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Abstract 

Epigenetic clocks are valuable tools for assessing biological age. Exposure to secondhand smoke (SHS) and polycyclic aromatic hy- 
drocarbons (PAHs) has been linked with epigenetic age deviation (EAD) in adults. However, associations in children remain largely 
unexplored. We investigated relationships between exposure—spanning prenatal, early postnatal, current (36–60 months, time of 
sample collection) periods—and EAD in preschool-aged children. DNA methylation was measured in buccal cells from 43 children 

(mean age: 4.1 years) in the CAries Risk from exposure to Environmental tobacco Smoke—Household Air Pollution Intervention Net- 
work cohort. SHS exposure was assessed using urinary cotinine and 3-hydroxycotinine (3-HC), while PAHs exposure was assessed 

via urinary 2-naphthol (2-NAP) and 1-hydroxypyrene (1-PYR). Nicotine equivalents were calculated as molar sum of cotinine + 3- 
HC. EAD was estimated using Horvath, Skin&Blood, Pediatric Buccal Epigenetic (PedBE), and DNA methylation-based telomere length 

(DNAmTL) clocks. Associations between exposures and EAD were evaluated using linear regression, adjusting for study site, mother’s 
education, child’s body mass index z -score, age, and sex. Chronological age significantly correlated with all epigenetic clocks ( r = 0.37–
0.78) and with DNAmTL estimator ( r = −0.38). Current SHS exposure, as measured by urinary cotinine, was associated with Horvath 

EAD ( B = 0.23 years, P = .05). Similarly, current 3-HC and nicotine equivalents were positively associated with PedBE EAD ( B = 0.08 
years, P = .04; B = 0.11 years, P = .05, respectively). Among PAH metabolites, current 2-NAP levels were associated with principal 
component-based Skin&Blood EAD ( B = 0.21 years, P = .02) and PedBE EAD ( B = 0.13 years, P = .05). Findings suggest early-life SHS 
and PAHs exposure may contribute to accelerated epigenetic aging in children. 

Keywords: epigenetics; children; epigenetic aging; secondhand smoke; polycyclic aromatic hydrocarbons 

Among modifiable environmental exposures, secondhand 

smoke (SHS) is a ubiquitous public health issue [ 3 ]. Despite a 
decline in smoking rates over the past half-century, 37% of the 
world’s population is still exposed to SHS, with a higher preva- 
lence in children, and health risks exacerbated by racial and 

economic disparities [ 3 , 4 ]. SHS contains over 7000 chemicals, 
including 69 known carcinogens [ 5 , 6 ]. Of particular concern are 
polycyclic aromatic hydrocarbons (PAHs), a class of chemicals 
generated from the incomplete combustion of tobacco, charred 

food, coal, and wood [ 7 ]. Epidemiological and clinical studies 
have corroborated associations between SHS [ 5 , 6 ] and PAHs 
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Introduction 

Environmental exposures account for 70%–90% of the global 
disease burden and nearly a quarter of all deaths, dispropor- 
tionately affecting children under five and those in low- and 

middle-income countries (LMICs) [ 1 ]. These exposures are di- 
verse and pervasive, with many pollutants capable of crossing 
the placenta and disrupting fetal cellular programming. The De- 
velopmental Origins of Health and Disease hypothesis posits 
that early-life environmental insults can trigger long-term phys- 
iological alterations, heightening disease susceptibility later in 

life [ 2 ]. 
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Table 1. Characteristics of CARES-HAPIN children included in the 
analyses (2023–2025, Tamil Nadu, India) 

Characteristic Overall ( N = 43) 

Children’s demographic information 

Age, mean (SD), years 4.12 (0.53) 
Sex 

Boy 21 (48.8%) 
Girl 22 (51.2%) 

BMI, mean (SD) 13.48 (1.95) 
BMI z -score, mean (SD) −1.65 (1.65) 

Parent’s demographic information 

Mother’s age, mean (SD), y 20.44 (3.53) 
Mother’s education 

No formal education 12 (27.9%) 
Primary school completed 16 (37.2%) 
Secondary school or college completed 15 (34.9%) 
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 8 , 9 ] exposure and inflammation, oxidative stress, epigenetic
odifications, and downstream adverse health outcomes, under-

coring the need for reliable biomarkers to predict disease risk
nd elucidate the underlying mechanisms. 

Epigenetic modifications, particularly DNA methylation, repre-
ent a promising and persistent biomarker of exposure that may
eflect a mechanistic link between SHS, PAHs, and lagged health
ffects. DNA methylation, primarily occurring at cytosine residues
pstream of guanine (CpG sites), is influenced by environmen-
al factors from the intrauterine period onward [ 10 ], with pre-
atal smoking having a strong signature in umbilical cord blood
NA methylation [ 11 ]. Growing evidence highlights the roles of di-

ect DNA damage and epigenetic mechanisms in SHS and PAHs-
elated diseases [ 12 , 13 ]. 

In recent years, epigenetic clocks derived from DNA methyla-
ion patterns have emerged as powerful machine-learning tools
or estimating biological or chronological age and predicting age-
elated disease and overall health. The difference between epige-
etic age (estimated via DNA methylation) and chronological age,
nown as epigenetic age deviation (EAD), offers a novel lens to
valuate health status and the impact of early-life exposures on
ging trajectories [ 14 ]. In children, greater EAD has been linked
ith multiple detrimental health outcomes, such as asthma,
besity, cognitive impairment, cancer, and other morbidities—
onditions robustly associated with SHS and PAHs exposure [ 5 ,
 , 15–18 ]. 

Although EAD has been linked to environmental exposures
uch as air pollution, adult tobacco smoke, and cadmium, stud-
es have focused on the prenatal period or adult populations, with
parse and inconsistent evidence among exposed children [ 15–21 ].
urthermore, prior work has largely examined single exposures
nd relied on blood-derived DNA methylation, leaving accessible,
on-invasive tissues like buccal cells underexplored. To address
hese gaps, our study investigates epigenetic age biomarkers in
uccal cells among children exposed to SHS and PAHs across pre-
atal, early-life, and current periods. We hypothesize that, simi-

ar to adult smoking, early-childhood exposure to SHS and PAHs
ould accelerate epigenetic biomarkers of aging. 

esults 

tudy population 

able 1 presents a summary of participant characteristics ( N = 43).
his sample was designed to reflect the sociodemographic and
nvironmental diversity of the larger cohort. The mean chrono-
ogical age of children at buccal DNA collection was 4.12 years
SD = 0.53). There were 21 male (48.8%) and 22 female (51.2%)
hildren. The mean BMI of the children was 13.48 (SD = 1.95). Ge-
metric means of biomarkers (μg/g creatinine; 95% CI) are pre-
ented in Supplementary Table S1 . 

pigenetic age 

catter plots of chronological age and epigenetic age are shown
n Fig. 1 . The Pediatric Buccal Epigenetic (PedBE) clock exhib-
ted the highest correlation with chronological age ( r = 0.77,
 < .001) and the lowest mean absolute error (median absolute
rror (MAE) = 0.4 years). The principal component (PC) versions
f the Horvath clocks also performed well, with the PC Horvath
nd PC Skin&Blood clocks exhibiting correlations of r = 0.78 and
 = 0.76, respectively (both P < .001). In comparison, the CpG-
ased Horvath and Skin&Blood clocks showed weaker correla-
ions ( r = 0.37, P = .013 and r = 0.62, P < .001, respectively). The
NA methylation telomere length (DNAmTL) and PC DNAmTL es-

imators, as expected, were negatively correlated with age ( r =
0.38, P = .013 and r = −0.35, P = .021, respectively), indicating

hortening of telomere length with increasing age. 

HS exposure and EAD 

n adjusted models ( Table 2 ), a two-fold increase in average
renatal cotinine concentration was inversely associated with
orvath EAD [B (95% CI) = –0.22 years (–0.44, –0.01), P = .04].
onversely, a doubling of average postnatal and current cotinine
oncentrations was positively associated with Horvath EAD, with
ffect estimates of 0.23 years (95% CI = –0.00, 0.44, P = .05) and
.18 years (95% CI = –0.00, 0.35, P = .05), respectively. Although
ssociations with other clocks were not statistically significant,
ffect estimates for Skin&Blood and PedBE EAD were consis-
ently positive but small. Average prenatal and average postnatal
-hydroxycotinine (3-HC) concentrations showed no meaningful
elationships. However, a two-fold rise in current 3-HC concen-
ration was significantly associated with both longer DNAmTL (B
95% CI) = 0.02 kbs (0.00, 0.04), P = .02], and increased PedBE EAD
B (95% CI) = 0.08 years (0.00, 0.16), P = .04). 

A doubling of average postnatal urinary nicotine equivalents
howed a marginal 0.22 years increase in Horvath EAD (95% CI =
0.02, 0.45, P = .08). Similarly, an increase by a factor of two in cur-
ent nicotine equivalents concentration corresponded with longer
NAmTL (B (95% CI) = 0.03 kbs (0.00, 0.05), P = .03) and acceler-
ted epigenetic age via PedBE (B (95% CI) = 0.11 years (0.00, 0.21),
 = .05). Associations with other clocks for nicotine equivalents
ere null. 
In sensitivity analyses adjusting for estimated buccal cell-

ype proportions, effect estimates for cotinine and Horvath were
lightly attenuated but retained their direction (prenatal: B (95%
I) = –0.22 years (–0.43, –0.01), P = .04; postnatal: B (95% CI) = 0.17
ears (–0.02, 0.34), P = .08; current: B (95% CI) = 0.20 years (–0.03,
.44), P = .09; Supplementary Table S2 ). Associations for 3-HC and
icotine equivalents with PedBE and DNAmTL were robust to cell-
ype adjustment, albeit with slightly reduced precision. 

AHs exposure and EAD 

verage prenatal 2-naphthol (2-NAP) associations with EAD
ere positive but imprecise. In contrast, a doubling of cur-

ent 2-NAP concentration was positively associated with PC
kin&Blood EAD (B (95% CI) = 0.21 years (0.03, 0.39), P = .02) and
howed a borderline positive association with PedBE EAD (B (95%
I) = 0.13 years (0.00, 0.26), P = .05) ( Table 3 ). For 1-hydroxypyrene

https://academic.oup.com/eep/article-lookup/doi/10.1093/eep/dvaf030#supplementary-data
https://academic.oup.com/eep/article-lookup/doi/10.1093/eep/dvaf030#supplementary-data
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Figure 1. Scatter plots of chronological age and DNA methylation age (CARES-HAPIN, 2023–2025, Tamil Nadu, India). EA was estimated using the 
Horvath, Skin&Blood, DNAmTL, and PedBE clocks in buccal cells ( N = 43). The upper panels show the Pearson’s correlation coefficient ( r ), P -value ( p ), 
and MAE between each pair of variables. Linear trendline and 95% CI plotted as a solid line and shaded area. 

Table 2. Associations of urinary nicotine biomarkers with EAD in CARES-HAPIN children (2023–2025, Tamil Nadu, India) 

Outcome Average prenatal Average postnatal Current 

B (95% CI) P -value B (95% CI) P -value B (95% CI) P- value 

Cotinine 
Horvath −0.22 ( −0.44, −0.01) 0.04 0.18 ( −0.00, 0.35) 0.05 0.23 ( −0.00, 0.44) 0.05 
PC Horvath −0.05 ( −0.13, 0.04) 0.26 0.06 ( −0.01, 0.12) 0.09 0.02 ( −0.07, 0.11) 0.64 
Skin&Blood −0.06 ( −0.21, 0.09) 0.40 0.05 ( −0.07, 0.17) 0.41 0.06 ( −0.09, 0.21) 0.44 
PC Skin&Blood −0.06 ( −0.21, 0.09) 0.40 0.06 ( −0.06, 0.18) 0.35 0.04 ( −0.11, 0.20) 0.58 
DNAmTL 0.01 ( −0.01, 0.04) 0.23 0.01 ( −0.01, 0.03) 0.53 0.00 ( −0.02, 0.03) 0.76 
PC DNAmTL 0.00 ( −0.02, 0.02) 0.88 0.01 ( −0.01, 0.02) 0.36 0.01 ( −0.01, 0.03) 0.29 
PedBE −0.02 ( −0.13, 0.08) 0.67 0.04 ( −0.05, 0.13) 0.36 0.06 ( −0.04, 0.17) 0.25 

3-hydroxycotinine 
Horvath −0.09 ( −0.40, 0.21) 0.55 0.14 ( −0.09, 0.38) 0.22 0.05 ( −0.13, 0.22) 0.60 
PC Horvath −0.05 ( −0.16, 0.07) 0.40 0.05 ( −0.04, 0.14) 0.24 −0.05 ( −0.11, 0.02) 0.13 
Skin&Blood −0.01 ( −0.20, 0.19) 0.96 0.03 ( −0.12, 0.19) 0.67 −0.01 ( −0.12, 0.11) 0.92 
PC Skin&Blood 0.09 ( −0.11, 0.29) 0.37 0.02 ( −0.14, 0.17) 0.83 0.05 ( −0.07, 0.16) 0.40 
DNAmTL 0.01 ( −0.03, 0.04) 0.75 0.01 ( −0.02, 0.03) 0.48 0.02 (0.00, 0.04) 0.02 
PC DNAmTL −0.02 ( −0.05, 0.01) 0.12 0.01 ( −0.01, 0.03) 0.27 0.01 ( −0.01, 0.02) 0.21 
PedBE −0.01 ( −0.16, 0.13) 0.86 0.03 ( −0.09, 0.14) 0.65 0.08 (0.00, 0.16) 0.04 
Nicotine equivalents (cotinine + 3-HC) 
Horvath −0.23 ( −0.53, 0.08) 0.15 0.22 ( −0.02, 0.45) 0.08 0.09 ( −0.14, 0.32) 0.41 
PC Horvath −0.06 ( −0.17, 0.06) 0.33 0.06 ( −0.03, 0.15) 0.16 −0.06 ( −0.14, 0.03) 0.17 
Skin&Blood −0.03 ( −0.23, 0.18) 0.77 0.06 ( −0.11, 0.22) 0.50 0.00 ( −0.15, 0.15) 0.98 
PC Skin&Blood 0.04 ( −0.17, 0.24) 0.76 0.05 ( −0.11, 0.21) 0.51 0.07 ( −0.08, 0.22) 0.35 
DNAmTL 0.01 ( −0.02, 0.04) 0.51 0.01 ( −0.02, 0.04) 0.43 0.03 (0.00, 0.05) 0.03 
PC DNAmTL −0.01 ( −0.04, 0.01) 0.30 0.01 ( −0.01, 0.03) 0.32 0.01 ( −0.01, 0.03) 0.20 
PedBE −0.03 ( −0.18, 0.12) 0.67 0.05 ( −0.07, 0.17) 0.39 0.11 (0.00, 0.21) 0.05 

Results from linear models adjusted for study site, mother’s education, child’s body mass index z -score, age, and sex. Highlighted P- values denote significance. 
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(1-PYR), an increase by a factor of two in average postnatal lev- 
els was suggestively associated with Skin&Blood EAD (B (95% 

CI) = 0.19 years (–0.01, 0.40), P = .07). Additionally, every two- 
fold rise in current concentration showed a marginal association 

with PC Skin&Blood EAD (B (95% CI) = 0.12 years (–0.02, 0.26),
P = .08). 
In cell-type–adjusted sensitivity analyses, the association be- 
ween a two-fold increase in current 2-NAP levels and PC
kin&Blood remained statistically significant (B (95% CI) = 0.23 
ears (0.05, 0.42), P = .01), while the association with PedBE ac-
eleration became less precise (B (95% CI) = 0.10 years (–0.03,
.23), P = .13). Associations between 1-PYR levels and Skin&Blood
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Table 3. Associations of urinary PAH metabolites with EAD in CARES-HAPIN children (2023–2025, Tamil Nadu, India) 

Outcome Average prenatal Average postnatal Current 

B (95% CI) P- value B (95% CI) P- value B (95% CI) P- value 

2-naphthol 
Horvath −0.09 ( −0.39, 0.21) 0.55 0.08 ( −0.20, 0.36) 0.57 0.15 ( −0.14, 0.44) 0.29 
PC Horvath −0.01 ( −0.13, 0.10) 0.81 0.02 ( −0.08, 0.13) 0.66 −0.03 ( −0.14, 0.08) 0.61 
Skin&Blood −0.01 ( −0.21, 0.19) 0.91 −0.02 ( −0.21, 0.16) 0.80 0.05 ( −0.14, 0.24) 0.58 
PC Skin&Blood 0.00 ( −0.19, 0.20) 0.96 0.02 ( −0.16, 0.21) 0.79 0.21 (0.03, 0.39) 0.02 
DNAmTL −0.02 ( −0.05, 0.01) 0.28 −0.00 ( −0.03, 0.03) 0.95 0.02 ( −0.01, 0.05) 0.19 
PC DNAmTL −0.02 ( −0.04, 0.01) 0.14 −0.01 ( −0.03, 0.02) 0.72 0.01 ( −0.01, 0.04) 0.33 
PedBE −0.05 ( −0.19, 0.09) 0.47 −0.05 ( −0.18, 0.08) 0.46 0.13 (0.00, 0.26) 0.05 
1-hydroxypyrene 
Horvath −0.06 ( −0.32, 0.20) 0.63 0.23 ( −0.10, 0.55) 0.17 0.06 ( −0.17, 0.27) 0.62 
PC Horvath 0.04 ( −0.06, 0.14) 0.40 0.05 ( −0.08, 0.17) 0.46 −0.03 ( −0.11, 0.05) 0.41 
Skin&Blood −0.01 ( −0.18, 0.16) 0.93 0.19 ( −0.01, 0.40) 0.07 0.01 ( −0.13, 0.16) 0.86 
PC Skin&Blood 0.05 ( −0.12, 0.22) 0.55 0.04 ( −0.18, 0.26) 0.70 0.12 ( −0.02, 0.26) 0.08 
DNAmTL −0.01 ( −0.04, 0.01) 0.38 0.00 ( −0.03, 0.04) 0.90 0.01 ( −0.02, 0.03) 0.64 
PC DNAmTL −0.01 ( −0.03, 0.01) 0.43 0.00 ( −0.03, 0.03) 0.89 0.01 ( −0.01, 0.03) 0.52 
PedBE −0.01 ( −0.13, 0.11) 0.88 0.07 ( −0.09, 0.22) 0.37 0.07 ( −0.03, 0.17) 0.16 

Results from linear models adjusted for study site, mother’s education, child’s body mass index z -score, age, and sex. Highlighted P- values denote significance. 
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emained directionally positive but did not meet statistical sig-
ificance after cell-type adjustment (average postnatal: B (95%
I) = 0.19 years (–0.02, 0.39), P = .08; Supplementary Table S3 ). 

iscussion 

ur study is among the first to apply multiple DNA methylation-
ased aging biomarkers, including the Horvath, Skin&Blood,
edBE, and DNAmTL clocks, to buccal samples from children in
MIC settings born to non-smoking mothers. Notably, epigenetic
ge estimates were significantly correlated with chronological
ge, reinforcing the applicability of the clocks to buccal-derived
NA in the pediatric South Asian population. Our results, partic-
larly for current exposures, support the hypothesis that tobacco-
elated toxicants contribute to epigenetic aging signatures in early
hildhood. Average postnatal levels and current cotinine concen-
rations were significantly associated with Horvath EAD, while
urrent 3-HC and nicotine equivalents correlated with PedBE EAD
B (95% CI) = 0.11 (0.00, 0.21), P = .05) and longer DNAmTL esti-

ates (B (95% CI) = 0.03 (0.00, 0.05), P = .03). Current 2-NAP levels
ere linked to increased PC Skin&Blood EAD. These novel findings

ontribute to the evidence on how early-life environmental expo-
ures shape epigenetic aging trajectories in children. 

While previous studies have shown that prenatal maternal
moking is associated with accelerated epigenetic aging in cord
lood, at birth [ 15–17 ], we observed a deceleration in buccal epige-
etic aging with average prenatal SHS and PAHs exposure. This di-
ergence may reflect tissue-specific responses, the timing of sam-
le collection, or in-utero adaptations that mitigate toxicant ef-
ects or influence developmental maturity throughout childhood,
hough the long-term implications remain to be completely elu-
idated. Discrepancies in exposure source and intensity (active
moking vs. secondhand exposure) may also underlie these incon-
istencies. By focusing on SHS and PAHs exposure during the early
hildhood period, our study expands the literature, emphasizing
he role of pediatric epigenetic clocks in environmental insults be-
ond the prenatal window [ 16 , 17 ]. 

Elevated average postnatal levels and current cotinine concen-
rations were positively associated with Horvath EAD in concor-
ance with Simpkin et al. and de Prado-Bert et al. [ 15 , 17 ]. Addi-
ionally, current levels of 3-HC and nicotine equivalents were re-
ated to PedBE acceleration and longer DNAmTL, suggesting that
HS exposure may influence multiple molecular markers of ag-
ng. Although an increase in DNAmTL may seem counterintu-
tive, telomere dynamics in early childhood are complex. Telom-
res shorten most rapidly from birth to around age three, followed
y relative stabilization; however, lengthening has also been doc-
mented in some children, potentially reflecting telomerase ac-
ivity in hematopoietic stem cells or shifts in leukocyte cell com-
osition during growth [ 22 ]. Thus, increases in DNAmTL in our
tudy may reflect altered cellular turnover or compensatory pro-
iferative responses in buccal epithelial tissue rather than sim-
le telomere attrition. Prior research suggests that DNAmTL cap-
ures broader aspects of cellular aging independent of telomere
ttrition and telomerase activity [ 23 ]. Increased DNAmTL has also
een reported in certain cancer contexts, further underscoring the
omplexity of interpreting these epigenetic markers in relation
o environmental exposures. Parallel associations were discerned
etween PAH metabolites: 2-NAP and postnatal 1-PYR and accel-
ration in Skin&Blood and PedBE clocks, implicating the putative
ole of PAHs as epigenetic modulators during critical developmen-
al periods. 

The application of epigenetic clocks in children remains fairly
ovel. While first-generation clocks primarily predict chronolog-

cal age, newer clocks trained on phenotypic aging or mortality
im to capture broader biological aging processes but are mostly
rained in adults [ 24 ]. Among those tailored for pediatric popula-
ions, the PedBE clock, trained on 1032 individuals aged 2–20 years,
emonstrated the strongest correlation with age in our data as
xpected. The Horvath and Skin&Blood clocks also yielded signif-
cant, albeit weaker correlations with chronological age ( P < .001),
ikely due to their multi-tissue training sets, which included buc-
al cells and the broader age range represented in their train-
ng data. We excluded second-generation clocks developed from
dult phenotypes, as these may be less relevant to early-life bi-
logy. Despite promising patterns, it remains unclear how varia-
ion in pediatric epigenetic clocks translates to long-term health
utcomes. The limited CpG overlap among clocks implies that
ach may index distinct biological domains, such as transcrip-
ional regulation, telomere biology, cellular activation, and senes-

https://academic.oup.com/eep/article-lookup/doi/10.1093/eep/dvaf030#supplementary-data
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cence [ 25 ]. While significant associations were observed with the 
traditional Horvath clock, these findings should be interpreted 

with caution. The PC Horvath clock, which mitigates missing CpGs 
and technical variability, did not demonstrate comparable sig- 
nificance, suggesting that the Horvath clock associations may 
in part reflect measurement noise in our relatively small sam- 
ple. Replication in larger cohorts is imperative to substantiate 
these findings. Persistent associations observed across multiple 
clocks in our study suggest that early-life SHS and PAHs exposure 
may broadly perturb interconnected aging processes, potentially 
via oxidative stress and immune-inflammatory dysregulation, al- 
though the precise molecular intermediaries remain elusive. 

Congruous with our a priori hypothesis, adjustment for buccal 
cell-type composition modestly attenuated associations with 

Horvath EAD, suggesting partial confounding via immune or 
inflammatory-mediated pathways. Conversely, associations with 

PedBE and Skin&Blood clocks persisted, indicating either reduced 

sensitivity to tissue heterogeneity or enhanced specificity to 
exposure-related molecular alterations. Together, these results 
accentuate the complexity of environmentally driven epigenetic 
aging during early childhood. While buccal DNA methylation 

profiling offers a non-invasive and scalable alternative for pe- 
diatric research, the lack of clocks calibrated exclusively for 
buccal tissue and interindividual cellular heterogeneity may 
introduce measurement imprecision for certain EAD metrics. 
Nonetheless, our work demonstrates the feasibility of conducting 
high-dimensional epigenetic analyses using buccal-derived DNA 

from young children in LMIC settings. This represents a distinc- 
tive strength given the logistical, infrastructural, and ethical 
challenges of pediatric biospecimen collection in such contexts. 

Additional strengths include the detailed assessment of envi- 
ronmental exposures from the prenatal to early-life period, key 
windows of rapid biological plasticity, and use of sensitivity anal- 
yses that collectively augmented the robustness of our findings.
However, some limitations merit consideration. The relatively 
small sample size for DNA methylation analyses may have limited 

our ability to detect small to modest associations. Despite covari- 
ate adjustment, residual confounding from unmeasured or im- 
precisely measured variables remains possible. Moreover, though 

we assessed exposures across early-life, the full complexity of 
the exposome, or all potential contributors to EAD was not cap- 
tured. Our analyses focused exclusively on established epigenetic 
clocks, which are calculated using DNA methylation levels at CpG 

sites representing a small subset of the epigenome. Consequently,
other exposure-related methylation changes may not have been 

detected. While this approach was appropriate for our hypothesis- 
driven focus on age- and development-related pathways, it does 
not encompass the full epigenome. Future epigenome-wide analy- 
ses with larger sample sizes and appropriate replication may pro- 
vide broader insights. Finally, although the LMIC context amplifies 
the public health relevance of these findings, it may limit gener- 
alizability to other populations with different environmental or 
genetic backgrounds. Validation in other cohorts is warranted. 

In conclusion, our study identified early-life exposure to SHS 
and PAHs as modifiable determinants of EAD in children, adding 
to growing evidence that epigenetic clocks serve as sensitive 
biomarkers of environmental exposures in early-life spanning 
from the prenatal period to childhood. While some associations 
were modest and did not attain significance, the consistency in di- 
rectional patterns, particularly for current exposures, implicates 
these environmental pollutants as potential modulators of biolog- 
ical aging processes during crucial developmental windows. Fu- 
ture prospective investigations are needed to determine whether 
uch early-life exposures develop epigenetic alterations over time 
nd, in turn, whether these changes confer increased disease risk
n later life. 

ethods 

tudy population 

he CAries Risk from exposure to Environmental tobacco Smoke 
CARES) study is nested within the Indian cohort of the multi-
ountry Household Air Pollution Intervention Network (HAPIN) 
rial. Details of the study design and participants are provided
lsewhere [ 26–28 ]. Between April and September 2023, 712 chil-
ren aged 3–5 years were followed up in Tamil Nadu. Of these,
8 children were selected for DNA methylation analyses us- 
ng a stratified multistage cluster sampling design. Stratifica- 
ion was based on district (Villupuram and Nagapattinam) and 

aregiver-reported environmental tobacco smoke (ETS) exposure.
ithin each stratum, clusters—defined as villages or adminis- 

rative blocks—were randomly drawn to ensure representation 

cross the ETS exposure spectrum. 
The study protocol was approved by the institutional review 

oards at Stanford School of Medicine and Sri Ramachandra In-
titute of Higher Education and Research (IEC-NI22/JUL/83/82).

ritten informed consent was obtained from the parents or legal
uardians of all participants. Trained interviewers administered 

tructured questionnaires to collect data on sociodemographic 
actors, maternal education, dietary diversity, and child charac- 
eristics. The child’s body mass was measured using a foot-to-foot 
ioimpedance scale, and height was measured in triplicate using a
tadiometer and averaged. Body mass index (BMI) was calculated 

s weight in kilograms divided by height in meters squared. ETS
xposure was assessed via caregiver-reported household smok- 
ng behaviours. Ambiguous or missing responses were resolved 

hrough follow-up calls. 

xposure assessment 
rine samples were collected from pregnant women in each 

rimester and from children at postnatal visits (3, 6, 12, and 36–60
onths). Biomarker concentrations were normalized to urinary 

reatinine to account for urine dilution [ 29 ], which was measured
y photometric detection using the Jaffé method [ 30 ]. 

rinary SHS biomarkers 
rinary concentrations of cotinine and 3-HC were measured us- 

ng liquid chromatography-electrospray ionization-tandem mass 
pectrometry (LC-ESI-MS/MS) [ 29 , 31 ]. A 200 μL urine sample was
piked with an isotopically labelled internal standard, mixed with 

old acetone, refrigerated, and centrifuged to precipitate proteins.
he supernatant was processed, and 10 μL was injected for anal-
sis. All analyses were performed without glucuronidase decon- 
ugation in order to quantify free (unconjugated) analytes, which
epresent the biologically active fraction most likely to mediate 
pigenetic effects. Quality control samples, including blanks, were 
nalyzed concurrently. The limit of detection (LOD) for both coti-
ine and 3-HC was 0.05 ng/mL, with mean accuracy ranging from
1.7% to 88.7% ( Supplementary Table S4 ). Nicotine equivalents
ere calculated as the sum of cotinine + 3-HC. 

rinary PAH metabolites 
rinary levels of monohydroxy PAH metabolites (2-NAP and 1- 
YR) were measured using a validated method [ 32 ]. A 2 mL urine
liquot was incubated with β-glucuronidase (from Helix pomatia ,

https://academic.oup.com/eep/article-lookup/doi/10.1093/eep/dvaf030#supplementary-data
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ype HP-2) and sodium acetate buffer (pH 5.5). Analyses were
onducted using high-performance liquid chromatography (Shi-
adzu LC-2010A HPLC system, Kyoto, Japan) equipped with RF-

0AXL fluorescence detector. Chromatographic separation was
erformed on a Gemini C6-Phenyl RP column. The mobile phase
onsisted of phosphate buffer and acetonitrile. The LODs were
.02 ng/mL for 2-NAP and 0.06 ng/mL for 1-PYR, with mean accu-
acies of 102.8% and 104.6%, respectively. Quality control samples
ere included for each batch ( Supplementary Table S4 ). 

icroarray quantification of DNA methylation 

uccal cell samples were collected using Oragene kits (OC-175,
NA Genotek), and genomic DNA was extracted using QIAGEN
its per manufacturer’s protocols. DNA yield was assessed using
he NanoDrop 2000 Spectrophotometer (Thermo Scientific). Bisul-
te modification of genomic DNA was performed using the Zymo
NA Methylation kit (Zymo Research, Irvine, CA, USA), and sam-
les were hybridized to Infinium MethylationEPIC v2.0 BeadChip
rrays (Illumina, San Diego, CA, USA). 

Samples were randomized across chips prior to measurement.
NA methylation data were imported into R (version 4.4.1) and

ubsequently preprocessed using the SeSAMe package [ 33 ]. Non-
inear dye-bias correction and background subtraction were per-
ormed using the normal-exponential out-of-band (noob) method
 34 ]. Sample-level QC included dropping samples based on low
ntensity ( < 10.5) ( n = 0), inadequate bisulfite conversion ( n = 0),
r sex mismatches ( n = 5). ComBat from the sva package was
sed to remove residual batch effects from the sample row in the
eadChip [ 35 ]. Density distributions were visualized at each pro-
essing step, and principal component analysis was conducted
o evaluate associations of technical, biological, and measured
raits with global DNA methylation variation. The DNA methy-
ation status for each CpG locus was calculated as a Beta value,
anging from zero to one representing % methylation. Buccal cell
roportions—epithelial, fibroblast, and immune cells, were esti-
ated using EpiDISH [ 36 ]. 

alculation of epigenetic aging biomarkers 

pigenetic clocks were calculated using the methscore [ 37 ] function
n the ENmix package [ 38 ], including Horvath, Skin&Blood, PedBE,
nd DNAmTL due to their performance in children [ 23 , 39–41 ].
ue to the missingness of clock CpGs on the EPIC v2.0 BeadChip,
e also calculated PC-based versions of the Horvath clock,
kin&Blood, and DNAmTL [ 42 ]. This approach is less influenced
y the missingness of individual CpGs and array-type differences.
e estimated the outcome of interest, EAD, as the residuals from

egressing each clock on the participants’ chronological age.
 positive EAD indicates advanced biological aging relative to
hronological age, and a negative age-adjusted DNAmTL reflects
horter telomere length. Supplementary Table S5 summarizes
hese biomarkers, their health outcomes predicted, and the
issues used in training. 

tatistical analyses 

escriptive statistics were calculated as mean and standard de-
iations (SDs) for continuous variables and percentages for cat-
gorical variables. To meet assumptions of normality and het-
roscedasticity, we used log2 -transformed exposure concentra-
ions in the analyses, where a one-unit increase reflects a doubling
f the original levels. Average (i.e. cumulative mean) prenatal and
ostnatal levels were calculated as the mean of concentrations
easured across the three trimesters and at 3, 6, and 12 months,
espectively. Current exposure (36–60 months) reflects levels at
ample collection. To evaluate the performance of the epigenetic
locks, we calculated Pearson correlation coefficients and the MAE
etween estimated epigenetic age and chronological age. Poten-
ial confounders were identified a priori and included study site
Villupuram or Nagapattinam), maternal education (no formal ed-
cation, primary school completed, or secondary school/college
ompleted), child’s age- and sex-specific BMI z-score (derived from
HO growth standards), age (continuous), and biological sex. As-

ociations between exposure and EAD were evaluated using lin-
ar regression models, adjusting for these covariates. Sensitivity
nalyses included additional adjustments for estimated cell-type
roportions (epithelial, fibroblast, and immune cells). Results are
eported as point estimates with 95% confidence intervals (CIs)
nd P -values from covariate-adjusted models. 
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