853182
https://doi.org/10.1038/s41366-024-01466-x
http://www.ncbi.nlm.nih.gov/pubmed/38273034
https://doi.org/10.1186/s40359-023-01311-2
http://www.ncbi.nlm.nih.gov/pubmed/37737198
https://doi.org/10.2196/56950
http://www.ncbi.nlm.nih.gov/pubmed/39476374
https://doi.org/10.1177/1090198119863768
https://doi.org/10.1177/1090198119863768
http://www.ncbi.nlm.nih.gov/pubmed/31742462
https://doi.org/10.1111/cdev.13350
http://www.ncbi.nlm.nih.gov/pubmed/31943164
https://doi.org/10.1016/j.jaac.2022.07.004
http://www.ncbi.nlm.nih.gov/pubmed/35868431
https://doi.org/10.2196/43191
http://www.ncbi.nlm.nih.gov/pubmed/37163319
https://doi.org/10.1093/anncom/wlaf009

	Social media use duration and epigenetic aging among U.S. adults in the MIDUS refresher study
	Introduction
	Methods
	Ethics statement‌‌
	Study design, setting, and sample
	Epigenetic aging
	Social media use duration
	Covariates
	Analytic strategy

	Results
	Sample characteristics
	Associations between social media use duration and epigenetic aging

	Discussion
	Conclusion
	Supporting information
	References


