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DNA methylation (DNAm)-based epigenetic clocks are emerging biomarkers of biological aging and have been
linked to cognitive decline and dementia, but their relationship with blood-based neurodegenerative biomarkers
remains understudied in low- and middle-income countries (LMIC). Using the Longitudinal Aging Study in India-
Diagnostic Assessment of Dementia (LASI-DAD), we examined whether epigenetic aging was associated with
levels and changes in neurodegenerative biomarkers among adults aged >60 years. Seven epigenetic clocks were
derived from DNAm data and related to plasma levels of glial fibrillary acidic protein (GFAP), neurofilament light
(NfL), phosphorylated tau 181 (pTaul81), total tau, Amyloid-p (Ap)42, Ap40 and AB42/AB40 measured at two
time points. Baseline accelerated epigenetic aging was associated with higher levels of neurodegenerative bio-
markers, including pTaul81, GFAP, and NfL, with more consistent associations with increases in GFAP and NfL
for morbidity- and mortality-trained clocks. These findings support the utility of epigenetic clocks as scalable
tools for identifying risk of neurodegeneration in LMIC settings.

1. Introduction

Dementia is a leading cause of disability and dependency in older
adults worldwide, with an estimated 57 million people currently living
with dementia and about 10 million new cases occur every year, with
numbers projected to rise sharply in the coming decades [1]. More than
60% of those affected reside in low- and middle-income countries
(LMICs), where population aging is rapid but diagnostic resources
remain limited [1]. Identifying scalable, blood-based markers that
capture early neurodegenerative processes and upstream biological
aging is therefore a critical priority for dementia research and preven-
tion in these settings [2].

Blood biomarkers of neurodegeneration and Alzheimer’s disease-
related dementias (ADRD) pathology have advanced rapidly in recent
years and are increasingly recognized as indicators of risk for cognitive
decline and dementia. Glial fibrillary acidic protein (GFAP) and neuro-
filament light chain (NfL) index astrocytic activation and axonal injury,
respectively, neurodegeneration processes not specific to AD [3-5].
Plasma amyloid beta 42 to 40 ratio (AB42/Ap40) captures amyloid

deposition, while phosphorylated tau-181 (pTaul81) reflects tau pa-
thology closely linked to amyloid pathology. Total tau serves as a gen-
eral marker of neuronal injury [6]. Together, these biomarkers are
increasingly used to track neurodegenerative processes, cognitive
decline, and dementia risk, and can be measured from a simple blood
draw, making them efficlent and cost-effective for large
population-based studies, including in LMICs [2].

DNA methylation (DNAm)-based “epigenetic clocks” have been
developed as molecular indicators of the overall biological aging and
predictors of mortality and other aging outcomes [7-10]. Second- and
third-generation clocks, including PhenoAge [11], GrimAge2 [12],
DunedinPACE [13], SystemsAge [14], and PhysAge [15], incorporate
clinical risk factors, mortality-linked methylation patterns, and
multi-system physiology measures, and better capture aging-related
morbidity, functional decline, and mortality [8,10] than
first-generation clocks such as Horvath and Hannum [16,17]. Acceler-
ated epigenetic age has been observed in AD and linked to dementia and
cognitive decline, suggesting that epigenetic clocks reflect biological
processes contributing to neurodegeneration [18].

* Corresponding author at: Davis School of Gerontology, University of Southern California, 3715 McClintock Ave., Los Angeles, CA 90089-0191, USA.

E-mail address: jungk@usc.edu (J.K. Kim).

https://doi.org/10.1016/j.tjpad.2026.100595

Received 5 March 2026; Received in revised form 13 April 2026; Accepted 30 April 2026

Available online 14 May 2026

2274-5807/© 2026 The Authors. Published by Elsevier Masson SAS on behalf of SERDI Publisher. This is an open access article under the CC BY license

(http://creativecommons.org/licenses/by/4.0/).


https://orcid.org/0000-0002-4842-0579
https://orcid.org/0000-0002-4842-0579
https://orcid.org/0000-0001-9671-9535
https://orcid.org/0000-0001-9671-9535
https://orcid.org/0000-0002-9451-7013
https://orcid.org/0000-0002-9451-7013
mailto:jungk@usc.edu
www.sciencedirect.com/science/journal/22745807
https://www.elsevier.com/locate/tjpad
https://doi.org/10.1016/j.tjpad.2026.100595
https://doi.org/10.1016/j.tjpad.2026.100595
http://crossmark.crossref.org/dialog/?doi=10.1016/j.tjpad.2026.100595&domain=pdf
http://creativecommons.org/licenses/by/4.0/

J.K. Kim et al.

A small but emerging literature has begun to connect epigenetic
clocks directly to blood-based neurodegenerative biomarkers. Cross-
sectional and longitudinal studies show that epigenetic age accelera-
tion is associated with higher NfL. and amyloid markers, while faster
aging measures predict increases in pTau, NfL, and GFAP over time, with
some sex-specific effects [19,20]. However, this evidence comes largely
from high-income or relatively homogeneous populations (e.g., His-
panic adults and predominantly European-ancestry women).

To address these gaps, we leveraged a population-based cohort of
older Indian adults with repeated measures of epigenetic clocks and
neurodegenerative biomarkers. India is home to one of the world’s
largest and fastest-growing aging populations, yet remains underrepre-
sented in aging and dementia research [21]. Using data from the Lon-
gitudinal Aging Study in India-Diagnostic Assessment of Dementia
(LASI-DAD), we examine how accelerated epigenetic aging relates to
levels and longitudinal change in blood-based markers of neuro-
degeneration and AD pathology. Recent analysis in LASI-DAD and a
parallel U.S. cohort has shown that the neurodegenerative biomarkers
such as GFAP and NfL are consistently associated with cognitive status
and dementia in both settings, but that their ability to predict subse-
quent cognitive decline differs across countries [3]. Whether epigenetic
clocks account for individual differences in these biomarkers or their
changes over time in the Indian context remains an open question.

Focusing on a panel of first-, second-, and third-generation epige-
netic clocks (Horvath, Hannum, PhenoAge, GrimAge2, SystemsAge,
PhysAge, and DunedinPACE) and neurodegenerative biomarkers (GFAP,
NfL, pTaul81, total tau, AB42, Ap40, and the Ap42/AB40 ratio), we test
four related questions: (1) whether baseline accelerated epigenetic aging
is associated with baseline levels of neurodegenerative biomarkers; (2)
whether baseline accelerated epigenetic aging is associated with sub-
sequent levels of neurodegenerative biomarkers; (3) whether baseline
accelerated aging predicts change in these biomarkers between waves;
and (4) whether change in accelerated epigenetic aging over time is
associated with concurrent change in neurodegenerative biomarkers. By
addressing these questions in a large, population-based sample of older
adults in India, we aim to clarify the extent to which epigenetic aging
links to early markers of neurodegeneration in an LMIC setting.

2. Methods
2.1. Data and study population

We used data from LASI-DAD, an in-depth study of late-life cognition
and dementia nested within the nationally representative LASI cohort of
adults aged 60 years and older. LASI-DAD includes detailed neuropsy-
chological assessments, informant interviews, and venous blood
collection at two time points, hereafter referred to as wave 1
(2017-2019) and wave 2 (2022-2024) [21]. The blood collection en-
ables repeated measurement of DNAm-based epigenetic clocks and
plasma neurodegenerative biomarkers for sample individuals. This
design allows us to examine association between baseline epigenetic age
acceleration and subsequent biomarker levels, as well as within-person
change over time in epigenetic aging and neurodegenerative bio-
markers. LASI-DAD provides a unique opportunity to examine these
associations in a population-based, socioeconomically diverse sample,
and to expand the global relevance of research linking epigenetic aging
to neurodegeneration.

Analyses were restricted to participants with DNAm-derived epige-
netic clock measures and plasma neurodegenerative biomarkers at both
waves, and complete data on age, sex, education, caste, residency,
smoking, vascular and metabolic factors, and depression. DNA methyl-
ation and plasma biomarkers were derived from LASI-DAD participants
who consented to venous blood collection and had sufficient sample
volume and assay quality [3]. Of 1409 participants with epigenetic clock
data at Wave 1, 875 also had epigenetic measures at Wave 2; 177 lacked
neurodegenerative biomarkers and 123 had missing covariates, yielding
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a final analytic sample of 575 (Supplementary Table 1). Although
multilevel approaches can better handle missing data, we restricted
analyses to participants with complete biomarker and DNAm data at
both waves for consistency. This restriction may affect generalizability if
missingness is not random, although differences between included and
excluded participants were modest. Participants with epigenetic data at
both waves were younger (67.9 vs. 72.7 years, p < 0.001) and more
often female (51.2% vs. 43.9%, p = 0.008) than those with only Wave 1
data; those with and without missing covariates did not differ in mean
age or in the proportion female. The time interval (in years) between
waves was used to annualize change measures. The sample ranges from
437 to 560 depending on missing neurodegenerative biomarkers. Sam-
ple characteristics are presented in Table 1.

2.2. Measures

2.2.1. Neurodegenerative biomarkers

At both waves, venous blood samples were collected and assayed for
a panel of plasma biomarkers related to AD and neurodegeneration,
using a Quanterix HD-X Simoa immunoassay platform. More details on
assays and validation procedures are provided elsewhere [3]. These
included Ap40, Ap42, GFAP, NfL, pTaul81, and total tau. AB42/40 ratio
was calculated by dividing AB42 by Ap40. Because the distributions of
GFAP, NfL, pTaul81, and total tau were right skewed, we applied a
natural log transformation before analysis. The Ap42/40 ratio was
analyzed using its original scale. Descriptive statistics are presented in
Table 1 and Supplementary Table 1. For each biomarker, change was
calculated as the difference between the levels at Waves 1 and 2 divided
by follow-up time (years), yielding an annualized change. For
log-transformed biomarkers, this reflects annualized change in
log-biomarker; for Ap42, AB40, and their ratio, it reflects annualized
change in the raw values.

2.2.2. Epigenetic clocks

DNAm data were available at both waves, and multiple epigenetic
clocks were computed using established algorithms, including first-
generation (Horvath, Hannum), second-generation (PhenoAge,
GrimAge2, PhysAge, SystemsAge), and third-generation (Dun-
edinPACE) measures. These clocks are based on DNA methylation levels
at selected genomic sites called CpG (Cytosine-phosphate-Guanine) and
capture different aspects of biological aging, including mortality risk
and multisystem physiological decline. The detailed procedures for
DNAm processing and epigenetic clock construction are described in
Supplementary material. While prior studies highlight GrimAge, Phe-
noAge, and DunedinPACE as leading predictors of aging-related out-
comes, evidence for other clocks in diverse populations, particularly in
LMIC, is limited. Therefore, we included all seven clocks to both repli-
cate prior findings and examine differences in associations with neuro-
degenerative biomarkers in this understudied Indian cohort. Our
approach was exploratory and not pre-registered; all clocks were
analyzed without a priori selection, using the full LASI-DAD sample with
available data to maximize statistical power, while acknowledging that
the study was not designed to test specific clocks.

We employed epigenetic age acceleration measures, defined as the
residuals from regressions of epigenetic age on chronological age which
is interpreted as faster or slower epigenetic aging at each wave. For
DunedinPACE, which is scaled as a rate of aging (values greater than 1
indicating a faster pace than chronological aging), we used the raw
DunedinPACE values at each wave. For Horvath, Hannum, PhenoAge,
GrimAge2, PhysAge, and SystemsAge, we defined annualized change in
epigenetic age acceleration as the difference between Wave 2 and Wave
1 acceleration values divided by follow-up time in years; for Dun-
edinPACE, we used the change in the raw measure per year.

2.2.3. Covariates
Covariates included chronological age at Wave 1 (years), sex,
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Table 1
Sample Description (LASI-DAD).

N Mean (SD) / %

Mean Age 575  68.00 (6.00)
%Female 575 51.5%
%Education 575

No formal education 49.8%

1-8 years of schooling 31.4%

>9 years of schooling 18.8%
%Caste” 575

Scheduled caste/tribe 23.4%

Other backward class 46.5%

No caste or other caste 30.1%
%Rural residency 575  74.0%
%Smoking status 575

Never smoker 80.8%

Former smoker 4.7%

Current smoker 14.5%
%High blood pressure (SBP>140 mmHg or DBP>90 575  43.2%

mmHg)

%High HbAlc (>6.5%) 575 21.7%

Mean total to HDL cholesterol ratio 575 4.25(1.17)
%Overweight (>25kg/m?) 575  27.1%

Mean eGFR (mL/min/1.73m?)" 575  74.56 (21.18)
%Depression® 575  8.1%
Epigenetic Clocks

Wave 1

Horvath 575 75.52 (7.87)

Hannum 575 50.86 (7.01)

PhenoAge 575  64.09 (8.32)

GrimAge2 575 72.49 (5.98)

PhysAge 575  65.97 (8.93)

SystemsAge 575  72.94 (12.69)

DunedinPACE 575 1.21 (0.11)
Wave 2

Horvath 575  80.27 (8.27)

Hannum 575  54.56 (7.01)

PhenoAge 575 68.85 (8.65)

GrimAge2 575  76.01 (6.12)

PhysAge 575  67.99 (9.65)

SystemsAge 575 76.48 (13.64)

DunedinPACE 575  1.23(0.11)
Neurodegenerative Markers
Wave 1

GFAP 548  132.42

(93.11)

NfL 535  33.40 (24.31)

PTaul81 556  45.34 (44.42)

Total tau 560 3.61 (7.23)

AB42/40 ratio 437  0.06 (0.03)

Ap42 438 3.54 (2.18)

AB40 524  55.01 (41.17)
Wave 2

GFAP 548 126.67

(68.61)

NfL 535  30.04 (21.20)

pTaul8l 556  43.98 (29.36)

Total tau 560 1.58 (1.34)

AB42/40 ratio 437  0.06 (0.02)

Ap42 438  4.32(2.19)

Ap40 524 65.49 (28.19)

# Caste categories were defined as scheduled caste/scheduled tribe (consti-
tutionally recognized groups, generally with the lowest social status), other
backward class (government-defined socially and educationally disadvantaged
groups, with intermediate social status), and no caste/other caste (generally
highest social status; reference group).

Y eGFR was calculated using a CKD-EPI equation based on serum creatinine,
cystatin C, age and sex, logged due to skewed values.

¢ The CIDI-SF (Composite International Diagnostic Interview Short Form) for
Major Depressive Episode (3+ out of 7).

education (no formal education (reference), 1-8 years, and >9 years),
caste (no caste/other caste (reference), scheduled caste/tribe, and other
backward class, see Table 1 for details), rural residency, smoking status
(never (reference), former, and current), and additional vascular and
metabolic factors such as high blood pressure, high HbA1lc, total to HDL
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cholesterol ratio, overweight, kidney function (eGFR), and depression.
This adjustment set was selected to capture key sociodemographic,
behavioral and biological risk factors that could confound associations
between epigenetic aging and neurodegenerative biomarkers.

2.2.3.1. Analysis. To facilitate comparability and interpretation, all
epigenetic clock measures and neurodegenrative biomarkers were
standardized. We z-scored baseline epigenetic age acceleration for each
age-based clock at Wave 1, DunedinPACE at Wave 1, and annualized
change in each clock. For biomarkers, we z-scored log-transformed
levels of GFAP, NfL, p-taul81, and total tau at each wave, the Ap42/
40 ratio at each wave, and annualized change for all biomarkers.
Regression coefficients, therefore, represent the standard deviation (SD)
difference in biomarker outcomes per one SD difference in epigenetic
clock acceleration, conditional on covariates.

We estimated four sets of linear regression models corresponding to
our research questions. Model A examined whether baseline accelerated
epigenetic aging was associated with baseline biomarker levels. Model B
examined whether baseline accelerated epigenetic age acceleration was
associated with subsequent biomarker levels. Model C examined
whether baseline accelerated epigenetic aging was associated with
change in biomarkers. Model D evaluated whether change in accelerated
epigenetic aging was associated with concurrent biomarker change. All
four models adjusted for the same covariates (age, sex, education, rural
residency, caste, smoking status, high blood pressure, high HbA1lc, total
to HDL cholesterol ratio, overweight, kidney function (eGFR), and
depression), with additional adjustment of baseline biomarker levels for
Models C and D.

For each model, we ran separate linear regressions for all combina-
tions of epigenetic clocks (Horvath, Hannum, PhenoAge, GrimAge2,
PhysAge, SystemsAge, and DunedinPACE) and neurodegenerative bio-
markers (GFAP, NfL, pTaul81, total tau, AB42, Ap40, and Ap42/40).
Analyses applied Wave 1 biomarker weights to account for sampling
design and differential non-response.

To address multiple testing, we used the Benjamini-Hochberg false
discovery rate (FDR) procedure within each model set, reporting both
nominal and FDR-adjusted p values. Associations with FDR<0.05 were
considered statistically significant, while those with nominal p < 0.05
but FDR>0.05 were treated as suggestive. All analyses were conducted
in RStudio 2026.01 (R Foundation for Statistical Computing).

3. Results

3.1. Baseline epigenetic age acceleration and baseline neurodegenerative
biomarkers

We examined cross-sectional associations between epigenetic age
acceleration and neurodegenerative biomarker levels at baseline
(Fig. 1A, Supplementary Table 2). Accelerated epigenetic aging was
consistently associated with higher plasma GFAP and NfL, particularly
for first-generation clocks (Horvath, Hannum) and PhenoAge. The
largest effects were observed for PhenoAge with NfL (f=0.125, p <
0.001, FDR=0.002) and Horvath with GFAP ($=0.122, p < 0.001,
FDR=0.002), with similar estimates for Hannum. DunedinPACE showed
a modest association with NfL that did not survive multiple testing
correction, while GrimAge2, SystemsAge, and PhysAge were not
significantly associated with these markers.

Associations with tau- and amyloid-related biomarkers were weaker
and less consistent. PTaul81 was positively associated with Horvath and
Hannum ($~0.08, p < 0.01, FDR=0.034), but not with other clocks. No
significant associations were found for total tau or Ap42/40 after
correction. Modest positive associations with Ap40 were observed for
SystemsAge, PhysAge, and DunedinPACE, though only PhysAge and
DunedinPACE remained marginally significant after correction. Overall,
epigenetic age acceleration was more strongly associated with markers



J.K. Kim et al.

The Journal of Prevention of Alzheimer’s Disease 13 (2026) 100595

Epigenetic age acceleration and longitudinal change in plasma neuromarkers (LASI-DAD)
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Fig. 1. Associations Between Epigenetic Age Acceleration and Plasma Neurodegenerative Biomarkers across Two Waves of LASI-DAD.
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P value and FDR are available in supplementary Tables 2-5.
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controlled in each model.

of neurodegeneration and astrocytic activation than with amyloid or tau
pathology.

3.2. Baseline epigenetic age acceleration and subsequent
neurodegenerative biomarkers

We next examined whether baseline epigenetic age acceleration was
associated with biomarker levels at follow-up (Wave 2) (Fig. 1B, Sup-
plementary Table 3). Accelerated epigenetic aging at Wave 1 was
consistently associated with higher GFAP and NfL at Wave 2 across
multiple clocks. The largest effects were observed for PhenoAge (GFAP:
$=0.248, p < 0.001, FDR<0.001; NfL: $=0.178, p < 0.001,
FDR<0.001), followed by SystemsAge (GFAP: $=0.189, p < 0.001,
FDR<0.001; NfL: $=0.162, p < 0.001, FDR<0.001) and GrimAge2
(GFAP: $=0.136, p = 0.005, FDR=0.027; NfL: p=0.185, p < 0.001,
FDR<0.001). Hannum and PhysAge also showed significant associa-
tions, while DunedinPACE showed weaker, non-significant associations
with NfL and only a marginal association with GFAP that did not survive
multiple testing correction. No significant associations were detected
with pTaul8l, total tau, or amyloid-related biomarkers after correction.

3.3. Baseline epigenetic age acceleration and change in neurodegenerative
biomarkers

We then evaluated whether baseline epigenetic age acceleration was
associated with annualized change in neurodegenerative biomarkers
(Fig. 1C, Supplementary Table 4). GrimAge2 showed significant asso-
ciations with increases in both GFAP and NfL over time (GFAP: $=0.181,
p = 0.002, FDR=0.037; NfL: $=0.166, p = 0.002, FDR=0.040). Sys-
temsAge was also associated with steeper increases in GFAP (=0.175, p
< 0.001, FDR=0.029) and showed a suggestive association with NfL
(p=0.136, p = 0.006, FDR=0.071). PhysAge demonstrated nominal
associations with both GFAP and NfL, although these did not survive
multiple testing correction. No other clocks were significantly associated
with changes in these biomarkers. No significant associations were
observed between baseline epigenetic aging and changes in tau or
amyloid-related biomarkers after adjustment for sociodemographic,
vascular, and metabolic factors.

3.4. Change in epigenetic aging and change in neurodegenerative
biomarkers

Associations between changes in epigenetic age acceleration and
changes in neurodegenerative biomarkers were generally weak and did
not survive correction for multiple testing (Fig. 1D, Supplementary
Table 5). While a nominal positive association was observed between
change in Horvath age acceleration and change in GFAP, and inverse
associations were observed for GrimAge2 and PhysAge with total tau,
these findings were not robust after FDR adjustment. Inverse associa-
tions were observed for GrimAge2 and PhysAge with total tau but effect
sizes were small and did not survive FDR correction. No consistent as-
sociations were detected for NfL, pTaul81, or amyloid-related bio-
markers, suggesting that changes in 4-5 year interval in epigenetic aging
may not closely track concurrent changes in neurodegenerative
processes.

4. Discussion

This study provides evidence that DNAm-based epigenetic clocks are
associated with blood-based neurodegenerative biomarkers in older
Indian adults, with stronger and more consistent longitudinal associa-
tions observed for second- and third-generation measures. Using longi-
tudinal LASI-DAD data, we found that accelerated epigenetic aging was
associated with higher follow-up levels and steeper increases in GFAP
and NfL, particularly for clocks capturing multisystem physiological
dysregulation and mortality risk (PhenoAge, GrimAge2, SystemsAge,
and PhysAge). The stronger longitudinal associations observed for sec-
ond- and third-generation clocks likely reflect their design, as they are
explicitly trained on phenotypic indicators of disease and mortality
rather than chronological age alone. This makes them more biologically
informative and relevant to disease pathways, capturing systemic aging
processes linked to brain aging and neuroinflammation, potentially
through vascular, metabolic, or immunological mechanisms underlying
neurodegeneration.

On the other hand, DunedinPACE, which indexes the rate of bio-
logical aging rather than cumulative methylation, showed weaker and
less consistent associations with neurodegenerative processes, suggest-
ing only partial overlap. In contrast, first-generation clocks were more
pronounced for cross-sectional associations. This may reflect greater
heterogeneity in age-related exposures and differences in how pheno-
typic risk is structured in this LMIC setting, such that first-generation
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clocks—more closely aligned with chronological age and general aging
processes—better capture baseline variation, whereas second- and third-
generation measures better capture longitudinal change.

Our findings align with evidence from high-income, predominantly
European-ancestry populations, which report associations between
epigenetic age acceleration and markers such as GFAP, NfL, and
amyloid-related measures [8-10,19,20]. Particularly, our results show
stronger and more consistent associations with markers of neuro-
degeneration than with amyloid or tau pathology. By demonstrating
similar patterns in an Indian population, our study extends this evidence
to a more diverse context and supports the broader applicability of
epigenetic aging measures across populations, addressing an important
gap in the epigenetic aging literature in diverse populations. Particularly
in LMICs where imaging and CSF-based diagnostics are often unavai-
lable, blood-based aging measures offer a promising avenue for scalable
risk stratification. If epigenetic clocks can identify individuals at
heightened risk of subclinical neurodegeneration before cognitive
decline is clinically apparent, they may help fill a critical gap in de-
mentia prevention strategies in under-resourced settings.

The consistent associations between epigenetic age acceleration and
higher levels of GFAP and NfL both at follow-up and over time support
the hypothesis that accelerated epigenetic aging may predispose in-
dividuals to early neurodegenerative deterioration. GFAP, a marker of
reactive astrogliosis, reflects glial activation and neuroinflammatory
responses, while NfL reflects axonal degeneration and injury to large-
caliber myelinated fibers. These proteins are widely recognized as sen-
sitive and dynamic indicators of subclinical neurodegeneration, with
elevations seen years before the onset of clinical symptoms. Our findings
suggest that faster epigenetic aging may be associated with or parallel
these early pathophysiological changes.

In contrast to GFAP and NfL, associations between epigenetic clocks
and tau- or amyloid-related biomarkers were fewer and less consistent.
Baseline epigenetic aging showed only weak associations with pTaul81
and AB42/40 ratio, which did not survive multiple testing correction.
This pattern is consistent with prior studies reporting stronger links
between epigenetic aging and markers of neuroinflammation or neuro-
degeneration than with amyloid or tau pathology [19,20]. GFAP and
NfL are more responsive to ongoing neural injury and inflammation,
whereas amyloid and tau changes often occur earlier and plateau before
clinical symptoms. As a result, the window during which epigenetic
aging and tau/amyloid markers co-vary may be narrower and not fully
captured within our follow-up period. Neurodegenerative biomarkers
evolve gradually, making the timing of measurements critical for
detecting change. The 4.5-5-year interval in our study aligns with
timeframes over which meaningful changes in blood-based biomarkers
may be observed, particularly in preclinical and early neuro-
degeneration. This is especially relevant in older populations, where
neurodegenerative processes accelerate, increasing the likelihood of
detectable within-person change. Prior studies show that GFAP, NfL, and
pTau change gradually over multi-year periods rather than short-term
intervals [22,23]. At the same time, baseline differences observed in
our study suggest that some divergence in these biomarkers may have
occurred before initial assessment, indicating that our findings likely
reflect ongoing progression rather than onset of neurodegenerative
processes.

Observed effect sizes, presented in standard deviation units, were
modest. This is expected in a community-dwelling, largely non-
demented population where variability in neurodegenerative bio-
markers may be limited and pathological processes are likely at earlier
stages. In such settings, even small differences may reflect meaningful
shifts in underlying biological aging trajectories. Moreover, the consis-
tent associations observed across multiple clocks and biomarkers,
particularly for GFAP and NfL, support the biological relevance of these
findings despite their modest magnitude. From a clinical perspective,
small shifts in these biomarkers at the population level may have
important implications for early risk stratification and the identification
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of individuals at increased risk for future neurodegenerative change.

Socioeconomic and environmental factors specific to the Indian
context should be considered when interpreting these findings. Sub-
stantial heterogeneity in early-life conditions, education, nutrition, and
environmental stressors can influence both epigenetic aging and
neurodegenerative risk. For example, greater exposure to infectious
burden, inadequate diet, air pollution, and socioeconomic adversity may
accelerate biological aging, potentially strengthening or modifying as-
sociations between epigenetic clocks and neurodegenerative bio-
markers. Conversely, differences in lifestyle, social structure, and
survival patterns may limit comparability with high-income pop-
ulations. Thus, while our findings support the relevance of epigenetic
aging measures in an LMIC setting, caution is needed when extrapo-
lating effect sizes or mechanisms across populations with differing
environmental and socioeconomic contexts.

Some limitations are noted. The follow-up period, while sufficient to
detect intermediate changes in neurodegenerative biomarkers, may be
short to capture longer-term trajectories. Due to limited availability in
the analytic sample, genetic risk factors such as APOE genotype, which
could modify the relationship between epigenetic aging and neuro-
degeneration, were not included. Measuring change using annualized
difference scores, though interpretable and common, can be sensitive to
measurement error and regression to the mean. Moreover, changes in
epigenetic age acceleration are complex to interpret biologically and
may reflect both true biological change and technical noise. Future
studies should explore longer-term trajectories and link them to clinical
outcomes such as mild cognitive impairment or dementia onset.

Nonetheless, this study strengthens evidence that epigenetic aging
captures biologically meaningful variation linked to neurodegenerative
processes, demonstrating its relevance in a large, underrepresented
LMIC population. By extending prior findings beyond European-
ancestry, high-income settings, our results underscore the importance
of including diverse populations in biomarker research to ensure global
validity and equity. Notably, accelerated epigenetic aging was consis-
tently associated with markers of astrocytic activation and axonal
injury, highlighting its potential as a scalable, blood-based tool for early
detection, risk stratification, and dementia prevention. Future research
should clarify the biological pathways connecting methylation signa-
tures to neurodegeneration, leverage multi-omic and imaging data, and
refine clock calibration in diverse populations to maintain cultural and
biological relevance. Overall, these findings position epigenetic clocks
as promising molecular indicators that can bridge aging biology and
population health, offering actionable insights for promoting cognitive
health worldwide.
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