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Abstract

Objectives: Loneliness is a pressing public health concern, but the mechanisms by which it leads to declining physical health are uncertain. Prior
work has begun to explore epigenetic pathways, with some evidence suggesting a link between loneliness and DNA methylation, though it is
unclear whether epigenetic variation can help explain loneliness—health associations.

Methods: Associations between loneliness and epigenetic age acceleration (EAA) were estimated, as well as the degree to which EAA medi-
ated and moderated the association between loneliness and the development of chronic physical health conditions (multimorbidity) in older
adulthood. The sample consisted of Health and Retirement Study participants who provided blood draws and consented to methylation profiling
(n=4,018).

Results: Baseline loneliness was associated with greater EAA in the GrimAge measure net of demographic and behavioral covariates (3 = 0.07,
p =.003). Loneliness and GrimAge each predicted increasing condition counts, but there was no evidence of an interactive effect. The associ-
ation between loneliness and increasing condition counts was, however, significantly mediated by GrimAge (indirect path 3 = 0.020, p = .003).

Discussion: These results suggest that the impact of loneliness on multimorbidity may, in part, operate through DNA methylation. The specific
intermediary, physiological mechanisms that are involved will require further research, but EAA measures like GrimAge are promising in helping

to understand the health impacts of loneliness.
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Loneliness has been defined as the distressing emotional expe-
rience resulting from the perception that one’s social needs are
not being met by their relationships (Hawkley & Cacioppo,
2010). Loneliness, therefore, is usually operationalized with
self-report measures, which are linked with a range of adverse
physical health outcomes, including multimorbidity (Hajek et
al.,2020) and early mortality (Wang et al., 2023). Loneliness’s
rising prevalence and strong associations with health have led
to its increasing recognition as a public health epidemic, a des-
ignation underscored by the U.S. Surgeon General (O’Sullivan
et al., 2022; Office of the Surgeon General (OSG), 2023). The
presence of two or more chronic physical health conditions,
or multimorbidity, is prevalent in older adulthood and linked
with quality of life, disability, and mortality (Marengoni et
al., 2011). Its generalized nature also makes multimorbidity
helpful in understanding loneliness, likely capturing some of
its impacts across multiple physiological systems (e.g., inflam-
matory, cognitive, metabolic). Associations between loneli-
ness and health are partially attributable to behaviors like low
physical activity and smoking (Luo & Waite, 2014; Patterson
& Veenstra, 2010) or other influences that occur earlier in a

causal chain (e.g., childhood rearing environment, socioeco-
nomic factors), overlapping genetic variants (Abdellaoui et
al., 2019), and reverse causation (i.e., poor health influencing
social functioning; Holt-Lunstad et al., 2015). However, these
factors likely cannot fully explain the relationship, consistent
with loneliness having a causal impact on health (Freilich,
2023; Luo et al., 2012).

Hawkley and Cacioppo (2010) theorized that, because
social connection is evolutionarily vital to safety, experiencing
loneliness operates as an environmental threat that can set off
hypervigilant physiological responses. Chronic responses of
this nature may cause health declines, likely through pro-in-
flammatory processes involving increased production of
cytokines and glucocorticoids and chronic activation of the
hypothalamic—pituitary—adrenal (HPA) axis. Indeed, loneli-
ness has been linked to variation in cortisol level and diur-
nal rhythm (Doane et al., 2013; Lai et al., 2019), as well as
elevations in sympathetic nervous system (SNS) neuroeffec-
tor molecules like norepinephrine (Capitanio et al., 2019).
Oxidative stress is likely an important molecular mechanism
linking loneliness to the activation of stress response systems
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like the SNS and HPA axis (Li & Xia, 2020), which, in turn,
can impact pathogenesis by altering gene transcriptional pro-
cesses involved in pro-inflammatory signaling (Eachus &
Cunliffe, 2018). Across several studies, loneliness has been
linked with elevated pro-inflammatory gene expression and
reduced antiviral expression (Cole, 2014; Cole et al., 2007),
suggesting that its health impacts may operate through gene
regulatory or epigenetic pathways.

DNA methylation is one such epigenetic process by which
transcription is regulated. Variability in methylation levels
across some regions of the genome relates strongly with age,
allowing for the calculation of “epigenetic clocks,” which use
individuals’ methylation profiles to estimate biological age
as distinct from chronological age. Various algorithms have
been constructed to estimate biological or epigenetic age, with
“second-generation” measures designed to optimally predict
phenotypic characteristics of aging such as disease incidence,
longevity, or disability, in contrast to “first-generation” mea-
sures developed to exclusively predict chronological age. To
the extent that an individual’s epigenetic age exceeds their
chronological age, they are said to show “epigenetic age
acceleration” (EAA). Second-generation EAA measures like
GrimAge (Lu et al., 2019) and DunedinPoAm38 (Belsky et
al., 2020) predict many adverse physical health outcomes,
including all-cause mortality net of traditional risk factors
(Faul et al., 2023; Oblak et al., 2021).

Supporting the theory that epigenetic processes contribute
to the biological embedding of psychosocial environmental
adversities (Eachus & Cunliffe, 2018), laboratory-induced
psychosocial stress (Unternaehrer et al., 2012), and self-re-
ported stress (Duman & Canli, 2015) have also been linked
with methylation variability. As for loneliness, associations
have also been observed with elevations in DunedinPACE (a
newer version of DunedinPoAm38) and GrimAge (Beach et
al.,2022; Freilich et al., 2024). Further, EAA is also associated
with other social and relational variables, like attachment
styles (Allen et al., 2022), social contact and support (Hillman
et al., 2023), as well as volunteering status (Nakamura et al.,
2023).

This initial evidence suggests modest links with various
psychosocial stressors, though limited work has evaluated
whether EAA can help explain associations between lone-
liness and adverse health outcomes. In an unpublished dis-
sertation, Phillips (2020) found that methylation at specific
CpG sites partially mediated the observed nonsignificant
association between loneliness and longitudinal declines in
processing speed, an important indicator of cognitive health.
Similarly, Lynch et al. (2023) presented results consistent with
an indirect effect of certain trajectories of loneliness on future
cognitive ability mediated through GrimAge. In both stud-
ies, indirect effects were modest, especially when behavioral
covariates were included in the models. Finally, Freilich et al.
(2024) showed that DunedinPACE moderated midlife associ-
ations between loneliness and multimorbidity, such that lone-
liness’ prediction of increases in chronic condition counts was
more pronounced for individuals with greater EAA, while, in
separate analyses, EAA was not a significant mediator of the
association.

More work is needed to understand the pathways link-
ing loneliness, EAA, and health outcomes like multimor-
bidity. EAA could plausibly mediate loneliness—disease
associations, consistent with loneliness “getting under the
skin” to affect health via DNA methylation. It is also plausible

that methylation might affect biological responses to environ-
mental risk factors and thereby alter vulnerability to loneli-
ness—disease associations, consistent with moderation. Given
the plausibility of both and the paucity of prior research, we
did not make a priori hypotheses about which model might
better fit the data. Rather, we aimed to replicate Freilich et
al’s (2024) midlife results in a larger and older sample and
extend them by considering longitudinal change in both lone-
liness and chronic conditions. Thus, we sought to (a) quantify
associations between initial levels of and change in loneliness
with several EAA variables in older adulthood (see Author
Note 1); (b) quantify associations between EAA and loneli-
ness level and change with chronic health condition change;
(c) test whether EAA might plausibly mediate longitudinal
relationships between loneliness and chronic conditions; and
(d) test whether EAA might moderate longitudinal relation-
ships between loneliness and chronic conditions.

Method

Participants

The Health and Retirement Study (HRS) has a longitudinal
panel design and surveys a representative sample of aging,
American adults (Juster & Suzman, 1995). The analytic sam-
ple consisted of the subset of HRS participants who con-
sented to DNA methylation assays as part of the 2016 Venous
Blood Study (7 =4,018; Crimmins et al., 2017; Health and
Retirement Study, 2024). We also used data from the HRS
core survey to index demographic, psychosocial, and health
factors. The 2016 survey sample was 58.5% female, and most
participants identified as either White/Caucasian (75.0%) or
Black/African American (16.8%). Descriptive statistics for all
observed variables are reported in Supplementary Table 1.

Measures
Epigenetic age acceleration

DNA methylation assays were completed on a representative
subsample of Venous Blood Study participants. Blood draws
were intended to be scheduled within 4 weeks of the HRS
core interview, so demographic information from the 2016
survey was treated as concurrent. After collection, tubes were
shipped overnight to the Advanced Research and Diagnostic
Laboratory at the University of Minnesota. Tube processing
was done within 24 hr of arrival at the lab. DNA extracted
from EDTA tubes was subject to methylation assays using
the Infinium Methylation EPIC BeadChip. A total of 4,018
samples (97.9%) passed quality control procedures. Then,
methylation profiles were scored using previously published
algorithms to compute several measures of epigenetic age,
including the first-generation Hannum (Hannum et al., 2013)
and Horvath clocks (Horvath, 2013), the second-generation
PhenoAge (Levine et al., 2018) and GrimAge (Lu et al., 2019)
clocks, and the DunedinPoAm38 measure of EAA (Belsky et
al., 2020). For more information on methylation data col-
lection and processing, refer HRS documentation (https://hrs-
data.isr.umich.edu/data-products/epigenetic-clocks).

While the first four algorithms produce estimates of epi-
genetic age in years, DunedinPoAm38 estimates the relative
pace of recent aging as a multiplicative factor (i.e., a measure
of age acceleration). Correspondingly, the other four clocks
correlated strongly (7> 0.73) with chronological age, while
DunedinPoAm38 had a minimal correlation (r = 0.02). To
calculate EAA, the effect of chronological age was regressed
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out of the four clocks, and the residuals were carried forward
(i.e., epigenetic age net of chronological age). The resulting
five EAA indices correlated weakly to moderately with one
another (0.09 <r<0.64), with the strongest associations
observed between the later-generation GrimAge accelera-
tion and DunedinPoAm38 measures (r = 0.64) and the ear-
lier-generation Hannum and Horvath acceleration measures
(r=0.44). In addition, to capture shared variance among
the measures, we calculated an “EAA average” composite by
taking the arithmetic mean of the five other measures after
standardization. Correlations between the EAA variables and
other focal variables are reported in Supplementary Table 3.

Loneliness

An 11-item version of the UCLA Loneliness Scale (Russel,
1996) was administered to participants every 4 years such
that approximately half the sample completed the items in
2010, 2014, and 2018, while the other half completed the
items in 2008,2012, and 2016. Participants were asked “How
much of the time feel ...” with items including “isolated from
others,” “alone,” and “part of a group of friends” on a three-
point scale (1 = Often; 2 = Some of the time; 3 = Hardly ever
or never). After four items were reverse-scored, sum scores
were calculated to index loneliness. Individual item means
were imputed for missingness in participants who completed
at least half of the items (see Author Note 2). Across the six
waves, descriptive statistics and internal consistency esti-
mates were similar; means ranged from 16.5 to 17.0, stan-
dard deviations ranged from 4.67 to 4.97, Cronbach’s alphas
ranged from 0.88 to 0.90, McDonald’s omegas total ranged
from 0.91 to 0.93, and McDonald’s omegas hierarchical
range from 0.70 to 0.74. To take advantage of all observa-
tions, we collapsed the data into three waves. The first wave
consisted of the 2008 and 2010 administration of the UCLA
scale (n=2,823, M = 16.55), while the second collapsed the
2012 and 2014 data (z= 3,362, M =16.84), and the third
collapsed the 2016 and 2018 data (7 = 3,016, M = 16.94). Of
the entire analytic sample (1 = 4,018), 2,152 had loneliness
data across all three waves, 1,142 had data across two waves,
461 had data in just one wave, and 263 did not have loneli-
ness data (see Author Note 3).

Chronic health conditions (multimorbidity)

The core survey sample was asked to report on 26 chronic
health conditions and symptoms (e.g., stroke, hypertension,
arthritis, shingles, chronic pain) in 2012 (n = 3,933), 2016
(n=4,018), and 2020 (n = 3,243). For certain items, partic-
ipants were asked if a doctor has ever told them they have
the condition in the context of their previous survey admin-
istration (e.g., diabetes), and, for others, if they ever had
the listed “persistent or troublesome problems” (e.g., severe
fatigue, persistent cough/wheeze). Number of chronic condi-
tions was indexed by counting the number of items endorsed
(unit weighting). This variable was used to understand the
construct of multimorbidity, so both terms are used moving
forward, despite the range of the variable including zero and
one (where multimorbidity is defined by the presence of two
or more conditions). As expected, the average number of
conditions endorsed increased from 2012 (M_ ..~ =4.29,
M, =65.5) to 2016 (M_ ... =497, M =69.4) to 2020
(M, g piiions = 5-12, M = 72.3). A list of all conditions included
and their frequencies in 2016 is given in Supplementary
Table 2. Several of the conditions were cardiovascular and/or

inflammatory in nature, which is notable given the evidence
of the roles of oxidative stress, the HPA axis, and SNS in the
theoretical pathways linking loneliness and health decline.

Covariates

In all models, the focal dependent variable was simultane-
ously regressed on the following demographic covariates:
gender, chronological age, race, and years of education. With
limited observations in other groups, race was coded with
two binary variables corresponding to self-reported Black/
African American (1 = Black [17% of sample], 0 = other) and
White/Caucasian (1 = White [75%], 0 = other) racial identity.
Chronological age was included in all models (even when
the EAA outcome had already been regressed on age) given
the risk of bias introduced by residual confounding when it
is excluded (Krieger et al., 2023). Various health behaviors,
in addition to demographics, were included as covariates in
the next set of models. Self-reported number of cigarettes per
day was included to control for the effects of smoking. We
accounted for alcohol use with items related to frequency
(days per week) and volume (average number per occasion) of
drinking. Finally, body mass index (BMI) was included based
on self-reports of height and weight. Most of the sample
reported their height concurrent with the methylation blood
draw (2016; 48.8%) or 2 years prior (2014; 49.7%) which
allowed for concurrent (or near concurrent) measurement of
BMI. We used self-reports from either 2012 or 2010 for the
remaining participants.

Descriptive statistics for all covariates are reported in
Supplementary Table 1 and correlations between the prin-
cipal variables are reported in Supplementary Table 3. We
report results from the models that include all covariates as
primary (Tables 1 and 2) and results with only demographic
covariates as Supplementary Tables 4 and 5.

Statistical Analysis

The analytic plan was to model initial levels and change in
loneliness from 2008 to 2018 (collapsed between 2008-
2012-2016 and 2010-2014-2018 for halves of the sample)
as predictors of EAA (measured in 2016), and subsequently
use both as predictors of condition count change (2012-
2016-2020). Three sets of models were run across six differ-
ent EAA variables and two different covariate sets (36 models
in total) in Mplus 8.9 (Muthén & Muthén, 2024). The first set
of regression models quantified associations between changes
in loneliness with EAA, using linear growth modeling to
operationalize intercept and slope terms for loneliness across
three waves. We modeled freely correlating latent intercept
and slope terms along a study measurement occasion time
metric. The latent loneliness intercept and slope terms were
simultaneously used as predictors of EAA in the broader
structural equation model, along with the specified covariate
set. To prevent list-wise deletion of observations with missing-
ness, we specified distributional assumptions for covariates
by modeling paths between pairs with nontrivial associations
(e.g., drinking frequency and volume; age and BMI) across
all models.

The second set of models tested whether EAA mediated the
association between loneliness and multimorbidity. Condition
count level and change were similarly modeled linearly across
three waves. Given the importance of the development of
multimorbidity through older adulthood, the condition count
slope term was interpreted as the model’s focal dependent
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variable, predicted by EAA and the specified covariate set
directly and indirectly by the loneliness intercept through
EAA for inference on mediation. Bidirectional paths were
modeled between each of the latent variables to account for
associations between multimorbidity and loneliness, as well
as between each construct’s latent intercept and slope. See
Figure 1 for an example path diagram.

The third set of models examined whether EAA moderated
the association between loneliness and multimorbidity change.
To do so, a statistical interaction term between the loneliness
intercept and EAA was included as a predictor of the condi-
tion count slope, along with the main effect of EAA and the
specified covariate set. As before, bidirectional paths between
each of the latent constructs were modeled. Because the lone-
liness intercept was a latent rather than observed variable, the
interaction term was also latent and modeled using the “xwith”
function in Mplus. To do so, we used the default Mplus numer-
ical integration algorithm (an analytic solution is undefinable
for an interaction between a latent and observed variable). To
decrease collinearity, the loneliness and EAA variables were
standardized prior to the derivation of the interaction term.
Otherwise, variables were not standardized prior to analyses.

Within each set of models, we accounted for multiple test-
ing across the six EAA measures by applying a 0.05 false dis-
covery rate (FDR) correction (Benjamini & Hochberg, 1995).
In all analyses, we used the HRS-derived sample weights
to compensate for unequal probabilities of selection across
the complex survey design (Fisher & Ryan, 2018). Models
were estimated using full information maximum likelihood
with robust standard errors (MLR) to account for non-nor-
mality. Estimation of each terminated normally. Root mean
square errors of approximation ranged from 0.029 to 0.046,

Path diagram of GrimAge
mediating loneliness—multimorbidity associations

Loneliness Th | | Loneliness T2 | Loneliness T3

DNA Methylation
Age Acceleration

(GrimAge)

I

Covariates

Morbidity T1 | I Morbidity T2 | | Morbidity T3

Figure 1. Full model results are displayed in Table 2. Covariates included
chronological age, gender, race, education, BMI, smoking, and alcohol
use. Some paths are missing from the diagram for simplicity (i.e.,
residual paths and paths between covariates and latent variables). T1,

T2, and T3 refer to chronological sampling timepoints, discussed in
Method section. Standardized estimates (B) are displayed for the paths
corresponding to the hypothesis that GrimAge acceleration mediates the
association between loneliness and increases in chronic condition counts
(multimorbidity) over time (indirect effect 3 = 0.020, p = .003). BMI =
body mass index; DNA = deoxyribonucleic acid.

suggesting at least adequate fit to the data in the first and
second sets of models. Absolute fit indices were not applicable
for the third set of models due to the numerical integration
algorithm. Across models, we report standardized regression
coefficients and standard errors for all independent variables
that were regressed on the focal dependent variable (i.e., EAA
in the first set of models and the condition count slope in the
second and third sets), as well as that dependent variable’s
coefficient of determination (R?).

Results

Associations Between Loneliness and EAA

Each EAA measure had a small, nominally positive associa-
tion with the latent loneliness intercept, net of demographic
and behavioral covariates (0.03 < 3 < 0.07). The associations
were statistically significant after accounting for the FDR with
GrimAge (f =0.07, p =.003) and the EAA average measure
(B =0.06, p =.01). The loneliness slope was not a significant
predictor of EAA, though the association was of greatest mag-
nitude for GrimAge as well (f = 0.08, p = .04). Loneliness and
demographics accounted for a small to moderate amount of
variance in GrimAge (R? = 0.17) and EAA average (R? = 0.08),
but only a marginal amount in the other four EAA measures
(range of R?<0.05). The addition of behavioral covariates
slightly to moderately increased the variance accounted for in
GrimAge (R? = 0.32), DunedinPoAm38 (R? = 0.16), and EAA
average (R?=0.15), but not the earlier measures (PhenoAge,
Hannum, and Horvath R? < 0.06). Results for these six mod-
els are reported in Table 1, and results for models that do not
include behavioral covariates are reported in Supplementary
Table 4.

Female gender was significant predictor of neg-
ative EAA (i.e., age deceleration) across measures
(-0.32 < <-0.07). Higher level of education was also a
significant predictor of negative EAA in later-generation
measures (-0.14 <3 < -0.08), but not earlier EAA measures
(=0.04 < B < 0.04). Associations between race and EAA were
inconsistent (-0.11 < < 0.11). Smoking a greater number of
cigarettes per day was a moderate predictor of greater EAA
in later measures (0.27 <3 < 0.39), but only a modest predic-
tor in earlier EAA measures (0.03 < <0.06). Higher BMI
was a significant predictor of greater EAA across five of six
measures (0.04 < <0.12). Finally, greater volume of alco-
hol consumption significantly predicted greater EAA in later
measures (0.06 < <0.12) but drinking frequency did not
(-0.05 < <0.02).

EAA Mediating Loneliness—Multimorbidity
Associations

Because loneliness (7 = 0.28) and EAA (0.04 <r<0.19) both
had significant bivariate associations with condition counts
(Supplementary Table 3), as well as several individual con-
ditions (Supplementary Table 2), we next considered models
that test whether EAA might plausibly mediate loneliness—
multimorbidity associations. Net of demographic and behav-
ioral covariates, greater EAA was a predictor of a positive
slope of conditions (3 = 0.04-0.13; significant for five of six
measures). The indirect association between the loneliness
intercept and the conditions slope mediated through EAA
was nominally positive across measures (f§ = 0.002-0.020)
and statistically significant through GrimAge (f =0.020,
p =.003) and the composite measure ($ =0.018, p =.001).
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See Figure 1 for the path diagram depicting GrimAge results.
Among the covariates, only older chronological age ( = 0.17-
0.18) was a significant predictor of the condition count slope.
Results for these six models are reported in Table 2, and
results for models that do not include behavioral covariates
are reported in Supplementary Table 5. Models accounted for
3%—5% of the variance in the condition count slope.

EAA Moderating Loneliness—Multimorbidity
Associations

The final set of models included a multiplicative interaction
term between the loneliness intercept and EAA as a predic-
tor of the conditions slope to test for the possibility of DNA
methylation as a moderator of loneliness—health associations.
The interaction term was not a significant predictor of the
conditions slope with any EAA measure across both covariate
sets (-0.04 < 3 <0.03). Demographic covariate model results
are reported in the top half of Supplementary Table 6, and
models results with behavioral covariates are in the bottom

half.

Discussion

Our primary aim was to explore if variability in DNA meth-
ylation could contribute to links between loneliness and
adverse health outcomes late in life. We first quantified asso-
ciations between loneliness and epigenetic aging, before relat-
ing both variables to changes in multimorbidity. In relating
loneliness to multimorbidity, we considered the possibility of
both statistical mediation and moderation by EAA. We first
conducted analyses using a set of demographic covariates,
and then added behavioral predictors to determine how fac-
tors like diet and exercise (as reflected by BMI), alcohol con-
sumption, and smoking contributed to the loneliness—health
associations.

Baseline loneliness was weakly associated with acceler-
ated epigenetic aging across measures, meeting significance
thresholds in GrimAge and a composite after accounting for
the FDR. The loneliness slopes were not significantly associ-
ated with EAA, though a nominally positive effect of similar
magnitude was observed with GrimAge. Freilich et al. (2024)
also observed weak associations between loneliness and EAA
that were more pronounced in GrimAge and DunedinPACE.
Across both studies, health behavior slightly attenuated
associations. Similarly, despite using a different longitudinal
model, Lynch et al. (2023) observed small associations in HRS
between EAA and loneliness, which were most pronounced
for GrimAge. Loneliness and EAA were weak to moderate
predictors of increases in chronic conditions, consistent with
prior work (Freilich et al., 2024; Hajek et al., 2020). Across
all analyses, later-generation EAA measures like GrimAge and
the Dunedin indices tended to have stronger associations with
expected correlates (e.g., male gender, lower education, cig-
arette smoking, higher BMI), as well as with loneliness and
multimorbidity, suggesting they may more effectively capture
the epigenetic impacts of psychosocial stressors. Results from
both studies further support the finding that lonely individu-
als face poorer health outcomes, and, on average, experience
accelerated epigenetic aging (Beach et al., 2022; Wang et al.,
2023).

Much uncertainty remains about whether loneliness leads
to health decline mechanistically through impacts on DNA
methylation. To test mediation, we modeled indirect effects of

loneliness on change in condition counts through EAA; indi-
rect effects were nominally positive across measures, meet-
ing significance thresholds for GrimAge and the composite.
Though Freilich et al. (2024) did not observe significant indi-
rect paths, the magnitudes of effects were nominally similar.
Detection of a subtle signal in HRS might have been possi-
ble because of its relatively older or larger sample or because
latent change in loneliness could be modeled. Additionally,
Phillips (2020) and Lynch et al. (2023) found that methyla-
tion levels at specific CpG sites and EAA, respectively, medi-
ated associations between loneliness and cognitive health
with similarly small effect sizes. Extending these Lynch et al.
(2023) findings indicates that the explanatory power of EAA
for loneliness—health associations in the HRS sample is robust
across certain analytic methods and outcome measures.

Loneliness has been theorized to impact health through epi-
genetic pathways due to its links with hypervigilance in the
HPA axis (Eachus & Cunliffe, 2018), as well as with inflam-
matory and antiviral gene expression (Cole et al., 2007). Cole
(2014) summarized this body of research, proposing a path-
way by which the perception of psychosocial adversity can
theoretically lead to differential transcription factor activity
and subsequent inflammatory and immunological responses
associated with poorer health. Transcription factors also
influence DNA methylation by recruiting DNA methyltrans-
ferases onto the genome (Moore et al., 2013), suggesting
similar pathways from psychosocial adversity to differen-
tial methylation. Altogether, growing evidence suggests that
psychosocial adversities may become biologically embedded
to have chronic health impacts by affecting gene expression.
Recent measures like GrimAge appear to offer a promising
index of the health-relevant epigenetic variation. At the same
time, however, associations between loneliness and cardio-
vascular/inflammatory conditions were of similar magnitude
as with respiratory, neurological, and musculoskeletal condi-
tions in the current sample (Supplementary Table 2), suggest-
ing other relevant pathways.

Rather than (or in addition to) operating as a mediator, it
is plausible that epigenetic variability could affect biological
responses to loneliness in a manner that increases individ-
ual disease vulnerability. To test for this kind of synergistic
effect, we used a statistical interaction between baseline lone-
liness and EAA as a predictor of multimorbidity. In contrast
to Freilich et al. (2024), moderation results were null across
measures and no clear pattern emerged. This failure to repli-
cate raises the possibility of a type-I error, but also may reflect
the difficulty inherent in detecting subtle interactive effects
due to the impact of measurement error across two variables
(McClelland & Judd, 1993), especially in the context of mod-
eling complex human traits (Borsboom, 2006).

Loneliness—health associations likely are partially attribut-
able to health-limiting behaviors, demographic confounding,
and genetic overlap. We used two additive covariate sets to par-
tially control for the first two possibilities. Indeed, loneliness—
health associations were slightly attenuated by the addition
of behavioral covariates, though the degree to which overlap-
ping genetic architectures may account for the observed asso-
ciations is unknown. The impacts of all these effects are likely
subtle and perhaps interactive, rather than there being a sin-
gular mechanism by which loneliness causes physical decline
(Cacioppo et al., 2002; Hawkley & Cacioppo, 2010). More
research will be needed to understand the role of epigenetics
in the relationship, but these preliminary results are consistent
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with a pathway from experiencing loneliness to health decline
partially involving changes in DNA methylation.

Limitations

DNA methylation was profiled at only one timepoint, so
definitive conclusions about temporal sequencing in its rela-
tionships with loneliness and multimorbidity are prema-
ture. Loneliness and condition counts were measured across
three waves, allowing us to model EAA (2016) as a media-
tor temporally between baseline loneliness (2008/2010) and
change in multimorbidity (2012-2016-2020). However, it is
unclear whether the relevant EAA variability emerged in this
sequence. Future studies would benefit from repeated mea-
surement, though, even then, other noncausal interpretations
of this patterning of results are possible. A further limitation
of the current models was the necessity of a measurement
wave time metric. Individually varying metrics might allow
for flexible modeling of developmental processes, rather than
collapsing heterogeneity in age within the waves.

Further, methylation was profiled from circulating blood
samples; it is unknown how effects would vary across samples
from different tissues as methylation is fundamentally specific
to a given cell type. Full information maximum likelihood
was used for all models, which assumes data are missing at
random. However, loneliness means varied slightly across lev-
els of missingness, possibly biasing estimates. Measurement
error is present for all observed variables, many of which are
self-reported, also raising the risk of biasing results. Most of
the reported conditions, for instance, can be considered largely
objective (e.g., heart attack, stroke), but associations between
loneliness and the more subjective ailments (e.g., chronic
pain, psychiatric problems) could be artificially inflated by
evaluative consistency. In addition, condition counts may not
capture the health impact of loneliness or perhaps may arti-
factually overstate the impacts, as it was interpreted as a par-
tially generalized proxy for overall health in older adulthood.
Future studies should consider other outcomes both similarly
broad and within specific systems to better understand lone-
liness” impacts on health and well-being across the lifespan.

Supplementary Material

Supplementary data are available at The Journals of
Gerontology, Series B: Psychological Sciences and Social
Sciences online.

Author Notes

1. The study’s first aim conceptually replicates Lynch et als
(2023) work in HRS with a different longitudinal model.
While Lynch et al. (2023) defined loneliness subgroups using
growth mixture modeling, we chose to fit linear growth mod-
els that do not assume the existence of distinctive latent lone-
liness classes.

2. Missing data for loneliness was minimal within measure-
ment occasions. Across the six waves, participants filled out at
least one loneliness item on 7,636 occasions. Of those 7,636
potential measurements, 11 were excluded (0.14%) because
six or more items were missing. Imputation was necessary for
five items on four occasions (0.05%), for four items on six
occasions (0.08%), for three items on 21 occasions (0.28%),
for two items on 42 occasions (0.55%), for one item on 272

occasions (3.56%), and no imputation was necessary on
7,280 occasions (95.34%).

3. At Timepoint 1, mean loneliness scores were 16.5, 16.6,
and 17.5 for individuals who provided data across all three
waves (no missingness) compared with two (one missing
wave) and one wave (two missing waves), respectively (stan-
dard deviations = 4.72-4.81). Mean differences were small to
medium (t=0.37-2.11, p =.04-.71, d =0.02-0.22). These
results suggest that data may not be missing completely at
random; individuals with more missing data, are, on average,
slightly lonelier, possibly biasing results that use full informa-
tion maximum likelihood estimation.
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