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Abstract: 

Background: Epigenetic aging, measured through various DNA methylation-based clocks, may 

have implications for predicting disease risk. However, the sensitivity of different epigenetic clocks 

that have emerged as biomarkers for biological aging and in predicting physical and mental health 

outcomes remains uncertain. This study examines the age and sex-adjusted associations between 

multiple epigenetic age acceleration measures and three key health indicators, including self-rated 

health, depressive symptoms, and body mass index (BMI), in a nationally representative sample of 

U.S. middle-aged and older adults. Methods: We analyzed data from 4,018 adults in the 2016 wave 

of the Health and Retirement Study (HRS), which included several epigenetic age acceleration 

measures: HORVATH, HANNUM, LEVINE, HORVATHSKIN, LIN, WEIDNER, VIDALBRALO, 

YANG, ZHANG, BOCKLANDT, GARAGNANI, and GRIMAGE. Linear regression models were 

used to assess the associations between epigenetic age acceleration and self-rated health (poor 

health), depressive symptoms, and BMI, adjusting for age and sex. Results: We found significant 

positive associations between epigenetic age acceleration and worse self-rated health, higher 

depressive symptoms, and increased BMI. However, these associations varied across different 

epigenetic clocks, with some measures potentially having more consistent utility for specific health 

outcomes than others. Conclusion: Epigenetic age acceleration is linked to poorer self-rated health, 

greater depressive symptoms, and higher BMI, but choosing which epigenetic clock(s) to use is also 

important. These findings underscore the need to consider multiple epigenetic aging markers when 

assessing health risks and highlight the potential for particular clocks to serve as more sensitive 

indicators of physical and mental health outcomes. 

Keywords: Epigenetic Aging, DNA methylation, Self-Rated Health, Depression, BMI, Biological 

Aging, Health and Retirement Study 

 

1. Introduction 

Epigenetic changes, particularly DNA methylation, have emerged as critical 

biomarkers of aging and disease susceptibility [1-4]. Unlike genetic variations, which are 

largely static, epigenetic modifications are dynamic and influenced by both biological and 

environmental factors [1-10]. These changes can regulate gene expression without altering 
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the DNA sequence, playing a crucial role in development, aging, and disease processes 

[11]. Several DNA methylation-based clocks, such as Horvath’s [12,13] and Hannum’s [14] 

epigenetic clocks, have been developed to estimate biological age and provide insight into 

individual differences in health trajectories. However, the effects of epigenetic aging are 

nuanced, with some clocks more predictive of specific health outcomes than others [15-

17]. 

Epigenetic aging is closely linked to chronological age [18], with DNA methylation 

levels at specific CpG sites serving as robust predictors of biological aging. Generally, 

older individuals exhibit greater epigenetic drift, which is associated with increased 

disease risk and mortality. However, sex differences in epigenetic patterns are also well-

documented [19,20]. Women tend to have lower epigenetic age acceleration than men, 

which may partially explain their longer life expectancy. Additionally, sex hormones 

influence DNA methylation patterns, potentially contributing to sex-based disparities in 

health outcomes [21,22]. 

Growing evidence suggests that epigenetic alterations are associated with key 

physical health indicators, including body mass index (BMI) [23-25] and self-rated health 

[26-28]. DNA methylation patterns have been linked to metabolic dysregulation, with 

accelerated epigenetic aging correlating with higher BMI and increased risk of obesity-

related diseases [29,30]. Additionally, individuals with higher epigenetic age acceleration 

tend to report poorer self-rated health, even after adjusting for age and sex [18,31]. These 

findings highlight the potential utility of epigenetic biomarkers in understanding 

disparities in physical health outcomes. 

Epigenetic modifications are also implicated in mental health outcomes, particularly 

depression [32,33]. Studies suggest that individuals with greater epigenetic age 

acceleration exhibit higher depressive symptoms, potentially due to dysregulated stress-

response systems and inflammation [32,33]. DNA methylation changes in stress-related 

genes, such as NR3C1 (glucocorticoid receptor) and SLC6A4 (serotonin transporter), have 

been associated with increased susceptibility to mood disorders [34]. Importantly, these 

associations persist even after controlling for age and sex [20,35-37], suggesting an 

independent role of epigenetic aging in mental health vulnerability such as anxiety [38] 

and suicidality [39-41]. 

1.1. Aims and Hypotheses 

Using data from the 2016 wave of the Health and Retirement Study (HRS) [42-48], 

this study aims to examine the association between epigenetic changes and health 

outcomes across multiple domains. The first aim is to investigate the relationship between 

epigenetic changes and physical health indicators, specifically BMI and self-rated health, 

after adjusting for age and sex. It is hypothesized that higher epigenetic age acceleration 

will be associated with higher BMI and worse self-rated health. The second aim is to 

examine the association between epigenetic changes and mental health, focusing on 

depressive symptoms while controlling for age and sex. It is expected that greater 

epigenetic age acceleration will be linked to higher depressive symptoms. The third aim 

is to explore whether different epigenetic clocks exhibit differential associations with 

physical and mental health outcomes. Some epigenetic clocks may be more strongly 

predictive of physical health, while others may be more relevant to mental health 

outcomes. By analyzing these relationships, this study seeks to enhance our 

understanding of how epigenetic aging contributes to disparities in physical and mental 

health among older adults. The findings may have implications for the early identification 

of at-risk individuals and the development of targeted interventions to mitigate health 

deterioration associated with accelerated epigenetic aging. 
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2. Methods 

2.1. Data Source 

This study utilized data from the Health and Retirement Study (HRS) [42-48], a 

nationally representative longitudinal cohort study of individuals aged 50 and older. The 

HRS (Health and Retirement Study) is sponsored by the National Institute on Aging 

(grant number NIA U01AG009740) and is conducted by the University of Michigan. 

Detailed information on the study’s design and methodology has been previously 

documented [42-48]. 

Established in 1992, HRS conducts biennial interviews to collect data on physical and 

mental health, employment status, family dynamics, and financial status. In 2006, HRS 

introduced the Psychosocial and Lifestyle Questionnaire, also known as the Leave Behind 

Questionnaire (LBQ), which is administered to a randomly selected 50% of the total HRS 

sample at each biennial wave. This self-reported survey gathers data on well-being, social 

relationships, and lifestyle factors. 

In 2016, participants who completed an HRS interview were invited to take part in 

the Venous Blood Study (VBS; n=9,934), an ancillary study that collected biological 

samples. DNA methylation was analyzed for a subset of individuals who provided blood 

samples (n=4,018). For this analysis, the sample was further restricted to 2,689 participants 

who had complete data on psychosocial stress (from the 2010 or 2012 waves), all covariates, 

and DNA methylation from the 2016 wave. 

2.2. DNA Methylation and Epigenetic Aging 

We used public HRS data for this study [49]. DNA methylation (DNAm) is a 

biological mechanism that links exposure to environmental and life stressors with health 

outcomes, particularly those associated with aging. DNAm occurs through the addition 

of a methyl group to CpG sites in DNA, influencing gene expression without altering the 

genetic sequence. Researchers have identified specific genomic regions where 

methylation patterns are correlated with chronological age and, more recently, with age-

related health conditions. 

Epigenetic clocks, which typically incorporate methylation data from 100 to 500 CpG 

sites, estimate biological aging by comparing DNA methylation age to chronological age. 

These clocks are measured in epigenetic years, with deviations from chronological age 

suggesting either accelerated or decelerated aging. A total of 13 epigenetic clocks have 

been developed using Health and Retirement Study (HRS) data. To ensure reliability, 11 

of these clocks were constructed by both Morgan Levine (Yale) and HRS staff. The 

GrimAge clock was developed by Jonah Fisher at HRS with assistance from Steve Horvath, 

while the DunedinPoAm38 clock was created by Thalida Arpawong (University of 

Southern California) with support from Karen Sugden (Duke University). A detailed 

comparison of 11 of these clocks, including their CpG characteristics, tissue specificity, 

and gene regulatory networks, has been documented by Levine and colleagues (Liu, 

Leung, & Levine, 2019). 

2.3. HRS Methylation Sample and Blood Collection 

DNA methylation assays were conducted on a non-random subset of 4,104 

individuals who participated in the 2016 Venous Blood Study (VBS). This sample includes 

all participants from the 2016 Healthy Cognitive Aging Project (HCAP) who provided 

blood samples, younger individuals designated for future HCAP assessments, and a 

selection of non-HCAP participants. The final analytical sample consists of 4,018 

individuals who passed quality control measures. 

The sample is 58% female, with a median age of 68.7 years. It is racially diverse, 

including 66.4% Non-Hispanic White (n = 2,669), 16.4% Non-Hispanic Black (n = 658), 14.1% 

Hispanic (n = 567), and 3% Non-Hispanic individuals of other racial backgrounds (n = 124). 
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Socioeconomic diversity is also reflected in the educational attainment of participants: 16.8% 

had less than a high school education, 52.1% completed high school or obtained a GED, 

5.9% attended some college, and 24.1% completed a college degree or higher. 

The 2016 VBS blood collection was managed by Hooper Holmes Health & Wellness. 

Participants who provided consent were contacted to schedule an appointment for blood 

collection. Phlebotomists received collection materials before their visits and aimed to 

collect blood samples within four weeks of the HRS core interview. Although fasting was 

recommended, it was not mandatory, and fasting status was recorded for each participant. 

A total of 50.5 mL of blood was collected in six tubes, including one CPT tube (8 mL), three 

serum separator tubes (SST, 10 mL each), one EDTA whole blood tube (10 mL), and one 

PAXgene RNA tube (2.5 mL). SST tubes were centrifuged in the field before overnight 

shipment to the CLIA-certified Advanced Research and Diagnostic Laboratory at the 

University of Minnesota. Samples were processed within 24 hours of arrival at the 

laboratory, ensuring they remained viable for analysis. DNA methylation analysis was 

performed using DNA extracted from the EDTA tube. 

2.4. DNA Methylation Processing and Quality Control 

DNA methylation data were generated using the Infinium MethylationEPIC 

BeadChip at the University of Minnesota. To ensure accuracy and minimize bias, samples 

were randomized across plates based on demographic characteristics, including age, sex, 

race/ethnicity, educational attainment, and cohort membership. A total of 40 blinded 

duplicate pairs were included in the analysis, with duplicate sample correlations 

exceeding 0.97 across all CpG sites. Data preprocessing and quality control were 

conducted using the minfi package in R. Probes were excluded if they exhibited 

suboptimal performance based on a detection p-value threshold of 0.01. Of the original 

866,091 probes, 3.4% (n = 29,431) were removed due to poor performance. Additionally, 

58 samples were excluded due to low-quality methylation data. Further exclusions 

included sex-mismatched samples and control samples (e.g., cell lines and blinded 

duplicates). High-quality methylation data were available for 97.9% of participants (n = 

4,018). Prior to epigenetic clock estimation, missing beta values for methylation probes 

were imputed using the mean beta value for that probe across all samples. 

2.5. Weighting and Sample Adjustments 

To account for differential participation in the Venous Blood Study, individuals with 

at least one valid VBS measurement (VBS16VALID) were assigned a sample weight. These 

weights were adjusted for varying probabilities of participation by dividing the HRS 2016 

sample weight by the predicted probability of providing a valid venous blood sample 

among community-dwelling HRS respondents born before 1960, excluding members of 

the LBB cohort. Interim weights were trimmed at the 1st and 99th percentiles before being 

post-stratified to the entire 2016 HRS sample based on age, sex, and race/ethnicity. Two 

respondent-level weights were developed for the VBS 2016 Innovative Subsample. 

2.6. DNA Methylation Data 

DNA methylation was assessed from whole blood samples using the Illumina 

Infinium HumanMethylationEPIC BeadChip in a socioeconomically and racially diverse 

subset of HRS participants. To minimize confounding due to demographic variability, 

samples were randomized across assay plates based on key variables such as age, sex, 

education, and race/ethnicity. Quality control procedures included removing sex 

mismatches and probes with low median intensity (<8.5). Probes with missing data in 

more than 5% of samples were excluded, as were those with detection p-values exceeding 

0.01. Additionally, cross-reactive probes targeting repetitive sequences were removed to 

ensure specificity. Following these quality control measures, 789,656 CpG sites across 

4,018 samples were retained for analysis. Methylation levels at each CpG site were 
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quantified using beta values, which represent the proportion of methylation at a given 

site, making them biologically interpretable. To minimize the influence of extreme values, 

methylation levels exceeding three times the interquartile range (IQR) were winsorized. 

The Houseman Method was employed to estimate white blood cell proportions and 

account for potential confounding by cell composition. Thirteen DNA methylations used 

in this study included HORVATH, HANNUM, LEVINE, HORVATH-SKIN, LIN, 

WEIDNER, VIDALBRALO, YANG, ZHANG, BOCKLANDT, GARAGNANI, and 

GRIMAGE.  

Demographic Covariate Data: Following previous research, key covariates included 

in regression models were age and sex (categorized as male or female). These variables 

were derived from baseline measurement. 

Chronic Conditions: At Wave 10 (W10), the total number of chronic conditions ever 

diagnosed was assessed as a continuous count variable based on self-reported responses. 

Participants indicated whether they had been diagnosed with specific health conditions 

over their lifetime, with higher values representing a greater burden of chronic illness. 

(Table 1) 

Diabetes: A dichotomous self-reported measure was used to assess whether 

respondents had ever been diagnosed with diabetes at W10. Participants were asked if a 

doctor had ever informed them that they had diabetes, with responses coded as 1 for "yes" 

and 0 for "no." (Table 1) 

Cancer: Cancer history was evaluated as a dichotomous self-reported variable at W10. 

Participants indicated whether they had ever been diagnosed with cancer, with responses 

coded as 1 for "yes" and 0 for "no." (Table 1) 

Heart Disease: A dichotomous self-reported measure was used to assess whether 

respondents had ever experienced heart problems at W10. Participants reported whether 

they had ever been diagnosed with any form of heart disease, with responses coded as 1 

for "yes" and 0 for "no." (Table 1) 

Stroke: At W10, participants were asked whether they had ever been diagnosed with 

a stroke. This self-reported measure was coded dichotomously, with 1 indicating a history 

of stroke and 0 indicating no history of stroke (Table 1). 

Psychological Disorders: A dichotomous self-reported measure assessed whether 

participants had ever been diagnosed with a psychological disorder at W10. Respondents 

indicated whether they had been told by a doctor or health professional that they had a 

mental health condition, with responses coded as 1 for "yes" and 0 for "no." (Table 1) 

Body Mass Index (BMI): BMI was calculated using participants’ self-reported height 

and weight at W10. Higher BMI scores indicate greater body mass, with BMI measured in 

kg/m² (Table 1). 

Self-Rated Health (SRH): Self-rated health (SRH) was assessed using a conventional 

five-category scale ranging from "excellent" to "poor" at W10. Participants rated their 

overall health status based on their perceptions, with responses categorized as excellent, 

very good, good, fair, or poor (Table 1). 

Depressive Symptoms: Depressive symptoms were measured using the Center for 

Epidemiologic Studies Depression Scale (CESD) at W10. The CESD scale consists of eight 

yes/no items assessing the presence of depressive symptoms over the past week. Scores 

range from 0 to 8, with higher values indicating greater depressive symptom severity 

(Table 1). 

  



Shervin Assari and John Ashley Pallera 6 of 16 
 

 
Table 1. Health variables used in the study 

R10CONDE:W10 Sum of conditions ever had 

R10DIABE:W10 R ever had diabetes 

R10CANCRE:W10 R ever had cancer 

R10HEARTE:W10 R ever had heart problems 

R10STROKE:W10 R ever had stroke 

R10PSYCHE:W10 R ever had psych problems 

R10BMI:W10 Self-reported body mass index=kg/m2 

R10SHLT:W10 Self-report of health 

R10CESD:W10 CESD score 

 

2.7. Statistical Analysis 

Analyses were conducted in two stages. First, bivariate associations between 

epigenetic age acceleration and health outcomes were examined without adjusting for 

covariates. Pearson correlation tests were used to assess these relationships. Next, partial 

correlation analyses were conducted, controlling for relevant covariates to account for 

potential confounding. A heatmap was generated to visually depict the correlation 

patterns among epigenetic age acceleration measures and health outcomes. 

3. Results 

Table 2 summarizes our partial correlation test results that controlled for age and sex. 

This analysis examined the associations between multiple epigenetic age acceleration 

measures and key health outcomes, including self-rated health, depressive symptoms, 

and BMI, while adjusting for age and sex. The findings indicate significant associations 

between several epigenetic clocks and health measures, although the strength and 

consistency of these associations varied across different clocks. 

Epigenetic age acceleration, as measured by HORVATH DNAm Age, HANNUM 

DNAm Age, and LEVINE DNAm Age, was positively associated with poorer self-rated 

health, higher depressive symptoms, and increased BMI. The associations were 

particularly strong for HORVATH_DNAMAGE, which demonstrated the highest 

correlations with BMI (r=.24), self-reported poor health (r=.30), and depressive symptoms 

(r=.20). Similarly, HANNUM DNAm Age was associated with BMI (r=.26), self-rated 

health (r=.28), and depressive symptoms (r=.13). LEVINE DNAm Age also showed 

consistent associations across these outcomes, though the magnitude of correlations was 

slightly lower than HORVATH and HANNUM clocks. 

Other epigenetic clocks showed more variable associations. HORVATHSKIN DNAm 

Age and LIN DNAm Age were generally weaker predictors of health outcomes, with 

some associations reaching significance but at lower magnitudes. For example, LIN 

DNAm Age showed a moderate correlation with BMI (r=.17) but weaker associations with 

self-rated health (r=.10) and depressive symptoms (r=.05). Similarly, WEIDNER DNAm 

Age was significantly correlated with BMI (r=.22) but showed weaker relationships with 

mental health outcomes. 

VIDALBRALO DNAm Age demonstrated unique associations, with strong 

correlations with BMI (r=.35) and self-rated health (r=.25), but a notably negative 

correlation with history of stroke (r=−.50), suggesting potential differences in how certain 

epigenetic clocks capture aging-related health risks. In contrast, DNAMGRIMAGE had 

significant correlations with BMI (r=.23), self-rated health (r=.13), and depressive 

symptoms (r=.06), but its associations were generally weaker compared to HORVATH 

and HANNUM clocks. 
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Regarding disease history, several epigenetic clocks were significantly correlated 

with chronic conditions such as diabetes, heart disease, and psychological disorders. 

Notably, HORVATH DNAm Age, HANNUM DNAm Age, and LEVINE DNAm Age 

were all positively associated with the number of chronic conditions ever reported 

(r=.43,.41,.33, respectively). These associations suggest that accelerated epigenetic aging is 

linked to a greater burden of chronic illness. Additionally, depressive symptoms, as 

measured by CESD /scores, were significantly correlated with HORVATH DNAm Age 

(r=.20), HANNUM DNAm Age (r=.13), and DNAMGRIMAGE (r=.06), further supporting 

the role of epigenetic aging in mental health outcomes. 
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Table 2. Heatmap showing age and sex-adjusted associations 

 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 

1 HORVATH 1.00 .43* .27* .57* .52* -.16* .19* .16* .06* -.24* .24* .06* .08* .03 .05* .03* .03 .01 .04* .03 .00 

2 HANNUM   1.00 .41* .53* .35* .13* .30* .22* .36* -.15* .39* .19* .07* .07* .05* .04* .01 -.01 .04* .08* .03 

3 LEVINE     1.00 .23* .33* .32* .43* .04* .38* -.26* .14* .35* .13* .11* .05* .07* .03 .01 .10* .13* .04* 

4 HORVATH-SKIN     1.00 .37* -.09* .19* .17* .07* -.14* .38* .09* .08* .04* .03* .04* .03 .01 .06* .07 .04* 

5 LIN         1.00 .13* .28* -.05* .09* -.30* .17* .06* .04* .03 .01 .03* .00 -.01 .03* .01 -.01 

6 WEIDNER           1.00 .52* .11* .20* -.06* .04* .11* -.01 .01 .02 .02 .00 -.02 .02 .02 .00 

7 VIDALBRALO           1.00 -.09* .35* -.50* .05* .25* .07* .03* .07* .04* .01 .01 .03* .05* .01 

8 YANG             1.00 .10* .22* .16* -.01 .01 .06* .02 -.02 .00 -.01 .03 .12* .07* 

9 ZHANG                 1.00 -.15* .04* .52* .17* .11* .06* .07* .08* .05* .08* .18* .10* 

10 BOCKLANDT                  1.00 .00 -.13* -.02 .01 -.04* .00 .00 -.03* .01 .01 .03* 

11 GARAGNANI                    1.00 .08* .04* .03 .02 .02 .02 .02 .02 .04* .04* 

12 GRIMAGE                       1.00 .22* .11* .04* .09* .10* .05* .07* .23* .13* 

13 CMC n                         1.00 .50* .28* .49* .33* .44* .32* .46* .29* 

14 Diabetes                           1.00 .03* .11* .08* .08* .26* .28* .13* 

15 Cancer                             1.00 .06* .00 .05* .04* .05* -.01 

16 Heart Disease                           1.00 .12* .09* .10* .21* .10* 

17 Stroke                            1.00 .08* .05* .16* .11* 

18 Psychiatric Conditions                             1.00 .06* .19* .33* 

19 BMI                               1.00 .26* .11* 

20 SRH                                  1.00 .41* 

21 CES-D                                    1.00 

*p<0.05; Using partial correlation tests with adjusting for age and sex. CMC n: Number of Chronic Medical Conditions; BMI: Body Mass Index; CESD: 

Depression Score; SRH: Self-Rated Health 
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4. Discussion 

This study aims to investigate the associations between multiple measures of 

epigenetic age acceleration and key health indicators, including self-rated health, 

depressive symptoms, and BMI, in a nationally representative sample of U.S. middle-aged 

and older adults. Specifically, we seek to determine whether accelerated epigenetic aging, 

as measured by various DNA methylation-based clocks, is consistently associated with 

poorer physical and mental health outcomes after adjusting for age and sex. Additionally, 

we aim to assess the variability in predictive strength across different epigenetic clocks to 

identify which measures may serve as the most reliable indicators of health risks. 

Our findings indicate that accelerated epigenetic aging is significantly associated 

with poorer self-rated health, higher depressive symptoms, and increased BMI. These 

associations persist even after controlling for age and sex, suggesting that biological aging, 

as captured through DNA methylation patterns, plays a critical role in shaping both 

physical and mental health. However, not all epigenetic clocks demonstrated equal 

sensitivity in predicting these outcomes. Some clocks exhibited more consistent 

associations with specific health indicators, reinforcing the importance of selecting 

appropriate epigenetic aging measures when evaluating health risks. These results 

highlight the potential utility of epigenetic clocks as biomarkers for health disparities and 

aging-related diseases, suggesting that further research is needed to refine their 

application in clinical and epidemiological settings. 

For example, the HORVATH clock did not exhibit any correlation with depression, 

psychological disorders, or self-rated health (SRH) and demonstrated only weak 

correlations with BMI. In contrast, the Zhang clock showed the strongest correlation with 

the number of chronic medical conditions. Notably, the number of chronic medical 

conditions was the only health indicator that was significantly associated with all 

epigenetic clocks. The first multi-tissue epigenetic clock, named Horvath, [50] was 

developed using 8,000 samples from 82 Illumina DNA methylation array datasets, 

incorporating data from [51] healthy tissues and cell types to estimate DNA methylation 

age across diverse biological systems. This clock is based on DNA methylation at 353 CpG 

sites, forming an aging clock that exhibits a strong correlation with chronological age 

(r=0.96−0.97). Horvath et al. reported that DNA methylation age acceleration, as measured 

by this clock, is associated with multiple types of cancer [50]. 

The concept of "accelerated aging" [51] refers to instances where an individual's 

biological age, as estimated by DNA methylation patterns, exceeds their chronological age 

[52]. This phenomenon is often assessed using epigenetic clocks, which are mathematical 

models that predict biological age based on specific DNA methylation sites [53]. Notably, 

Horvath developed a widely used multi-tissue epigenetic clock, known as the Horvath 

clock, which estimates biological age across various tissues and cell types [50]. After 

Horvath, many other epigenetic clocks have been developed and utilized [8,54]. 

Identifying and validating molecular targets for interventions that extend the human 

health span and lifespan has been a persistent challenge, as most clinical biomarkers fail 

to capture the fundamental mechanisms of aging. A significant breakthrough in this area 

has been the development of DNA methylation-based biomarkers, commonly referred to 

as epigenetic clocks, which provide accurate estimates of biological age across various 

tissues and throughout the life course. These clocks offer a crucial link between 

developmental and maintenance processes and biological aging, contributing to a more 

unified understanding of aging trajectories. By quantifying age-related changes in DNA 

methylation, epigenetic biomarkers provide a powerful tool to investigate the 

mechanisms underlying aging and its associated health risks. They have potential 

applications not only in aging research but also in broader fields such as epidemiology, 

public health, and personalized medicine. The ability of epigenetic clocks to reflect both 

genetic and environmental influences on aging makes them particularly valuable for 
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addressing fundamental questions, including why individuals age at different rates and 

how social and biological factors interact to shape disparities in health and longevity [13]. 

One of the key applications of epigenetic research is explaining the interaction 

between genes and the environment in shaping health outcomes. Epigenetics and gene-

environment (G × E) interactions have been extensively explored to identify plausible 

markers, genes, and variants associated with the risk of developing various health 

conditions. Recent advancements in genomic research on epigenetics and G × E 

interactions suggest that DNA methylation and other environmentally induced epigenetic 

changes may play a significant role in these interactions. These mechanisms help explain 

variations in the effects of the same genetic predisposition on health outcomes. Reviews 

have highlighted evidence of epigenetic mechanisms, including DNA methylation, 

microRNAs, and histone modifications, in influencing health and disease [55]. 

Research utilizing these epigenetic clocks has demonstrated associations between 

accelerated epigenetic aging and mortality [68,69]. For example, a study found that 

increased epigenetic age acceleration, as measured by four different epigenetic clocks, was 

associated with lower odds of survival to age 90, suggesting a link between accelerated 

epigenetic aging and reduced longevity [69]. Additionally, studies have documented the 

performance of epigenetic clocks at birth and identified biological and sociodemographic 

correlates of epigenetic age acceleration, highlighting the influence of early-life factors on 

epigenetic aging processes [70,71]. Furthermore, researchers found that self-rated 

health—long recognized as a robust predictor of mortality and widely used in studies of 

health disparities and social determinants of health—is associated with biomarkers across 

multiple biological systems [85]. These findings suggest that such accelerated aging may 

be one of the mechanisms behind the social patterning of illness, mortality, and health 

disparities. 

Importantly, because genetic predispositions and environmental exposures shape 

DNA methylation patterns, epigenetic clocks may offer an integrated biological signal 

capturing the cumulative aging processes dictated by G × E across the life course. This is 

illustrated by studies that have shown associations between accelerated epigenetic aging 

and various health outcomes, including heart disease [12,56-59], obesity [60, 86, 87], HIV 

infection [61], cancer [62-65], and depression [55, 88, 89], as well as health behaviors [66] 

such as smoking [67]. In one study, researchers found widespread DNA methylation 

changes in adipocytes from individuals with extreme obesity, with evidence suggesting 

that these alterations—particularly in enhancer regions—may be contributing to the 

development of obesity, type 2 diabetes, and lipid traits through the regulation of key 

metabolic genes [86]. Additionally, studies have shown that lifestyle factors such as diet, 

physical activity, smoking, and alcohol consumption have a more pronounced impact on 

DNA methylation patterns than obesity itself [87], with lifestyle and metabolic indicators 

significantly associated with epigenetic age acceleration [66]. 

The utility of epigenetic clocks also extends to psychosocial domains, with research 

linking depressive symptoms and early-life adversity to biological aging as measured by 

DNA methylation. Comtois-Cabana et al. [88] found that DNA methylation partially 

mediated and moderated the relationship between childhood maltreatment and 

depressive symptoms in emerging adulthood, highlighting the ability of epigenetic clocks 

to capture the long-term biological imprint of early environmental exposures. Similarly, a 

study reported that depressive symptoms in adults over 50 were initially associated with 

accelerated DNA methylation aging [89]. However, these associations weakened after 

accounting for health behaviors—highlighting the potential mediating role of lifestyle in 

the relationship between mental health and epigenetic aging [89]. Together, these findings 

reinforce the broader applicability of epigenetic clocks for detecting the biological 

consequences of complex and interacting social, behavioral, and psychological influences 

across the life course. 
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These studies, among others [72,73], underscore the utility of age-adjusted DNA 

methylation measures as proxies for biological aging [74]. By controlling for chronological 

age, or by calculating the difference between chronical and biological age [75], researchers 

can isolate epigenetic changes that reflect deviations from expected biological aging 

processes [76,77]. This approach facilitates investigations into the relationships between 

epigenetic aging and various health outcomes [1], offering insights into potential 

mechanisms linking social and environmental exposures to disparities in aging-related 

health risks [4,5,78-84]. 

4.1. Limitations 

While this study provides valuable insights into the relationship between accelerated 

epigenetic aging and key health outcomes, several limitations should be acknowledged. 

First, many of the health measures, including self-rated health and depressive symptoms, 

rely on self-report data, which may be subject to recall bias and social desirability bias. 

Second, not all participants in the HRS were selected at random, which may introduce 

selection bias and limit the generalizability of our findings to the broader U.S. population. 

Third, our analysis does not include SES, a critical determinant of both health and aging. 

SES influences access to healthcare, exposure to stress, and lifestyle factors such as diet 

and physical activity, all of which may affect epigenetic aging. The absence of SES data 

limits our ability to examine potential social determinants of accelerated aging. 

Additionally, while we assessed multiple epigenetic clocks, we did not explore potential 

interactions with genetic, behavioral, or environmental factors that may further influence 

health outcomes. Future studies should incorporate these variables to provide a more 

comprehensive understanding of the mechanisms linking epigenetic aging to physical 

and mental health. 

4.2. Next Research Steps 

Future research should build on these findings by addressing key gaps and 

expanding our understanding of the relationship between epigenetic age acceleration and 

health outcomes. Several critical directions for further study include. This study utilized 

cross-sectional data, limiting our ability to assess causal relationships between epigenetic 

age acceleration and health outcomes. Longitudinal studies tracking changes in epigenetic 

aging over time could provide valuable insights into whether accelerated epigenetic aging 

precedes declines in physical and mental health, or whether poor health itself contributes 

to accelerated aging. Such studies could also help clarify the reversibility of epigenetic 

aging with behavioral or medical interventions. Not all epigenetic clocks demonstrated 

equal predictive power for self-rated health, depressive symptoms, and BMI. Future 

research should explore why certain clocks better detect specific health outcomes. This 

may involve examining differences in the biological pathways captured by each clock, the 

tissues from which they were derived, or their sensitivity to environmental exposures. 

While this study relied on self-reported chronic disease, future studies should incorporate 

validated clinical measures such as physician-diagnosed conditions, biomarkers of 

inflammation, and neuroimaging data to strengthen the reliability of findings. Including 

objective health assessments will reduce potential biases associated with self-reported 

data. Epigenetic clocks provide valuable insight into biological aging, but other 

biomarkers—such as telomere length, inflammatory markers, and mitochondrial 

function—may also contribute to aging-related health risks. Future research should 

explore how these biomarkers interact with epigenetic aging to influence disease 

susceptibility. There is growing evidence that the effects of accelerated epigenetic aging 

may vary across different demographic and social groups. Future studies should 

investigate whether these associations differ by race, ethnicity, gender, SES, and other 

identity markers. This could help clarify how structural inequalities shape biological 

aging and contribute to disparities in health outcomes. Finally, Given the well-
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documented effects of socioeconomic adversity and chronic stress on health, future 

research should incorporate measures of SES, neighborhood conditions, environmental 

exposures, and psychosocial stress. Understanding how these social determinants interact 

with epigenetic aging may help identify pathways through which structural and 

environmental factors contribute to accelerated biological aging and health disparities. By 

addressing these research priorities, future studies can enhance the predictive utility of 

epigenetic aging markers, refine their application in clinical and public health settings, 

and deepen our understanding of the complex interplay between biological, 

environmental, and social factors in shaping health outcomes over the life course. 

4.3. Implications for Clinical Practice and Research 

The findings suggest that epigenetic age acceleration could serve as a valuable 

biomarker for identifying individuals at higher risk for poor physical and mental health 

outcomes. In clinical settings, integrating epigenetic aging measures with traditional 

health assessments may improve early detection of age-related conditions and facilitate 

personalized interventions aimed at mitigating health risks. Additionally, recognizing 

that different epigenetic clocks vary in their predictive utility underscores the need for 

standardization in selecting biomarkers for health assessments. 

For research, this study highlights the importance of using multiple epigenetic clocks 

to capture different aspects of biological aging. Future studies should explore the 

interaction between epigenetic aging and social determinants of health, particularly SES, 

to better understand disparities in aging and health outcomes. Longitudinal studies 

examining changes in epigenetic age acceleration over time could provide insights into 

the causal pathways linking biological aging to disease risk. Furthermore, research 

integrating genetic, behavioral, and environmental data could help elucidate the complex 

mechanisms driving accelerated aging, ultimately informing public health strategies 

aimed at promoting healthy aging across diverse populations. 

5. Conclusion 

Accelerated epigenetic aging, as measured by various DNA methylation-based 

clocks, is associated with poorer self-rated health, greater depressive symptoms, and 

higher BMI among middle-aged and older adults in the U.S. These associations remained 

significant even after adjusting for age and sex, suggesting that biological aging processes 

contribute to both physical and mental health outcomes. However, the strength and 

consistency of these associations varied across different epigenetic clocks, underscoring 

the importance of selecting appropriate biomarkers when assessing health risks. Our 

findings highlight the potential of epigenetic age acceleration as a useful tool for 

identifying individuals at higher risk for adverse health outcomes. The variability in 

predictive utility across different clocks suggests that certain epigenetic measures may be 

more sensitive to specific health domains. Future research should focus on refining these 

biomarkers to enhance their accuracy and applicability in clinical and public health 

settings. Additionally, investigating the underlying mechanisms linking accelerated 

epigenetic aging to health disparities could provide valuable insights for interventions 

aimed at mitigating age-related health risks. Given the growing interest in epigenetic 

markers as predictors of health and longevity, our study reinforces the need for a 

multidimensional approach to aging research. Incorporating multiple epigenetic clocks 

into epidemiological studies may improve our understanding of biological aging and its 

impact on health outcomes, ultimately informing strategies to promote healthy aging and 

reduce health disparities. 
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