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Abstract 
Objectives: Loneliness may influence aging biomarkers related to cognitive functioning, for example, through accelerated DNA methylation 
(DNAm) aging.
Methods: In the present study, we tested whether six common DNAm age acceleration measures mediated the effects of baseline loneliness 
and five different longitudinal loneliness trajectories on general cognitive ability, immediate memory recall, delayed memory recall, and process-
ing speed in 1,814 older adults in the Health and Retirement Study.
Results: We found that baseline loneliness and individuals who belong to the highest loneliness trajectories had poorer general cognitive 
ability and memory scores. Only DNAm age acceleration measures that index physiological comorbidities, unhealthy lifestyle factors (e.g., 
smoking), and mortality risk-mediated effects of baseline loneliness on general cognitive ability and memory functioning but not process-
ing speed. These same DNAm measures mediated effects of the moderate-but-declining loneliness trajectory on cognitive functioning. 
Additionally, immediate and delayed memory scores were mediated by GrimAge Accel in the lowest and two highest loneliness trajectory 
groups. Total and mediated effects of loneliness on cognitive functioning outcomes were mainly accounted for by demographic, social, 
psychological, and physiological covariates, most notably self-rated health, depressive symptomatology, objective social isolation, and body 
mass index.
Discussion: Current findings suggest that DNAm biomarkers of aging, particularly GrimAge Accel, have promise for explaining the prospective 
association between loneliness and cognitive functioning outcomes.
Keywords: Epigenetic age, Cognition, DNA methylation, Loneliness, Longitudinal

The biological mechanisms underlying the association be-
tween loneliness and cognitive functioning, including de-
mentia, have been hypothesized but rarely tested (Boss et 
al., 2015). A major effort in tackling that question is testing 
whether physiological dysregulation is one such mechanism. 
The present study adds to the literature on the physiological 
dysregulation hypothesis of loneliness by testing associations 
between markers of physiological functioning (i.e., epigenetic 
aging measures) with loneliness, and a cognitive functioning 
measure that has been used to discriminate dementia risk 
(Crimmins et al., 2011).

Loneliness and Cognitive Functioning
Loneliness is conceptualized as the negative feelings that 
result from a perceived lack of sufficient social connection, 
either in quantity or quality, regardless of one’s objective 
social connections (Perlman & Peplau, 1981). Loneliness is 
distinguished conceptually from, and weakly correlated with, 
objective social isolation (Coyle et al., 2012). The experience 
of loneliness is not uniform across age—some age groups, on 
average, experience chronic or increasing loneliness, whereas 

others report low levels of loneliness (Hawkley & Cacioppo, 
2013). For example, 15%–30% of the population report 
chronic levels of loneliness. Across the life span, loneliness 
follows a U-shaped trend, with highest levels during younger 
and older adulthood (Beam & Kim, 2020; Victor & Yang, 
2012).

In older adults, loneliness correlates with poorer cogni-
tive performance, declines in global cognition (Boss et al., 
2015; Tilvis et al., 2004), and greater risk for Alzheimer’s 
disease (Lara et al., 2019; Penninkilampi et al., 2018). With 
respect to cognitive functioning, loneliness is associated 
with general cognitive ability, processing speed, immedi-
ate recall, and delayed memory recall (Boss et al., 2015; 
Harrington et al., 2023). Although correlation coefficients 
between loneliness and each domain tend to be small, they 
are reliable for cognitive functioning outcomes as well as 
dementia risk (Lara et al., 2019). Among specific cognitive 
domains, loneliness shows the strongest associations with 
memory outcomes (Boss et al., 2015). Processing speed 
was also correlated with loneliness in a minority of stud-
ies. These studies mostly consist of cross-sectional asso-
ciations, leaving open the question of whether different 
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loneliness trajectories predict cognitive functioning out-
comes differently.

Loneliness trajectories in older adulthood show high 
variability. For example, although the prevalence of lone-
liness in 25 European countries increased across middle to 
late adulthood, only a minority of older adults (i.e., <20%) 
reported high or moderate levels of loneliness (Yang & Victor, 
2011) with most reporting low levels of loneliness. In three  
population-representative samples—two from the United 
States and one from Sweden—age trajectories of loneliness 
differed in older cohorts (Beam & Kim, 2020). In the Health 
and Retirement Study (HRS), loneliness scores tended to 
remain stable in older cohorts, whereas in the National Social 
Life, Health, and Aging Project and the Swedish Twin Registry, 
loneliness levels were lower and more stable for younger 
cohorts than older cohorts. In a diurnal study of 55 older 
adults, intraindividual loneliness scores were heterogeneous 
over a 5-week period (Awad et al., 2023). Taken together, this 
expands on our question of whether group differences in older 
adults’ loneliness trajectories differentially predict cognitive 
functioning across time. Older adults with persistently high 
or increasing levels of loneliness would be expected to per-
form more poorly on cognitive ability assessments compared 
to older adults with relatively low levels of loneliness.

Given the heterogeneity of loneliness across individuals 
and the life span, it is important to identify common life span 
trajectories of loneliness to better understand who among 
lonely people are at risk of worse cognitive outcomes. One 
prior study of loneliness and cognitive impairment defined 
four loneliness trajectories (i.e., no loneliness, persistently 
high, increasing levels, and decreasing levels; Akhter-Khan 
et al., 2021), in which it was shown that people with per-
sistently high loneliness have greater cognitive impairment. 
We did not make a priori hypotheses regarding the number 
of trajectory groups that we would identify in the current 
study. We did, however, reason that increasing and decreas-
ing levels of loneliness may have different effects on cognitive 
ability depending on the average starting level of loneliness 
(i.e., whether individuals start with high levels of loneliness 
and decline rapidly or slowly). Thus, we empirically explored 
different trajectories of loneliness in older adulthood prior to 
testing whether different loneliness trajectories differentially 
correlated with cognitive functioning.

DNA Methylation Age Acceleration and 
Physiological Dysregulation
Although research suggests at least three different models by 
which loneliness can influence morbidity—health risk behav-
iors, psychological distress, and physiological dysregulation 
(Hawkley & Cacioppo, 2010)—here we focus specifically 
on physiological dysregulation as the potential mechanism 
by which loneliness affects cognitive functioning. Epigenetic 
alterations (e.g., DNA methylation [DNAm]) affect gene 
expression without changing the genome, which in turn alters 
phenotypes (Fraga, 2009). Epigenome alterations result from 
a plethora of factors, for example, prenatal health, early-life 
adversities, and lifetime stress (Heijmans et al., 2008; Sumner 
et al., 2019; Zannas, 2019), which also affect the aging pro-
cess, for better or worse. One way to quantify the accumula-
tion of epigenetic alterations is through associating DNAm 
at specific sites on the genome—cytosine phosphate guanine 
(CpG) markers—with aging processes, and then aggregating 

the methylation into a score. In this way, the DNAm score 
reflects the toll of aging and includes effects from lifetime 
experiences and environmental exposures.

DNA methylation markers can be used to quantify whether 
people are aging faster or slower relative to their chronological 
age. Often referred to as DNA methylation age acceleration 
(DNAm AgeAccel) in the literature, numerous measures have 
been developed based on different tissue types, CpG mark-
ers, demographic characteristics, and other biomarkers of 
physiological function (e.g., C-reactive protein, CRP). Initial 
DNAm AgeAccel measures that were trained primarily on 
chronological age were developed as better predictors of lon-
gevity and cancer risk (Hannum et al., 2013; Horvath, 2013) 
and are collectively referred to as “first generation” DNAm 
AgeAccel measures. Among these, Horvath’s (2013), Hannum 
et al.’s (2013), and Horvath’s skin-based measure (Horvath 
et al., 2018) have been found to correlate with cognitive 
ability (Levine et al., 2015; Marioni et al., 2015). Additional 
DNAm AgeAccel measures, considered “second generation” 
measures, were constructed based on immune and inflamma-
tory biomarker profiles (Levine et al., 2018), lifestyle factors 
(e.g., smoking behavior), mortality risk (Lu et al., 2019), and 
change in biomarker profiles used to quantify “pace of aging” 
over time (Belsky et al., 2022). Second-generation measures 
have been shown to be more robust predictors of cognitive 
ability, cognitive impairment, and neuropathological mark-
ers associated with cognitive impairment (Belsky et al., 2022; 
Levine et al., 2018; Lu et al., 2019). In the current study, we 
used three first-generation measures of DNAm AgeAccel and 
three second-generation measures to evaluate the utility of 
various DNAm AgeAccel measures as mediating mechanisms 
in the association between loneliness and cognitive function-
ing, as in prior studies (e.g., see Beydoun et al., 2020). We 
hypothesized that second-generation DNAm AgeAccel mea-
sures would outperform first-generation measures (McCrory 
et al., 2021; Reed et al., 2022; Vaccarino et al., 2021).

There are several reasons why DNAm-based estimators 
of age have promise for clarifying whether physiological 
dysfunction mediates the effects of loneliness on cognitive 
functioning. First, individuals with persistently high loneli-
ness may be at risk for altered gene expression (Cole et al., 
2015). Second, loneliness triggers stress reactivity, resulting 
in increased circulating levels of cortisol (Adam et al., 2006) 
that may cause neuronal damage associated with altered cog-
nition (Epel, 2009). In lonely individuals, genes involved in 
immune activation, transcription control, and cell prolifera-
tion are found to be upregulated, whereas genes supporting 
mature B lymphocyte function and type I interferon response 
are downregulated (Cole et al., 2007). Together, these epigen-
etic changes result in reduced anti-inflammatory responses, 
which may explain why loneliness is associated with  
inflammation-mediated morbidity despite increases in cor-
tisol. Thus, transcriptional processes and genetic expression 
appear to be part of the process by which loneliness correlates 
with physiological functioning.

The effect of different loneliness trajectories on epigenetic 
processes has not been explored. Effects of long-term psycho-
social stress on DNAm AgeAccel have focused mostly on early 
life stressors, with discordant evidence for lifetime exposures 
to psychosocial stress. DNAm AgeAccel measures correlate 
with early-life socioeconomic status (SES; Austin et al., 2018) 
and early-life adversities (Sumner et al., 2019) but not adult 
SES. Cumulative lifetime stress also correlates with DNAm 
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AgeAccel (Zannas, 2019). Taken together, loneliness may dif-
ferentially alter the epigenome that may, in turn, differentially 
affect cognitive functioning. We, thus, investigate whether 
differences in loneliness trajectories predict individual differ-
ences in various measures of DNAm AgeAccel. To the extent 
that DNAm AgeAccel depends on loneliness trajectories, we 
propose that the epigenome may explain, at least in part, the 
association between loneliness and cognitive functioning.

DNA Methylation Age Acceleration and 
Cognitive Functioning
Changes in the epigenome affect physiological processes 
implicated in cognitive impairment (Chouliaras et al., 2010). 
First, methylation levels in the apolipoprotein E (APOE) gene 
promoter region relate to Alzheimer’s disease and related dis-
eases over and above the genetic risk associated with APOE 
variation alone (Karlsson et al., 2018). Epigenetic mecha-
nisms also correlate with biomarkers of neuropathology of 
dementia (e.g., amyloid load) and poorer global cognitive 
functioning (Levine et al., 2015). In some studies, higher 
DNAm AgeAccel scores are associated with lower cognition 
(Hillary et al., 2021; Wu et al., 2021), but in others the effect 
is not statistically significant (Sibbett et al., 2020).

No studies have investigated whether measures of DNAm 
AgeAccel mediate effects of loneliness on cognitive function-
ing. Indeed, few studies have tested whether dysregulation of 
physiological functions mediates effects of baseline measures 
of loneliness on cognitive functioning (Spithoven et al., 2019). 
In a study of U.S. older adults spanning 10 years, physiologi-
cal dysregulation at 5-year follow-up did not mediate baseline 
effects of loneliness on cognitive ability at 10-year follow-up, 
whereas functional ability, self-rated health, depressive symp-
tomatology, and social participation did (Kim et al., 2020). In 
a study of older adults in the HRS, only HbA1C, a measure 
of metabolic functioning, mediated effects of loneliness on 
subsequent measures of cognitive ability but not after adjust-
ing for covariates (Yu & Ng, 2022). Although these studies 
did not support a role for physiological processes in the asso-
ciation between loneliness and cognitive functioning over 
time, the primary motivation for studying whether measures 
of DNAm AgeAccel might be more robust mediators is that 
DNAm-based measures of age have been found to outper-
form all other measures of cumulative physiological function-
ing (Horvath & Raj, 2018).

Present Study
In a large sample of nationally representative older adults 
from the HRS, we tested the general hypothesis that DNAm 
AgeAccel mediates effects of loneliness on cognitive func-
tioning. As the current study is the first to examine whether 
DNAm AgeAccel mediates effects of loneliness on cognitive 
functioning, we tested whether DNAm AgeAccel (measured 
in 2016) mediated effects of baseline measures of loneliness 
(measured in 2008) on general cognitive ability, immediate 
memory recall (IMR), delayed memory recall, and process-
ing speed (measured in 2016). We hypothesized that DNAm 
AgeAccel measures would mediate, at least partially, the effect 
of baseline loneliness on general cognitive ability, processing 
speed, and memory functioning. In a multicategorical medi-
ation analysis, we tested whether DNAm AgeAccel medi-
ated effects of the highest loneliness trajectory groups on all 

measures of cognitive functioning. Finally, based on the liter-
ature review above, we hypothesized that second-generation 
DNAm AgeAccel measures would primarily mediate associa-
tions between loneliness and cognitive functioning outcomes.

Method
Sample
Data come from three waves of the HRS. The HRS is sponsored 
by the National Institute on Aging (NIA U01AG009740) and 
is conducted by the University of Michigan. The sample in the 
present study includes individuals in the HRS who completed 
the UCLA Loneliness Scale in 2008, 2012, or 2016 (i.e., pro-
vided at least one measurement) through the Core survey, 
provided blood samples for DNAm analysis in 2016 through 
the Venous Blood Study (HRS, 2021), and completed the 
Core HRS cognitive assessment in 2016. The base sample in 
the current study was the 4,104 HRS individuals who partic-
ipated in the Venous Blood Study. Eighty-six individuals were 
excluded because their DNAm samples did not pass quality 
control. Out of the 4,018 remaining, 2,204 were excluded 
because they did not provide a single measure of loneliness 
in 2008, 2012, and 2016. The analytic sample consisted of 
1,814 individuals: 61.69% provided data in 2008, 82.25% in 
2012, and 83.13% in 2016. More than half (59.10%) of the 
sample was female. The sample was 77.29% White, 15.55% 
Black, and 7.17% “Other” race. The average age of the sam-
ple was 69.76 (SD = 9.77). Further sample-level descriptive 
statistics are provided in Table 1. The study was approved 
by the University of Southern California Institutional Review 
Board in the Office for the Protection of Research Subjects 
(IRB #: UP-17-00067).

Measures
Loneliness
An 11-item modified version of the 20-item UCLA Loneliness 
Scale was administered to all participants to measure social 
loneliness (Lee & Cagle, 2017). The 11-item measure included 
the following items, all beginning with the stem “How much 
of the time do you feel …”: “you lack companionship?”; 
“left out?”; “isolated from others?”; “that you are ‘in tune’ 
with the people around you?”; “alone?”; “that there are peo-
ple you can talk to?”; “that there are people you can turn 
to?”; “that there are people who really understand you?”; 
“that there are people you feel close to?”; “part of a group 
of friends?”; and “that you have a lot in common with the 
people around you?” All items were rated on a 3-point Likert 
scale (1 = “often”; 2 = “some of the time”; 3 = “hardly ever 
or never”). Items were scored so that higher values indicated 
higher loneliness and then summed (range: 11–33) at each 
time point. Scale reliability was substantial in 2008 (ω = 0.88), 
2012 (ω = 0.88), and 2016 (ω = 0.87).

Cognitive functioning
General cognitive ability was measured using a composite 
measure of cognitive functioning developed from the modi-
fied Telephone Interview for Cognitive Status (TICSm; Weir 
et al., 2011). The 27-point index includes scores from (1) 
immediate and delayed 10-noun free recall test to measure 
memory (0 to 20 points); (2) a serial sevens subtraction test to 
measure working memory (0 to 5 points); and (3) a counting 
backwards test to measure speed of mental processing (0 to 2 
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points; Langa et al., 2020). Immediate memory recall (IMR) 
consisted of the sum score of the free recall word list learning 
task. Participants were read 10 nouns and asked to repeat as 
many as they could remember upon the psychometrist finish-
ing the list. Long delayed recall (LDR) consisted of the sum 

score of the free recall of the same word list in the immedi-
ate recall task approximately 5 min later. Processing speed 
was conceptualized as speed of mental processing and was 
measured using the backward counting test in which partici-
pants were asked to count backwards from 20 as quickly as 
possible for 10 continuous numbers. Participants were given 
two tries. Scores of 2 indicate two successful attempts, scores 
of 1 indicate one successful attempt, and scores of 0 indicate 
neither attempt was successful.

DNA methylation age acceleration
DNAm age measures were estimated by the HRS (Crimmins 
et al., 2020). First-generation DNAm age measures included 
Horvath’s (2013) measure that is defined by DNAm at 353 
CpG sites; Hannum et al.’s (2013) measure defined by methyl-
ation at 71 CpG and biological sex; and Horvath’s skin-based 
measure that was defined by methylation of 391 CpG sites 
based on fibroblasts and other skin cell tissue types.

We used three second-generation DNAm age measures: 
DNAm PhenoAge (Levine et al., 2018) was trained using 
measures of age-related morbidity (albumin, creatine, glucose 
(serum), CRP (log), lymphocyte percent, mean red cell vol-
ume, red cell distribution width, alkaline phosphatase, and 
white blood cell count) and chronological age to define phe-
notypic age that was characterized by 513 CpG sites. DNAm 
GrimAge or “GrimAge” (Lu et al., 2019) was developed in 
two steps. First, surrogate DNAm biomarkers of physiolog-
ical risk and plasma proteins (adrenomedullin, CRP, plas-
minogen activation inhibitor 1, and growth differentiation 
factor 15) and smoking pack-years were identified. Second, 
time-to-death was then regressed on seven DNAm surrogates 
and scaled in years to estimate DNAm age. DunedinPoAm38 
is based on a pace of aging measures previously estimated 
(Belsky et al., 2015) that defines how quickly people age bio-
logically based on 18 biomarkers that measure cardiovascu-
lar, metabolic, renal, hepatic, pulmonary, periodontal, and 
immune systems. Elastic-net regression was used to estimate 
methylation pace of aging.

Horvath, Hannum, Horvath (skin), DNAm PhenoAge, and 
GrimAge measures were scaled in years. DunedinPoAm38 
was scaled in years per chronological year. DNAm AgeAccel 
was calculated by using residualized scores from a bivariate 
ordinary least squares regression of individuals’ DNAm age 
score regressed on their chronological age. Sample means of 
all DNAm AgeAccel measures are zero with positive values 
indicating DNAm age scores older than would be predicted 
from chronological age and negative values indicating scores 
younger than would be predicted from chronological age.

Demographics
Sex was coded based on individuals’ sex at birth, male or 
female. Education was coded based on the highest grade of 
school completed or year of college completed. Birth cohort 
was dummy coded according to delineations summarized by 
the RAND Center for the Population of Aging (2023). Race 
was based on self-identification, and coded into the catego-
ries: White/Caucasian, Black/African American, and Other.

Covariates
Additional covariates were included because they have been 
found to confound the association between loneliness and 
cognitive functioning or the association between DNAm 
AgeAccel and cognitive functioning. For example, depressive 

Table 1. Descriptive Statistics of the Analytic Sample

N M SD Range

UCLA 2008 1,119 16.50 4.70 11.00–31.00

UCLA 2012 1,492 16.59 4.77 11.00–33.00

UCLA 2016 1,508 16.92 4.81 11.00–33.00

Age (2016) 1,814 69.76 9.77 50.00–98.00

Horvath Accel 1,814 −0.03 6.40 −31.35–48.38

Hannum Accel 1,814 −0.01 5.34 −25.64–39.84

HorvathSkin Accel 1,814 −0.02 4.30 −24.40–18.96

DNAm PhenoAge Accel 1,814 −0.01 6.80 −28.11–30.75

GrimAge Accel 1,814 −0.04 8.79 42.67–97.05

Dunedin PoAm38 Accel 1,814 0.00 0.09 −0.34–0.37

TICS (2016) 1,814 14.80 4.22 0.00–26.00

Processing speed 1,814 1.86 0.51 0.00–2.00

Immediate recall 1,814 5.24 1.57 0.00–10.00

Long delay recall 1,814 4.20 1.87 0.00–10.00

BMI 1,775 34.50 8.26 14.65–78.11

Depression (CES-D) 1,037 1.69 2.07 0.00–10.00

Self-rated health 1,813 2.90 1.03 1.00–5.00

Social isolation 1,016 2.83 1.01 0.00–4.00

APOEe4 1,814 1.70 0.73 0.00–2.00

N %

Sex

  Female 1,072 59.10

  Male 742 40.90

Race

  White 1,402 77.29

  Black 282 15.55

  Other 130 7.17

Education

  No college 287 15.82

  GED 86 4.74

  High school diploma 894 49.28

  2-Year college degree 111 6.12

  4-Year college degree 253 13.95

  Master degree 132 7.28

  Professional degree 38 2.10

  Degree unknown 13 0.72

Current smoking

  No 798 43.99

  Yes 201 11.08

Cohort 1 (1890–1923) 109 6.01

Cohort 2 (1924–1930) 518 28.56

Cohort 3 (1931–1941) 277 15.27

Cohort 4 (1942–1947) 384 21.17

Cohort 5 (1948–1953) 445 24.53

Cohort 6 (1954–1959) 64 3.53
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symptomatology, self-rated health, and social participation 
have been found to mediate the association between loneliness 
and cognitive functioning (Kim et al., 2020) or confound the 
association (Kuiper et al., 2016). Direct and proxy measures 
of health behaviors, like body mass index (BMI) and smok-
ing, and genetic risk factors of severe cognitive impairment 
(i.e., APOE ε4) were adjusted in our final models because 
they may confound effects of DNAm AgeAccel and cognitive 
functioning. Body mass index was calculated using English 
measurements: BMI = lbs× 703/inches2. Self-rated health 
was assessed using a single item “Would you say your health 
is excellent, very good, good, fair, or poor?” Higher scores 
indicate poorer self-rated health. Current smoking status was 
assessed using a single item “Do you smoke cigarettes now? 
(not including pipes, cigars, or e-cigarettes)” and coded as 
1 = Yes, 2 = No. Depressive symptomatology was measured 
using 10 items from the Center for Epidemiologic Studies 
Depression scale (CES-D; Radloff, 1977). One item measur-
ing feelings of loneliness was excluded from the composite 
score. Higher scores indicate higher depressive symptomatol-
ogy. Social isolation was coded as the amount of contact with 
four types of relationships (spouse, children, friends, other 
family) each month on a scale of 0 (social integration) to 
4 (social isolation). Sum scores were created so that higher 
scores indicate greater social isolation (Sutin et al., 2020). 
APOE ε4 status was coded as the number of ε4 alleles (0, 1, 
or 2). All covariates were collected in the 2016 interview.

Data Analysis
First, we present results from basic descriptive analyses, 
including means, standard deviations, and correlations 
for key variables. We then identified subgroups of longitu-
dinal trajectories of loneliness using Covariance Pattern 
Mixture Modeling (CPMM; McNeish & Harring, 2020), an 
approach that is an extension of Growth Mixture Modeling 
(GMM; Ram & Grimm, 2009; Supplementary Figure 1). 
Unstructured, Toeplitz, and compound symmetric covariance 
structures were tested. Bayesian Information Criterion (BIC), 
Akaike Information Criterion (AIC), entropy values, and sub-
stantive interpretation of the intercept and slope parameters 
were used to identify the most plausible number of different 
latent loneliness trajectory classes (LTCs).

We then performed two sets of mediation analyses. We first 
present results in which we tested whether the six DNAm 
AgeAccel measures mediated effects of baseline loneliness 
scores measured in 2008 on all cognitive functioning mea-
sures assessed in 2016. The general expressions used to test 
the baseline model are:

DNAmAgeAcceli2016 = iDNAmAgeAccel

+ a ∗ Lonelinessi2008 + eiDNAmAgeAccel (1)

CFi2016 = iCF + c′ ∗ Lonelinessi2008
+ b ∗DNAmAgeAccel2016 + d ∗Wi2016 + eiCF (2)

Equation 1 demonstrates effects of baseline loneliness, 
a, on measures of DNAm AgeAccel for individual i. The 
parameter iDNAmAgeAccel is the intercept for measures of DNAm 
AgeAccel, and eDNAmAgeAccel is the residual variance. Equation 2 
specifies the adjusted direct effect of baseline loneliness (c’), 
DNAm Age Accel (b), and all covariates, W2016 (d), on cog-
nitive functioning (CF). The parameters iCF and eCF represent 

the intercept and residual variance of cognitive functioning, 
respectively.

Relative indirect and total effects were calculated as:

Indirect effect = a ∗ b (3)

Total effect = c + a ∗ b (4)

The primary parameters of interest are the indirect effects 
(Equation 3) with statistically significant values supporting 
our hypothesis that DNAm AgeAccel measures mediate effects 
of baseline loneliness on cognitive functioning outcomes.

We then present results from a multicategorical mediation 
analysis to test whether the six DNAm AgeAccel measures 
mediate effects of LTC on cognitive functioning. We included 
k–1 indicator codes, using the largest group as the reference 
group (Hayes & Preacher, 2013). Next, DNAm AgeAccel 
measures and cognitive functioning were regressed onto the 
indicator codes (Figure 1), and cognitive functioning was 
regressed onto the DNAm AgeAccel measures. As in the 
mediation models for baseline loneliness above, the primary 
hypotheses tested were the indirect effect (aj*b) of each loneli-
ness trajectory class on cognitive functioning via each DNAm 
AgeAccel measure.

In both mediation analyses, we tested a Baseline Model in 
which all covariates were excluded against a demographic 
covariate-only model (Demographic Model) and a full 
model in which all covariates were included (Full Model). 
Covariances among all predictor variables were included. All 
analyses were conducted in Mplus 8.6 (Muthén & Muthén, 
1998-2017) using full information maximum likelihood. The 
α cutoff for all null-hypothesis significance tests was set to 
.05. Likelihood ratio tests, AIC, and BIC, were used to com-
pare Baseline, Demographic, and Full models. Standard errors 
and 95% confidence intervals were bootstrapped in Mplus 
using the BOOTSTRAP function.

Missing data on the UCLA Loneliness Scale was analyzed 
to determine whether data were missing completely at ran-
dom. There were no differences between individuals who 
provided no measure of loneliness (n = 2,204) and those who 
provided at least one measurement (n = 1,814).

Across the entire study sample, 330 individuals provided a 
single measure of loneliness, 663 provided two measures, and 
821 provided three measures. For those who provided data, 
there were no statistically significant differences between indi-
viduals who provided three loneliness scores and those who 
provided one or two scores for any DNAm AgeAccel measure 
or any cognitive functioning outcome except for processing 
speed (t(1,812) = 3.82, p < .001, d = 0.18). Overall, the miss-
ing at random assumption was met.

Results
Descriptive Statistics
Across the entire sample, loneliness scores increased over 
the 8-year measurement window, albeit slightly (Table 1). 
The zero-order correlations between DNAm AgeAccel mea-
sures and TICSm were: .00 for Horvath, −.03 for Hannum, 
−.04 for Horvath (skin), −.09 for DNAm PhenoAge, −.19 for 
GrimAge, and −.11 for DunedinPoAm38. The correlations for 
immediate recall were: −.02 for Horvath, −.05 for Hannum, 
−.06 for Horvath (skin), −.08 for DNAm PhenoAge, −.19 
for GrimAge, and −.12 for DunedinPoAm38. The correla-
tions for delayed memory recall were: −.01 for Horvath, 

http://academic.oup.com/psychsocgerontology/article-lookup/doi/10.1093/geronb/gbad128#supplementary-data
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−.02 for Hannum, −.04 for Horvath (skin), −.08 for DNAm 
PhenoAge, −.19 for GrimAge, and −.12 for DunedinPoAm38. 
For processing speed, correlations were: .04 for Horvath, 
.04 for Hannum, .03 for Horvath (skin), .01 for DNAm 
PhenoAge, −.01 for GrimAge, and −.03 for DunedinPoAm38. 
Intercorrelations between key variables and covariates are 
provided in Supplementary Table 1.

Covariance Pattern Mixture Modeling and Growth 
Mixture Modeling
Model fit statistics for CPMMs are provided in Supplementary 
Tables 2 and 3. A compound symmetric error structure fit the 
data in a one-class solution better than an unstructured error 
model or a Block Toeplitz structure (Supplementary Table 2). A 
five-class solution was selected as the best model based on the 
BIC values and interpretability of the LTCs (Supplementary 
Table 3). Table 2 shows the intercept and slope parameters 
for each trajectory group. Group 1 was defined as having 
“Low” loneliness; group 2 (the largest group) as “Low- 
But-Increasing” loneliness; group 3 as “Moderate” loneliness; 
group 4 as “Moderate-But-Declining” loneliness; and group 
5 as “High-But-Declining” loneliness. As slope values are in 
units per decade, groups 2, 4, and 5, tend to change slowly 
over time.

Baseline Loneliness Mediation Models
Total effect of baseline loneliness (UCLA Loneliness score in 
2008) on TICSm was significant in the baseline models across 
all DNAm AgeAccel measures (Table 3). Estimates slightly 
varied based on the DNAm AgeAccel variable. Indirect 
effects were statistically significant only for GrimAge Accel 
and Dunedin PoAm38 Accel in the baseline model. Total 
effects of loneliness remained significant after adjusting for 
demographic variables (Supplementary Table 4), but indirect 
effects for GrimAge Accel and Dunedin PoAm38 Accel were 
no longer significant. All other effects of loneliness on TICSm 
were no longer statistically significant after adjusting for all 
covariates. Self-rated health, depressive symptomatology, and 
BMI were the most likely confounds (Supplementary Table 4).

Total effects of baseline loneliness on IMR were statisti-
cally significant, suggesting that greater levels of loneliness in 
2008 predicted slightly worse scores in 2016 (Supplementary 
Table 5). Only GrimAge Accel significantly mediated effects 
of loneliness on IMR in the baseline model but were no lon-
ger statistically significant in the Demographic Model. Total 
effects of baseline loneliness on IMR were no longer statis-
tically significant in the Full Model, which, like the TICSm, 
suggests that other factors including objective social isolation, 
self-rated, health, and BMI confound the association between 
loneliness and IMR.

The total effect of baseline loneliness on LDR was sig-
nificant in the Baseline models across all DNAm AgeAccel 
measures, indicating that higher levels of loneliness predicted 
worse word retrieval scores (Supplementary Table 6). Only 
the indirect effect of baseline loneliness on LDR via GrimAge 
Accel was statistically significant in the baseline model but 
was no longer statistically significant in the Demographic 
Model. Total and adjusted effects of baseline loneliness on 
LDR were no longer statistically significant in the Full Model.

Total, adjusted, and indirect effects of baseline loneliness 
on processing speed were not statistically significant in the 
baseline, demographic, or full models (Supplementary Table 
7). The only significant predictors of processing speed across 
all models were sex and education.

Loneliness Trajectory Class Mediation Models
Compared to the Low-But-Increasing group, all other 
LTC groups were predicted to have lower TICSm scores 
across all DNAmAge Accel measures (Table 4). Adjusted 
direct effects for the High-But-Declining group showed 
the most negative effect on TICSm scores followed by the  
Moderate-But-Declining and Moderate groups. Only the 
second-generation DNAmAge Accel measures—DNA 

Figure 1. Multicategorical Mediation Model. Loneliness trajectory groups 
1, 2, … , j refer to the different loneliness trajectory classes found in 
the Growth Mixture Models. DNAm AgeAccel2016 refers to Horvath Age 
Acceleration, Hannum Age Acceleration, Horvath (skin) Age Acceleration, 
DNAm PhenoAge Acceleration, GrimAge Acceleration, and Dunedin 
PoAm38 Acceleration. CF2016 refers to TICSm, immediate memory recall, 
delayed memory recall, and processing speed. Covariates include cohort, 
sex, race/ethnicity, APOE ε4 status, social isolation, current smoking 
status, depressive symptomatology, self-rated health, and BMI. The 
parameters a1, a2, … , aj−1, refer to the effect of each loneliness trajectory 
group on DNAm AgeAccel for j–1 groups (the largest latent class group 
was selected as the reference group). The parameter b refers to the 
direct effect of DNAm AgeAccel measure on the cognitive functioning 
outcome. The parameters c’1, c’2, … , c’j−1, refer to the adjusted direct 
effect of each loneliness trajectory group for j–1 groups on the cognitive 
outcome.

Table 2. Model Estimated Intercepts and Slopes of the Five Loneliness 
Trajectory Classes

Group Description N Intercept Slope

1 Low 489 14.44 0.11

2 Low-but-increasing 539 12.83 0.21

3 Moderate 286 17.91 −0.16

4 Moderate-but-declining 345 21.39 −0.45

5 High-but-declining 155 25.42 −0.50

Note: Bolded values are statistically significant at the .05 level. Slope 
estimates are in units per decade.
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Table 3. Baseline Mediation Parameter Estimates, Indirect and Total Effects

Parameter Horvath Accel HorvathSkin Accel

Baseline Full Baseline Full

Est. .95 CI Est. .95 CI Est. .95 CI Est. .95 CI

Total effect of loneliness

UCLA2008 → TICS2016
−0.154 [−0.215, −0.088] −0.040 [−0.092, 0.010] −0.154 [−0.216, −0.090] −0.040 [−0.093, 0.011]

Indirect effect

UCLA2008 → DNAm Age-
Accel2016 → TICS2016

0.000 [−0.001, 0.002] 0.000 [−0.002, 0.001] 0.000 [−0.003, 0.002] 0.000 [−0.001, 0.001]

Adjusted direct effect of 
loneliness

UCLA2008 → TICS2016
−0.154 [−0.215, −0.088] −0.040 [−0.093, 0.010] −0.154 [−0.216, −0.089] −0.040 [−0.092, 0.011]

Effect of DNAm AgeAc-
cel2016 on TICS2016

DNAm AgeAccel2016 → 
TICS2016

0.001 [−0.029, 0.029] 0.011 [−0.014, 0.035] −0.036 [−0.082, 0.008] 0.002 [−0.036, 0.041]

Effects of loneliness on 
DNAm AgeAccel2016

UCLA2008 → DNAm 
AgeAccel2016

−0.011 [−0.090, 0.069] −0.005 [−0.084, 0.072] 0.010 [−0.045, 0.064] 0.014 [−0.042, 0.068]

Parameter Hannum Accel DNA PhenoAge Accel

Baseline Full Baseline Full

Est. .95 CI Est. .95 CI Est. .95 CI Est. .95 CI

Total effect of loneliness

UCLA2008 → TICS2016
−0.153 [−0.215, −0.088] −0.040 [−0.093, 0.010] −0.151 [−0.212, −0.085] −0.039 [−0.093, 0.011]

Indirect effect

UCLA2008 → DNAm Age-
Accel2016 → TICS2016

−0.001 [−0.003, 0.001] 0.000 [−0.002, 0.001] 0.001 [−0.004, 0.006] 0.000 [−0.001, 0.002]

Adjusted direct effect of 
loneliness

UCLA2008 → TICS2016
−0.153 [−0.214, −0.087] −0.040 [−0.092, 0.010] −0.151 [−0.213, −0.087] −0.039 [−0.093, 0.011]

Effect of DNAm AgeAc-
cel2016 on TICS2016

DNAm AgeAccel2016 → 
TICS2016

−0.020 [−0.059, 0.015] −0.007 [−0.040, 0.025] −0.057 [−0.085, −0.028] −0.014 [−0.040, 0.010]

Effects of loneliness on 
DNAm AgeAccel2016

UCLA2008 → DNAm Age-
Accel2016

0.031 [−0.035, 0.093] 0.036 [−0.029, 0.099] −0.011 [−0.092, 0.070] −0.013 [−0.094, 0.068]

Parameter GrimAge Accel DunedinPoAm38 Accel

Baseline Full Baseline Full

Est. .95 CI Est. .95 CI Est. .95 CI Est. .95 CI

Total effect of loneliness

UCLA2008 → TICS2016
−0.144 [−0.206, −0.078] −0.045 [−0.098, 0.006] −0.148 [−0.211, −0.082] −0.041 [−0.095, 0.009]

Indirect effect

UCLA2008 → DNAm Age-
Accel2008 → TICS2016

−0.012 [−0.021, −0.002] −0.004 [−0.009, 0.000] −0.007 [−0.013, −0.001] −0.001 [−0.005, 0.002]

Adjusted direct effect of 
loneliness

UCLA2008 → TICS2016
−0.132 [−0.193, −0.066] −0.041 [−0.095, 0.009] −0.141 [−0.203, −0.075] −0.040 [−0.094, 0.010]
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PhenoAge, GrimAge Accel, and Dunedin PoAm38 Accel—
significantly mediated effects on TICSm for the two  
highest loneliness trajectories. All second-generation  
measures mediated the association between the Moderate- 
But-Declining group, whereas only GrimAge Accel medi-
ated the association between the High-But-Declining group. 
We note, too, that GrimAge Accel mediated effects of the 
Low group on TICSm. Only GrimAge Accel continued to 
mediate effects of the Moderate-But-Declining group in the 
Demographic (Supplementary Table 8) and Full Models 
(Table 4). Adjusted direct effects of the loneliness trajectory 
groups on TICSm were no longer statistically significant 
in the Full Model, which means that GrimAge Accel fully 
mediated effects of the Moderate-But-Declining group on 
TICSm. Self-rated health, depressive symptomatology, and 
BMI likely confounded effects of loneliness trajectories on 
TICSm scores.

For IMR (Supplementary Table 9), the Moderate, 
Moderate-But-Declining, and High-But-Declining groups 
showed significantly lower scores. The Low and Low- 
But-Increasing groups did not differ. Only the second- 
generation clocks mediated associations between loneliness 
trajectory groups and IMR. All second-generation DNAm 
acceleration measures mediated the association between the 
Moderate-But-Declining group whereas only GrimAge Accel 
mediated the association between the High-But-Declining 
group and the Low Group. GrimAge Accel continued to mediate 
effects of these loneliness trajectory groups in the Demographic 
Model as well as the Full Model. Notably, GrimAge Accel 
mediated effects of the Moderate-But-Declining and High-But- 
Declining groups on IMR more strongly than the Low Group. 
Objective social isolation, self-rated health, depressive symp-
tomatology, and BMI likely confounded the association 
between all acceleration measures, but to a lesser degree for 
GrimAge Accel.

Results for LDR (Supplementary Table 10) were similar to 
IMR. Compared to the Low-But-Increasing group, all other 
loneliness trajectory groups showed significantly lower LDR 
scores with those in the High-But-Declining and Moderate-But- 
Declining groups predicted to score the lowest. Only the second- 
generation clocks again mediated associations between latent 
trajectory groups and LDR. All second-generation DNAm 
acceleration measures mediated the association between 
the Moderate-But-Declining group, whereas only GrimAge 
Accel mediated effects of the High-But-Declining and Low 
groups. As with IMR, GrimAge Accel mediated effects of 

these groups on LDR in the Demographic and Full Models. 
GrimAge Accel mediated effects of the Moderate-But- 
Declining and High-But-Declining groups on LDR more 
strongly than the Low Group. As the adjusted effects in 
this model were no longer statistically significant, GrimAge 
Accel fully mediated effects of the Low, Moderate- 
But-Declining, and High-But-Declining groups, holding con-
stant all covariates.

As in the baseline loneliness model, the total, adjusted, 
and indirect associations between any loneliness trajectory 
group and processing speed were not statistically significant 
(Supplementary Table 11). The only significant predictors of 
processing speed across all models were sex and education.

Discussion
The current study showed that one second-generation DNAm 
AgeAccel measure, GrimAge Accel, consistently explained the 
association between loneliness and general cognitive ability, 
immediate recall, and delayed memory recall in older  adulthood. 
GrimAge Accel fully mediated effects of the Moderate- 
But-Declining loneliness trajectory on general cognitive abil-
ity and both measures of episodic memory after adjusting 
for all covariates. In addition, GrimAge Accel fully mediated 
effects of the High-But-Declining and Low Group loneliness 
trajectories on both memory measures. No other DNAm 
AgeAccel measure mediated any effect of loneliness on any 
other cognitive functioning outcome. For the majority of 
DNAm AgeAccel measures, demographic, social, physiolog-
ical, and psychosocial variables explained both direct and 
indirect associations.

As the first study to examine whether DNAm AgeAccel 
measures explain the association between loneliness and cog-
nitive functioning, this study is among the strongest tests of the 
physiological mechanisms underlying loneliness and cognitive 
functioning given that DNAm-based measures of aging con-
stitute the most robust estimators of cumulative physiological 
dysregulation (Horvath & Raj, 2018). These results suggest a 
complicated role that physiological dysfunction might have in 
the association between loneliness and cognitive functioning, 
as demographic, social, psychological, and lifestyle factors 
confounded the mediating role that most DNAm AgeAccel 
measures had on all cognitive ability outcomes.

GrimAge Accel was the DNAm AgeAccel measure most 
strongly correlated with loneliness and cognitive function-
ing, excluding processing speed. Although not exclusively,   

Parameter GrimAge Accel DunedinPoAm38 Accel

Baseline Full Baseline Full

Est. .95 CI Est. .95 CI Est. .95 CI Est. .95 CI

Effect of DNAm AgeAc-
cel2016 on TICS2016

DNAm AgeAccel2016 → 
TICS2016

−0.155 [−0.195, −0.118] −0.051 [−0.100, −0.006] −4.625 [−6.754, −2.614] −0.745 [−2.981, 1.398]

Effects of loneliness on 
DNAm AgeAccel2016

UCLA2008 → DNAm Age-
Accel2016

0.075 [0.012, 0.137] 0.071 [0.009, 0.133] 0.002 [0.000, 0.003] 0.001 [0.000, 0.003]

Note: Estimates are unstandardized. Bolded values are statistically significant at the .05 level.

Table 3. Continued
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individuals primarily in the highest loneliness trajectories—the 
High-But-Declining and the Moderate-But-Declining groups—
were found to have lower general cognitive ability and episodic 
memory scores after adjusting for all covariates. This result is 
consistent with findings that GrimAge Accel has predictive 
utility for clinical and clinically related outcomes, including 
cognitive and functional ability measures (McCrory et al., 
2021). GrimAge Accel takes into account proxy measures of 
adverse lifestyle factors like BMI and smoking pack-years, so 
it may reflect that as people’s time horizons shorten, higher 
levels of chronic loneliness have stronger effects on cognitive 
functioning.

The finding that GrimAge Accel fully mediated effects of the 
Moderate-But-Declining loneliness trajectory on general cog-
nitive ability and both memory measures partially supported 
the hypothesis that second-generation DNAm AgeAccel mea-
sures would mediate effects of loneliness on cognitive ability 
in older adulthood. In addition, GrimAge Accel fully medi-
ated effects of the High-But-Declining trajectory on both 
memory measures but not general cognitive ability. Given the 
slow rate of decline in the High and Moderate-But Declining 
loneliness trajectories, the loneliness levels of individuals in 
both of these groups probably represent greater stability than 
change over time. Persistent loneliness, be it moderate to high, 
may put older adults at greater risk of physiological dysreg-
ulation and lower cognitive functioning, especially memory 
functioning.

Unexpectedly, GrimAge Accel mediated effects of the group 
with the lowest loneliness scores across the three measures, 
the Low Group, on both memory measures. Yet the indirect 
effects were slight for both immediate and delayed recall 
scores, with differences between the Low Group and the  
Low-But-Increasing group no greater than a .05 units on 
either memory measure. A judgment about which group char-
acterizes “normal aging” cannot be made here, as the major-
ity of older adults report feeling little to no loneliness (Victor 
& Yang, 2012). Still, these results suggest that “normal aging” 
might include small increases in loneliness across older adult-
hood, as reported elsewhere (Beam & Kim, 2020). People 
with Low-But-Increasing loneliness, thus, would be expected 
to perform in the normal range of cognitive functioning com-
pared to same-aged peers. For any number of reasons, includ-
ing response bias, endogeneity, and sampling error, people 
whose loneliness trajectories deviate from population norms 
also may show differences in their cognitive functioning.

A strength of the current study includes employing GMM 
to identify different loneliness trajectory groups. These 
latent classes represent both loneliness level and change 
over an 8-year time span, thus the classes characterize dif-
ferences in the stability and change of loneliness over time. 
In the baseline loneliness analyses, no DNAm AgeAccel 
measure mediated effects of loneliness on any cognitive out-
come once demographic, social, psychological, and physi-
ological covariates were included in the model. Yet, when 
disentangling the different trajectory groups, GrimAge 
Accel consistently mediated differences between the largest 
group—the Low-But-Increasing group—and the Moderate- 
But-Declining, High-But-Declining, and Low groups on 
general cognitive ability and both memory measures. As 
a result of using participants’ longitudinal data, larger 
between-group differences were found. One possibility for 
this difference in rejecting the null hypothesis is that a single 
measurement of loneliness precludes identifying groups of Pa
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individuals with chronic levels of loneliness across the 8-year 
measurement window. For example, someone who may have 
been high in loneliness in 2008 yet low in 2012 and 2016 
may have been classified in one of the lower LTC groups 
and performed well cognitively whereas in a cross-sectional 
analysis this person would have been identified as high in 
loneliness in 2008 yet also as someone who performed well 
cognitively compared to someone who was persistently high 
in loneliness across all three measurements.

Another significant contribution of the current study is that 
only second-generation DNAm AgeAccel measures mediated 
effects of loneliness on at least one cognitive functioning 
outcome in baseline models. Although previous studies have 
found that Horvath’s (2013) measures correlated with cogni-
tive ability (Levine et al., 2015), loneliness and cognitive func-
tioning are complex traits on which first-generation measures 
were not necessarily intended to predict; they were designed 
to predict longevity and disease risk (Crimmins et al., 2020). 
Second-generation measures include additional biomarkers 
in their development, most notably metabolic, cardiovas-
cular, and immune markers, that have been shown to cor-
relate with cognitive decline (Reed et al., 2022; Vaccarino et 
al., 2021). Thus, DNAm AgeAccel measures that explain the 
association between loneliness and cognitive functioning need 
to index age-related processes other than methylation alone, 
like mortality risk, lifestyle factors, and other physiological 
biomarkers.

We also replicated previous studies, including HRS stud-
ies (Sutin et al., 2020), in finding that baseline levels of 
loneliness predicted differences in cognitive functioning in 
older adults (Boss et al., 2015; Harrington et al., 2023). We 
extended these results by showing that loneliness trajecto-
ries are also associated with cognitive functioning in the 
hypothesized direction. Our longitudinal findings are con-
sistent with Akhter-Khan et al.’s (2021) findings that high, 
persistent levels of loneliness conferred poorer cognitive 
functioning.

By testing direct and indirect effects of loneliness on 
specific cognitive domains, we were able to identify which 
cognitive faculties may have contributed to the association 
between loneliness and general cognitive ability. In the cur-
rent study, both memory measures correlated with base-
line loneliness as well as the loneliness trajectory groups. 
Unexpectedly, and in contrast to previous research (Boss 
et al., 2015), loneliness was uncorrelated with processing 
speed. One possibility is that the measure used, counting 
backwards, may be a better assessment of attention or 
working memory, as the time score was not used in score 
construction. Alternatively, loneliness and processing speed 
may not be correlated temporally unlike in cross-sectional 
studies (Boss et al., 2015). Finally, missingness also may 
explain the lack of association, as processing speed was 
the only measure on which missing loneliness scores was 
correlated.

Depressive symptomatology, BMI, self-rated health, cohort, 
and education were significantly associated with general cog-
nitive ability and both memory measures. For example, cor-
relations between depressive symptomatology and loneliness 
scores were moderate (rs = .28 to .31; Supplementary Table 
1). Different cohorts, for example, may reflect not only age 
but generational trends associated with cognitive impairment 
(Walters et al., 2016). Taken together, our results suggest that 
hypotheses such as the health risk behavior and psychological 

distress hypothesis may be more relevant; lifestyle factors that 
affect physical health directly such as diet and exercise may 
be critical to the association between loneliness and cognitive 
functioning.

The current results should be interpreted in view of several 
limitations. First, all DNAm AgeAccel measures and cogni-
tive functioning outcomes were measured at the same time 
as the third loneliness measurement, thus precluding strict 
conclusions that DNAm AgeAccel measures are a mediating 
mechanism. Second, cellular composition was not controlled 
for any of the second-generation DNAm AgeAccel measures, 
as these estimates (i.e., Houseman estimates; Houseman et 
al., 2012) were not available from the HRS. Nevertheless, 
prior research has found negligible differences between esti-
mation of DNAm AgeAccel using blood-based measures of 
cellular composition from flow cytometry (Crimmins et al., 
2021). Third, there was significant age heterogeneity at each 
wave of measurement that limited our ability to draw con-
clusions about the number of loneliness trajectories. In our 
growth mixture models, we addressed this by defining the 
basis weights of each individual’s slope by each individual’s 
actual ages of assessment. This analytical decision, however, 
precluded estimating recommended fit statistics for evaluat-
ing the fit of different trajectory groups. Fourth, the majority 
of the sample reported low levels of loneliness. Still, greater 
than a quarter of the sample belonged to the two highest 
loneliness trajectories, which were in the upper half of the 
range. Despite low levels of loneliness overall, the current 
sample provides a representation of the general U.S. given 
that the HRS is a population-based sample of community- 
dwelling older adults.

Future Directions
Future studies should utilize second-generation DNAm-based 
aging measures, as they show the greatest promise for under-
standing the physiological biomarkers and comorbidities (e.g., 
immunological markers, time-to-death, and cardiovascular 
disease) underlying association between loneliness and cog-
nitive functioning (Boss et al., 2015; Harrington et al., 2023). 
Additionally, mediation models in which DNAm AgeAccel is 
measured temporally between loneliness and cognitive func-
tioning at follow-up would bolster the current study findings. 
Finally, future studies should determine the temporal direc-
tion between loneliness, DNAm age acceleration, and psycho-
social factors using repeated-measure designs.

Supplementary Material
Supplementary data are available at The Journals of 
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Data Availability
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researchers with the HRS. Materials and analysis code for this 
study are available on the Open Science Framework (https://
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