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Early-life exposure to tobacco, genetic susceptibility,
and accelerated biological aging in adulthood

Feipeng Cui'?, Linxi Tang"?, Dankang Li"?, Yudiyang Ma'?, Jianing Wang"?, Junqing Xie>,

Binbin Su**, Yaohua Tian"?*, Xiaoying Zheng**

Early-life tobacco exposure serves as a non-negligible risk factor for aging-related diseases. To understand the
underlying mechanisms, we explored the associations of early-life tobacco exposure with accelerated biological
aging and further assessed the joint effects of tobacco exposure and genetic susceptibility. Compared with those
without in utero exposure, participants with in utero tobacco exposure had an increase in Klemera-Doubal
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biological age (KDM-BA) and PhenoAge acceleration of 0.26 and 0.49 years, respectively, but a decrease in telomere
length of 5.34% among 276,259 participants. We also found significant dose-response associations between the
age of smoking initiation and accelerated biological aging. Furthermore, the joint effects revealed that high—polygenic
risk score participants with in utero exposure and smoking initiation in childhood had the highest accelerated
biological aging. There were interactions between early-life tobacco exposure and age, sex, deprivation, and diet
on KDM-BA and PhenoAge acceleration. These findings highlight the importance of reducing early-life tobacco

exposure to improve healthy aging.

INTRODUCTION

Biological aging is a complex and progressively deteriorating process
in the multisystem, which originates from cumulative changes at the
cellular level and gradually destroys the integrity and resilience of
tissues and organs over time (1). With the dramatic increase in the
global population aging, accelerated aging drives adults more vul-
nerable to morbidity and mortality, leading to a rapid growth in the
financial burden of aging-related health care (2, 3). Recently, two
reviews have summarized that biological age (BA) can be quantified
using telomere length (TL), epigenetic, transcriptomic, proteomic,
metabolomic, and composite clinical-parameter algorithms across
the dimensions of molecular, cellular, organ, and systemic levels (4,
5). Among them, the composite clinical-parameter algorithms have
been found to accurately predict morbidity and mortality (6, 7). Of
note, individuals with the same chronological age (CA) may have
different BAs and susceptibility to age-related disorders (8). It is
critical to identify the determinants of accelerated biological ag-
ing to develop preventive and therapeutic interventions aimed at re-
versing the biological clocks and extending both life span and
health span.

The Developmental Origins of Health and Disease hypothesis
proposed that early life was the sensitive or critical window of vul-
nerability to exposure (9). During this period, environmental expo-
sure permanently altered the body’s structure, metabolism, and
physiology, leading to adverse outcomes in later childhood and
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adult life (10). Growing evidence showed that early-life tobacco
exposures, including the fetal period, childhood, and adolescence,
were recognized as the significant risk factors for multiple adverse
outcomes in adulthood, such as chronic obstructive pulmonary disease
(11), type 2 diabetes (12), cardiovascular disease (CVD) (13), cancer
(14), and mortality (15). Considering that CA is a major factor that
increases the risk of chronic diseases and death in later life, it follows
that early-life tobacco exposure may accelerate the biological aging
process and subsequently render individuals more vulnerable to
chronic diseases. Several studies documented that tobacco exposure
during pregnancy and childhood was associated with shortened TL
among fetuses and children and accelerated epigenetic aging in
childhood (16-19). However, these studies focused on biological
aging in early life. To date, only one study has explored the association
of smoking in youth with epigenetic aging in adults over 50 years old
(20). The effects of smoking during other periods, such as the fetal
period, as well as the age of smoking initiation, on biological aging
in adulthood, remain unknown.

Apart from environmental exposure, genetic susceptibility also
plays a vital role in biological aging (21). Multiple large-scale genome-
wide association studies have identified numerous genetic variants
associated with BA (22, 23). On the basis of these findings, researchers
have constructed polygenic risk scores (PRS) as a potential tool to
predict an individual’s genetic susceptibility to specific outcomes
related to BA (24, 25). Additionally, previous studies have evaluated
the interplay between early-life tobacco exposure and PRS (12, 14),
but no studies have elucidated the role that genetic susceptibility
played in the relationships between early-life tobacco exposure and
biological aging in adulthood.

Given that a single biomarker did not depict the whole landscape
of the biological aging process (5, 21), we applied multiple dimen-
sions of biological aging biomarkers, including TL and two BAs
validated in the UK Biobank, to examine the associations between
early-life tobacco exposure and accelerated biological aging in adult-
hood. Furthermore, we comprehensively explored the potential
joint and interaction effects of genetic susceptibility and early-life
tobacco exposure on accelerated biological aging.
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RESULTS

Baseline characteristics of participants

Table S1 compares the characteristics of the total population and
included participants. There were similar characteristics among the
three groups. The characteristics of the analytic participants across
early-life tobacco exposure are summarized in Table 1. Compared to
those without in utero tobacco exposure, participants with in utero
exposure were slightly younger, more likely to be males and drinkers,
and had higher body mass index (BMI) and Townsend deprivation
index (TDI), unhealthy diet, higher prevalence of major diseases,
and accelerated biological aging, which was generally consistent
with the results in participants with early initiation of smoking. At
baseline, CA, Klemera-Doubal BA (KDM-BA), and PhenoAge were
strongly correlated with each other (Pearson coefficient ranged from
0.84 to 0.88), while age acceleration indicators were not correlated
with CA (fig. S1).

Association of early-life tobacco exposure with

accelerated biological aging

Table 2 shows the associations between early-life tobacco exposure
with accelerated biological aging. Compared with participants without
in utero tobacco exposure, those with in utero exposure had an
increase in KDM-BA and PhenoAge acceleration [0.26 years; 95%
confidence interval (CI): 0.24 to 0.29 for KDM-BA; 0.49 years; 95%
CI: 0.44, 0.53 for PhenoAge] but had a decrease in TL (—5.34%;
95% CI: —6.10%, —4.58%) after adjusting for model 2. Significant
dose-response associations between the age of smoking initiation
and accelerated biological aging were observed (all Pyeng < 0.001).
In comparison with never-smokers, childhood exposure to tobacco
was associated with 0.88- and 2.51-year increases in KDM-BA and
PhenoAge acceleration, respectively, and 10.53% decreases in TL. The
effect of exposure on PhenoAge acceleration was stronger than that
on KDM-BA acceleration (table S2). Effect estimates were similar in
a series of sensitivity analyses (tables S3 to S6). When analyzing the
combined effects of in utero tobacco exposure and the age of smoking
initiation, participants with in utero exposure and smoking initiation
in childhood had the highest accelerated biological aging [KDM-BA
acceleration: 1.13 (1.04, 1.21) years; PhenoAge acceleration: 2.89
(2.75, 3.03) years; TL: —14.41% (—16.55%, —12.21%)] (Fig. 1).

Joint effect of genetic susceptibility and early-life

tobacco exposure

We observed that PRS for KDM-BA, PhenoAge, and TL was signifi-
cantly associated with accelerated biological aging (all Pyeng < 0.001,
table S7). Furthermore, we explored the joint effect of the three PRS
and in utero exposure to tobacco smoke on accelerated biological
aging (Fig. 2). Compared to those with low PRS and without in utero
exposure, participants with high PRS and in utero exposure had the
highest accelerated biological aging [KDM-BA acceleration: 0.45
(0.41, 0.50) years; PhenoAge acceleration: 1.99 (1.91, 2.07) years; TL:
—26.96% (—28.03%, —25.88%)]. Similarly, individuals with smoking ini-
tiation in childhood and high PRS (low PRS and never-smokers as
reference) had increased KDM-BA and PhenoAge acceleration of
1.08 (0.98, 1.18) and 4.07 (3.92, 4.23) years, respectively, and de-
creased TL of 30.6% (28.53%, 32.62%). The joint effects showed that
individuals with in utero exposure, high PRS, and smoking initia-
tion in childhood had the highest accelerated biological aging
[KDM-BA acceleration: 1.39 (1.25, 1.54) years; PhenoAge acceleration:
4.28 (4.04, 4.52) years; TL: —34.27% (—37.26%, —31.13%)] (Fig. 3).
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However, no significant interaction was found between early-life
tobacco exposure and PRS on accelerated biological aging
(Pinteraction > 0-05)-

Stratified analyses

We performed a series of stratified analyses according to character-
istics (tables S8 and S9). Significant modification effects between
early-life tobacco exposures and age, sex, TDI, and healthy diet score
on KDM-BA and PhenoAge acceleration were found (all Pinteraction
< 0.05). For example, compared with those without in utero tobacco
exposure, younger participants (aged <50 years old) who were
exposed to tobacco in utero had 0.38 (0.33, 0.43) years in KDM-BA
acceleration, 0.69 (0.61, 0.78) years in PhenoAge acceleration,
and —6.28% (—7.72%, —4.81%) in TL. In addition, there were stronger
effects of in utero tobacco exposure on shortened TL in participants
with high deprivation [—6.23% (—7.30%, —5.15%)] than in those with
low deprivation [—4.33% (—5.41%, —3.25%)] (Pinteraction < 0.05).
Similarly, we also observed significant interactions between the age
of smoking initiation and TDI on TL (Pipteraction < 0.05).

DISCUSSION

This study explores the association between early-life tobacco expo-
sure, including fetal periods, childhood, and adolescence, and
accelerated biological aging in adulthood. In this large-scale study,
we found that in utero exposure to tobacco smoke and the age of
smoking initiation were pronouncedly associated with KDM-BA
and PhenoAge acceleration, and shortened TL. Participants with in
utero exposure, high PRS, and smoking initiation in childhood had
the highest accelerated biological aging. There were interactions be-
tween early-life tobacco exposure and age, sex, TDI, and healthy
diet on KDM-BA and PhenoAge acceleration. These findings from a
large biobank cohort highlight the importance of reducing tobacco
exposure in early life.

With the rapid growth of aging-related diseases, much effort has
been made on the heterogeneity of biological aging of peers, in
which tobacco exposure plays a non-negligible role (20, 26, 27). We
found that early-life tobacco exposure was pronouncedly associated
with shortened TL. In support of our results, an American birth
cohort study found a positive association of intrauterine tobacco
exposure with shortened fetal TL (16). Similar findings were also
observed in children from the Hong Kong Child Health Survey and
the Human Early-Life Exposome (HELIX) project (17, 18). Prenatal
smoking exposure among 408 extremely premature infants accelerated
placental epigenetic gestational aging by 0.5 weeks (28). In our
study, participants with in utero tobacco exposure had increased
KDM-BA and PhenoAge acceleration by 0.26 and 0.49 years, which
was comparable to the results from the Viva project, which showed
that prenatal smoking exposure was associated with a 0.34-year
increase in skin and blood epigenetic age acceleration among 120 chil-
dren (29). Another study of 1173 children from the HELIX project
reported that maternal smoking during pregnancy accelerated epi-
genetic aging by 0.14 years (19). Nevertheless, it was worth noting
that this estimated effect was lower than our estimates. The discrep-
ancy in the study design, sample size, demographic characteristics,
and aging biomarkers may be responsible for the variation in bio-
logical aging effects. Previous studies have shown that the preva-
lence of smoking among pregnant women in Europe was 8.1%, and
there were at least 50 million smokers aged <14 years (14, 30). We
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Table 1. Characteristics of study participants according to in utero exposure to tobacco smoke and age of smoking initiation. Mean values (standard
deviation) for continuous variables and n (%) for categorical variables.

Characteristics

In utero exposure to tobacco smoke (n = 276,259)

Age of smoking initiation (n = 275,844)

No
(n=195,773)

Yes (n = 80,486)

P

Never-smokers
(n=175,908)

Adulthood
(>18 years)
(n = 40,948)

Adolescence
(15-18 years)
(n=43,184)

Childhood
(5-14 years)
(n=15,804)

Age at recruitment
(yea rs)

Sex (female)

M|ssmg

Ethn|C|ty (yvh|te) o

Mlssmg

56.38 + 8.27

107519(549)
Body mass |ndex
(BMI, kg/m )

27.08 + 4.60

. 396(02)
181 366 (92 6)
650(03)

Townsend

deprivation index
(TDI)

Mlssmg

Previous

M|ssmg
Physical acthlty

(MET mln/week)
35 884 (l 8 3)

Mlssmg

—1.47 + 3.00

6 231 (3 2)

Current 179 152 (91 5)

211(01)

2621 84+

2 646 03

Healthy dlet score o

5590+7.75

27.86 + 4.88

152 (02)

237 (0 3)

—1.23 +3.08

3018(37)

73(01)

2 844 79

42667(530

‘79 107 (98 3)””” o

22108

<0.001

<0.001

<0.001

<0001
g

‘2 S s

<0.001

. 14 168 (17 6)‘,‘.‘. R

55.74 +8.14

27.10 £4.70

369002
164 369 (93 4)
567 (0 3)

—1.66 + 2.89

4 938 (2 8)

175(01)

2 628 48

103,144 (586)

11,170 (63)
150625 (907) 3t
261222+

33 239 (18 9)

57.94 +7.95

21234(519)

27.53+4.72

83 (0 2)

38 950 (95 1)“”"“

—0.97 +3.19

49 (Ol)

2 581 95 +

2 653 36

7 270 (17 8).

815 (2 O) o
1 752 (4 3)
38 332 (93. 6)

57.62 +7.69

27.92 +4.63

B0 e
 @1420976)
17704

120 (0 3)

—0.99 +3.18

733 (l 7)

37(01)

2 885 28

8481 (19.6) o

19,089 (442)

l 962 (4 5)
40 452 (93. 7)

277531+

55.51 +8.00

28.56 +4.99

44 (0 3)

'i 5, 330(97.0)

5461(346)

<0.001

<0001

<0.001

<0001

s0a

-0.27 +3.41

263 (1.7')“‘ o

944 (6 0)

<0.001

<0001

14571 (92 2) [

26 (0 2)

301230+

3,287.57

<0.001

3152(199).........‘.‘.....

45

MISSIr.]g e

Blrthplace
(England)

M|ssmg

Th|nner

About average

26150(134)
3,667 (19)

153,460 (78.4)

348 (02)

Body S|ze§ at age 10 years -
63630(325)
100073(51.1)

Helght 5|zes at age 10 years

Shorter

About average
Taller

Missing

Noz(ug/m3)

Mlssmg

Mlssmg

PMas (ug/m’)

Missing

Mlssmg .

(Contlnued)
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(Continued)

In utero exposure to tobacco smoke (n = 276,259)

Age of smoking initiation (n = 275,844)

No

Characteristics (n=195,773) Yes (n = 80,486) P

Adulthood Childhood
(>18 years) (5-14 years)
(n = 40,948) (n=15,804) P

Adolescence
(15-18 years)
(n=43,184)

Never-smokers
(n=175,908)

Major diseases

104,406 (53.3) 44,137 (54.8)

Hypertension

Cardiovascular
dlseases

16,970 (8.7) 7,561 (9.4) <0.001

15284(78) 6326(7.9)

Cancer

282+081 284+079
139371961 13939+1935

FEVI (Ilters)
SBP (mmHg)

Total cholesterol

(mg/dl) 220.49 + 43.86

220.82 +43.93 0.066

<0.001
01

. <0001.‘,“...m
0794

91,809 (52.2)

23421(57.2)

25,811 (59.8) 9,368 (59.3) <0.001
1

12,767 (7.3) 4,542 (11.1) 5,388 (12.5) 2,402 (15.2)

<0.001

13019(7.4)  3,685(90)  3680(85)  1223(7.7)  <0.001

279+O79
141 03+ 1962

275+080
14047+1978

283+081 '
1139.19+19.46

286+0.80 <0001
139 34 = 19 21 <0.001
221.28 +43.22 221.07 +44.85

21890 +£45.83 214.99+4540 <0.001

G|ycated OO

5.44 +0.59 5.44 + 0.60 0.018

5.41 +0.57 5.50+0.63 551+0.63 556+0.72 <0.001

hemoglobin (%) - - - - - -

Blood urea
nitrogen (mg/dl) 15.08+3.79

15.12 +3.88 0.042

29.04 +7.46

Lymphocyte (%) 28.93 +7.29
Nlean cel

Serum glucose
(mg/dl)

Red ceII dlstrlbu—
tlon W|dth (%)

91.84 +21.15 92.14 +22.02 0.001

13.48 +0.97 13.46 + 0.95 <0.001

<0.001

15.08 + 3.70 15.13 +4.05 15.22 +4.00 15.01£4.25 <0.001

29.06 + 7.42 29.00 +7.48 28.66 +7.37 2835+732 <0.001

91.50 +20.51 92.81+2287  9293+2287  93.99 +26.83

13.46 + 0.97 13.50 +0.93 13.50 + 0.94 13.55 +0.99

<0.001

Wh|te b|00d Ce” OO

6.81+1.92 6.95 + 1.90 <0.001

count (1000 cells/pl)
Albumln (g/dl)
Creatlnme (mg/dl)

4526+261
082+018

45 29 e 2 60
0 81 * 0 18
C reactive protein

(mg/dl) 0.24 + 0.40

0.27 +0.42 <0.001

0 002
<0 001

6.67 +1.81 7.16 £ 1.94 7.28 +£2.07 7.55+2.25 <0.001

4509+263 <OOO1
085+021 <0 001

4518+261WM
083+019

4517+263
081+019

45 32+26O
081 +018

0.23 +0.39 0.27 +0.43 0.29 +0.44 0.32+0.49 <0.001

A|ka|me OO

82.83 +25.48 83.46 + 26.32 <0.001

phosphatase (U/liter)

82.55 + 25.06 8426 +26.53  8535+26.79 86.28+27.22 <0.001

B OO

KDM-BA 60244849
KDM-BA
acceleratlon

—0.13+ 3.88 0.21 +4.14 <0.001

PhenoAge 453041023 45233976
PhenoAge

—0.34 + 545
acceleratlon

0.08 + 5.57 <0.001

Telomere Iength 0.84+0.13 0.83+0.13

also revealed that participants who initiated smoking in childhood
(5 to 14 years) had the highest acceleration in standardized KDM-BA
and PhenoAge, at 0.22 and 0.44, respectively. Considering that each
1-unit increase in standardized accelerated KDM-BA and Pheno-
Age increased the risk of mortality by 66 and 84% (31), respectively,
our findings further highlighted the importance of reducing tobacco
exposure in early life to improve healthy aging.

The potential mechanisms of accelerated biological aging triggered
by early-life tobacco exposure may be involved in oxidative stress,
mitochondrial dysfunction, and inflammation (32, 33). Nicotine,

Cuietal, Sci. Adv. 10, eadl3747 (2024) 3 May 2024

0007
s

<0.001

5045+819 62024829  6224+835  6119+895 <0.001
-0.33 +3.71 024 +4.14 0.75 +4.36

1.61+4.84 <0.001

44204988 477041006 47.85+990  4683+1037 <0.001
—0.68 + 5.30 0.42+5.70 091 +5.68

2.09 + 6.06 <0.001

0.84+0.13 0.83+0.13 0.82+0.13 0.82+0.13 <0.001

polycyclic aromatic hydrocarbons, heavy metals, carbon monoxide,
and other poisons contained in tobacco smoke transport the placental
barrier and also induce reactive oxygen species (ROS) generation in
mononuclear blood cells, inflammation, and endothelial dysfunction,
resulting in metabolism alterations (34, 35). Shortened TL, a bio-
marker of cellular aging, is accelerated because ROS damages
telomeric attrition during DNA replication (36), which increases
the risk of aging-related diseases such as hypertension, cardiovascular
and lung events, diabetes, cancer, and dementia (37, 38). In addi-
tion to intrauterine exposure, younger age of smoking initiation may
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Table 2. Associations of in utero exposure to tobacco smoke and age of smoking initiation with accelerated biological aging. Model 1 was adjusted for

age at recruitment and sex.

Early-life tobacco KDM-BA acceleration ()

PhenoAge acceleration ()

Telomere length (percent change)

EXROSUE Model 1 Model 2 Model 1 Model 2 Model 1 Model 2

In utero exposure to tobacco smoke”

No Reference Reference Reference Reference Reference Reference
—6.09% (—6.84%, —5.34% (—6.10%,

Yes 0.25 (0.22, 0.28) 0.26 (0.24, 0.29) 0.40 (0.35, 0.44) 0.49 (0.44,0.53) 5.34%) —4.58%)

Age of smoking initiation”

Reference

Adulthood (>18
years)

0.29 (0.26, 0.33)

Reference

1.06 (1.00, 1.11) 1.06 (1.00, 1.12)

~3.96% (—4.96%,
%)
—7.54% (—8.49%,

Adolescence .

years) 0.46 (0.43, 0.50) 0.46 (0.43, 0.50) 1.45(1.39, 1.50) 1.49 (1.43, 1.54) —6.58%) —6.08%)
Childhood (5-14 —11.02% (-12.43%, —10.53% (—11.95%,
years) 0.88 (0.83, 0.94) 0.88 (0.83, 0.93) 2.48(2.39,2.57) 2.51(2.42,2.60) —9.59%) ~9.10%)
Ptrend <0.001 <0.001 <0.001 <0.001 <0.001 <0.001

*Model 2 was adjusted for age at recruitment, sex, ethnicity, and birthplace.
body sizes at age 10 years.

tModel 2 was adjusted for age at recruitment, sex, ethnicity, birthplace, and

B C
- 1.5 @ 4- Qg @ veerrrenranenrenerennnnnianns Age of smoking iniiation
g } .5 N _::\3 5 { e Never-smokers
F 1.0 g % g t Adulthood
_ QL C
2 { & | § o 8 { Adolescence
8 g 2 5O -10- )
© o EE e Childhood
< 0.5 { > L] S8
o S 11 1 5 154
= 3 2 3
a [] @ £
4 & [ ]
0.0-—¢ T 0-—¢ T -20-— T
No Yes No Yes No Yes

In utero exposure to tobacco smoke

In utero exposure to tobacco smoke

In utero exposure to tobacco smoke

Fig. 1. The joint effects of in utero exposure to tobacco smoke and the age of smoking initiation on accelerated biological aging. (A) The p (95% Cls) of KDM-BA
acceleration with joint categories of in utero exposure to tobacco smoke and the age of smoking initiation. (B) The p (95% Cls) of PhenoAge acceleration with joint categories
of in utero exposure to tobacco smoke and the age of smoking initiation. (C) The percent change (95% Cls) of telomere length with joint categories of in utero exposure
to tobacco smoke and the age of smoking initiation. All models were adjusted for age at recruitment, sex, ethnicity, birthplace, and body sizes at age 10 years.

lead to greater cumulative tobacco exposure (39). Smoking in youth
may set individuals on a trajectory of increased tobacco use through-
out life, greatly increasing their exposure to carcinogens and other
toxins and increasing their risk of morbidity and mortality (20).
Multiple clinical traits of KDM-BA and PhenoAge algorithms are
influenced by the above pathways. We also found that the effect of
early-life tobacco exposure on PhenoAge acceleration was stronger
than that on KDM-BA acceleration. As mentioned in a prior study,
aging is a complex biological process, and different BA predictors
can capture different biological aging dimensions (5). For example,
KDM-BA tends to reflect the capacity and function of systems integ-
rity, while PhenoAge is used to predict the mortality risk (40, 41).
Furthermore, we observed that high PRS participants with in utero
exposure and smoking initiation in childhood had the highest ac-
celerated biological aging, but there was no gene-environment in-
teraction. This result emphasized the important public benefits of
early-life tobacco cessation, regardless of genetic background, in
resisting biological aging and preventing aging-related diseases.

Cuietal, Sci. Adv. 10, eadl3747 (2024) 3 May 2024

In this study, the effects of in utero tobacco exposure on accelerated
aging were stronger in participants aged <50 years than in partici-
pants aged >61 years. In agreement with our findings, the biological
age of young smokers (<40 years) was significantly higher than their
CA, but this effect disappeared in the oldest participants (>80 years)
(42). Another study found that the risk of smoking-related death
was extremely high in younger people, while the effect was signifi-
cantly reduced in older groups (43). This could suggest that older
smokers who are susceptible as they age may be dying from their
habit. Compared to smokers with shorter life spans, surviving
smokers may have specific genetic and physiological factors that
respond differently to biological stressors, including activation of
repair processes and a lower inflammatory response. We also reported
that the associations of early-life tobacco exposure with KDM-BA
and PhenoAge acceleration were more pronounced among partici-
pants who were male and had higher deprivation and unhealthy
diet. Similarly, there were significant interactions between early-life
tobacco exposure and the TDI on TL. In line with a previous study,
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Fig. 2. The joint effects of in utero exposure to tobacco smoke or the age of smoking initiation and genetic susceptibility on accelerated biological aging. (A) The
B (95% Cls) of KDM-BA acceleration with joint categories of in utero exposure to tobacco smoke and PRS of KDM-BA. (B) The B (95% Cls) of PhenoAge acceleration with
joint categories of in utero exposure to tobacco smoke and polygenic risk scores of PhenoAge. (C) The percent change (95% Cls) of telomere length with joint categories
of in utero exposure to tobacco smoke and polygenic risk scores of telomere length. (D) The 3 (95% Cls) of KDM-BA acceleration with joint categories of the age of smoking
initiation and polygenic risk scores of KDM-BA. (E) The p (95% Cls) of PhenoAge acceleration with joint categories of the age of smoking initiation and polygenic risk scores
of PhenoAge. (F) The percent change (95% Cls) of telomere length with joint categories of the age of smoking initiation and polygenic risk scores of telomere length. (A)
to (C) Models were adjusted for age at recruitment, sex, ethnicity, birthplace, genotyping batch, and the first 10 genetic principal components. (D) to (F) Models were
adjusted for age at recruitment, sex, ethnicity, birthplace, body sizes at age 10 years, genotyping batch, and the first 10 genetic principal components.

tobacco use, unhealthy diet, and increased pressure such as income,
housing, and economic independence were related to increases in
epigenetic aging among middle-aged Black women (44). Childhood
poverty was a potential precipitant of epigenetic age acceleration in
490 midlife and older people (45). The discrepancy in other interac-
tions between demographic characteristics and early-life tobacco
exposure on three indicators of biological aging may be due to dif-
ferent aspects of biological aging explained by indicators. Further
research is needed to validate these findings.

The strengths of our study included comprehensive BA estima-
tion in a large-scale biobank cohort to improve the accuracy of BA
predictions, temporality from early-life tobacco exposure to the
outcome, and directed acyclic graphs (DAGs) to identify potential
confounders. Nevertheless, some limitations of the present study
should be acknowledged. First, we did not obtain detailed informa-
tion on the duration and pack-years of smoking, environmental
tobacco, and secondhand smoke in the early-life stages. Second,
data on early-life tobacco exposure were retrospectively collected by
self-reported questionnaires, leading to recall bias. However, previ-
ous literature has depicted that the offspring’s report of in utero
tobacco exposure was a good proxy measure for the mother’s own
report of smoking during pregnancy (46). The prevalence of smoking
during pregnancy was similar between this study (29.1%) and a
study carried out in the United Kingdom (23.3%) (30). Moreover,

Cuietal, Sci. Adv. 10, eadl3747 (2024) 3 May 2024

results were highly consistent across repeated assessments of the
same perinatal maternal smoking between baseline, first, and sec-
ond surveys (kappa > 0.90). Given the social undesirability bias,
tobacco exposure is commonly underreported (47). Nondifferential
misclassification would attenuate any true causal association. How-
ever, we still observed significant associations of early-life tobacco
exposure with accelerated biological aging. To provide accuracy in
tobacco exposure, repeated measurements of nicotine and its
metabolites in various biological specimens are needed in the future.
Third, we only estimated BA and TL at baseline and could not
explore the effect of early-life tobacco exposure on the rates of bio-
logical aging changes over time. Fourth, residual and unmeasured
confounders in early-life stages, such as parental characteristics and
maternal weight during pregnancy, may mix the estimated effects.
However, the DAG method can partially avoid the effects of missing
and unmeasured confounders. We also conducted a series of sensitivity
analyses to confirm the validity of our findings, such as adjusting for
potential adult covariates and mediators, in which all results were
robust. Additionally, our study with a cross-sectional nature cannot
interpret the causal association between early-life tobacco exposure
and biological aging. Lastly, participants from the UK Biobank were
healthier and about 94% white and had higher socioeconomic status,
which should be cautiously extrapolated. More prospective cohorts
of other ethnic populations are needed to validate our findings.
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Fig. 3. The joint effects of in utero exposure to tobacco smoke, the age of
smoking initiation, and genetic susceptibility on accelerated biological ag-
ing. (A) The B (95% Cls) of KDM-BA acceleration with joint categories of in utero
exposure to tobacco smoke, the age of smoking initiation, and polygenic risk
scores of KDM-BA. (B) The f (95% Cls) of PhenoAge acceleration with joint catego-
ries of in utero exposure to tobacco smoke, the age of smoking initiation, and poly-
genic risk scores of PhenoAge. (C) The percent change (95% Cls) of telomere length
with joint categories of in utero exposure to tobacco smoke, the age of smoking
initiation, and polygenic risk scores of telomere length. Models were adjusted for
age at recruitment, sex, ethnicity, birthplace, body sizes at age 10 years, genotyp-
ing batch, and the first 10 genetic principal components.

In summary, we provided evidence based on a large-scale epide-
miological survey that exposure to tobacco in the fetal period, child-
hood, adolescence, and adulthood was significantly associated with
accelerated BA and shortened TL later in life independent of genetic
susceptibility. Furthermore, high PRS individuals with in utero
exposure and smoking initiation in childhood had the highest acceler-
ated biological aging. The present study highlighted the important
role of reducing tobacco exposure from the fetal period throughout
childhood, adolescence, and adulthood to promote longevity and
prevent aging-related diseases. Further studies are warranted to
elucidate the underlying mechanisms.

METHODS

Study design and population

The data in our study were derived from the UK Biobank, which was
an ongoing population-based cohort study with approximately
0.5 million participants (aged 37 to 73 years) enrolled in 2006 to
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2010, as detailed previously (48). The study protocols received
approval from the National Information Governance Board for
Health and Social Care and the National Health Service North West
Multicenter Research Ethics Committee. All participants signed an
electronic informed consent at baseline assessment. This analysis
was from application number 69741. Figure S2 shows the datasets
constructed. After the exclusions of participants without informa-
tion on biological aging and early-life tobacco exposure, a total of
276,259 (275,844) participants were used to examine the association
between in utero tobacco exposure (age of smoking initiation) and
accelerated biological aging. Furthermore, we performed quality
control on genetic data to explore the joint effects of early-life to-
bacco exposure and genetic susceptibility on accelerated biological
aging among participants of European descent.

Assessment of early-life tobacco exposure

Early-life tobacco exposure was assessed by self-reported question-
naires, including exposure to tobacco in utero and the age of smoking
initiation (12, 14). Exposure to tobacco in utero was collected by this
item: “Did your mother smoke regularly around the time when you
were born?” Maternal smoking around birth (Data-Field 1787) was
collected except for those who indicated they were adopted as a
child (Data-Field 1767). Age of smoking initiation was defined
through the following items: smoking status (Data-Field 20116), age
started smoking in current smokers (Data-Field 3436), and age
started smoking in former smokers (Data-Field 2867). Then, par-
ticipants were divided into four groups based on the age of smoking
initiation: never-smokers, adulthood (>18 years), adolescence (15 to
18 years), and childhood (5 to 14 years).

Assessment of biological age and age acceleration

BA, including KDM-BA and PhenoAge, has been measured by the
best-trained algorithms from the National Health and Nutrition
Examination Survey (NHANES) (41, 49, 50), which has also been
validated using available data on anthropometric measurements
and biochemical markers from the UK Biobank (23, 51). The blood
specimens collected at baseline were analyzed with the Beckman
Coulter LH750 instruments within 24 hours. Detailed processes
and quality control of biomarkers were obtained on the website
(https://biobank.ndph.ox.ac.uk/showcase/showcase/docs/serum_
biochemistry.pdf). Table S10 lists the corresponding data-field IDs
of biomarkers for the construction of BA. The BioAge R package was
used to calculate values of KDM-BA and PhenoAge (http://github.
com/dayoonkwon/BioAge), where missing data of components of
BA were excluded. In the package, the reference population with
complete biomarker data includes 7694 nonpregnant participants
(aged 30 to 75 years) for KDM-BA and 12,998 participants (aged
20 to 84 years) for PhenoAge in the NHANES III (52).

KDM-BA was derived from regressions of nine biomarkers [e.g.,
systolic blood pressure, forced expiratory volume in 1 s (FEV}), total
cholesterol, glycated hemoglobin, blood urea nitrogen, albumin,
creatinine, C-reactive protein, and alkaline phosphatase] on CA in a
reference population, approximately corresponding to physiologically
normal CA.The equation is

" ki CA
R
B Si Spa
KDM — BA = >
L) g
=S Sha
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where x; is the value of each biomarker for an individual; k;, g;, and
s; are the intercept, slope, and root mean square error, respectively,
which were estimated from the regression of CA on each biomarker
separately for men and women; sp, is the square root of the variance
in CA explained by the biomarker set; and n = 9, namely, the total
number of biomarkers in this study.

PhenoAge was interpreted as the age at which the average mor-
tality risk matches the predicted mortality risk, and its algorithm
was constructed using elastic-net Gompertz regression of mortality
risk on 42 biomarkers among NHANES III participants, resulting in
nine biomarkers and CA selected as a parsimonious model to calcu-
late the mortality prediction score. In our study, we computed an
individual’s PhenoAge through CA and nine biomarkers, including
lymphocyte percentage, mean sphered cell volume, glucose, red cell
distribution width, white blood cell count, albumin, creatinine, C-
reactive protein, and alkaline phosphatase. The formula is as follows

In[—0.00553 X In(1—mortality risk)]
0.090165
where mortality risk = 1 — ¢~**1eP(1200=117 o, — 0 0076927,

PhenoAge=141.50225+

xb=—19.907+0.0804 X CA —0.012 X lymphocyte percentage +
0.0268 x mean sphered cell volume+0.1953 X glucose+
0.3306 X red cell distribution width+
0.0554 X white blood cell count—0.0336 X albumin+
0.0095 X creatinine+
0.0954 X In(C — reactive protein)+
0.00188 x alkaline phosphatase

To quantify the deviation between BA and CA, the residuals were
computed using linear regressions of KDM-BA and PhenoAge on
their CA, called age acceleration (51). Individuals with age accelera-
tion values greater than 0 indicated an advanced state of biological
aging, and vice versa (52).

Measurements of leukocyte TL

TL in peripheral blood leukocytes was determined using the multi-
plex quantitative polymerase chain reaction technique by researchers
at the University of Leicester in England (53). TL was a ratio of TL
repeat number (T) against a reference single-copy gene (S) to ex-
pressa T/S ratio, where T and S were computed by either the calibra-
tor sample at each run consisting of pooled DNA from 20 participants
or the standard curve. Considering skewed distribution and the
difference in T/S ratios due to different quantification methods, the
natural logarithm-transformed z-standardized T/S ratio (Data-Field
22192) was conducted using the distribution of all individuals with
a TL measurement, which was used in this study.

Polygenic risk scores

PRS was constructed according to genetic variants associated with
aging phenotypes and leukocyte TL in European-descent participants
from the previously published genome-wide association studies (22,
23). Table S11 summarizes the single-nucleotide polymorphisms
(SNPs) (P < 5 x 1078 and minor allele frequency > 0.05) used for
constructing PRS of PhenoAge, KDM-BA, and TL. Detailed infor-
mation regarding SNP genotyping, imputation, and quality control
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in the UK Biobank was described previously (54). The formula for
PRS calculation is as follows:

PRS= Y'" f; X SNP,

where f; is the per-allele effect from genome-wide association study;
SNP; is the number of effect alleles, and m is the total number of
SNPs associated with PhenoAge, KDM-BA, and TL (29, 15, and 18,
respectively). These PRS were categorized into low (lowest tertile),
medium (tertile 2), and high (highest tertile) risk.

Covariates

On the basis of prior literature and DAG (55) (fig. S3), models were
adjusted for potential confounders. The covariates included demo-
graphic characteristics (e.g., age at recruitment, sex, BMI, ethnicity,
TDI, birthplace, and the body and height sizes at age 10 years), life-
styles (e.g., drinking status, physical activity, healthy diet score, and
air pollution), and major diseases at recruitment (e.g., hypertension,
diabetes, CVDs, and cancer). The detailed codes of major diseases at
recruitment are presented in table S12. The TDI was assessed on
four dimensions: unemployment, non-car ownership, overcrowded
household, and non-home ownership. Higher levels of the TDI indi-
cated higher levels of deprivation. Physical activity was estimated by
the sum of metabolic equivalent task (MET) minutes per week
according to the International Physical Activity Questionnaire. The
healthy diet score was computed using the frequency of intake of
common food, including fresh fruit, vegetables, fish, processed
meat, and unprocessed red meat (table S13) (56). Annual average air
pollution levels of individuals were quantified using the land use
regression models (Supplementary Text 1) (57, 58). In addition,
because of the high missing data on birth weight (44.9%) and its
colinearity with the body shape, the models were adjusted for available
body sizes at age 10 years.

Statistical analysis

We performed all analyses by using R version 4.2.2 (R Foundation
for Statistical Computing). All P values were obtained by two-sided
tests with statistical significance set at <0.05. The characteristics of
the analytic participants were presented across in utero exposure to
tobacco smoke and the age of smoking initiation as counts (percentage)
for categorical variables and means + SDs for continuous variables.
Missing values for categorical variables were encoded as a missing
indicator category, and missing data for continuous variables
were replaced with the median value. We also calculated the
Pearson correlation coeflicients of CA, KDM-BA, PhenoAge, and
age acceleration.

The analytic plane of this study is listed in fig. S2. We conducted
multivariate general linear regression models to estimate the asso-
ciations of early-life tobacco exposure and PRS with KDM-BA and
PhenoAge acceleration and documented regression coefficient ()
and corresponding 95% Cls. Linear regression models were used to
examine the effects of early-life tobacco exposure and PRS on
TL. The percent changes were expressed using the following formu-
la: [exp(B) — 1] X 100%. Model 1 was adjusted for age at recruitment
and sex. Model 2 was further adjusted for ethnicity and birthplace
for in utero exposure to tobacco smoke and further adjusted for
ethnicity, birthplace, and body sizes at age 10 years for the age of
smoking initiation. Furthermore, we adjusted for the genotyping
batch and the first 10 genetic principal components in the analyses
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of PRS. The linear trend across the age of smoking initiation was
tested using the integer values.

When analyzing the combined effects of in utero exposure to
tobacco smoke and the age of smoking initiation, we classified the
participants into eight subgroups and set unexposed to tobacco in
utero and never-smokers as the reference group (analysis 2). Moreover,
to examine whether the genetic susceptibility to BA may modify the
association of early-life tobacco exposure with accelerated biologi-
cal aging, we set cross-product terms in the model and additionally
explore the joint association of early-life tobacco exposure and PRS
(analysis 3). We also categorized the participants into 24 groups
based on early-life tobacco exposure, age of smoking initiation, and
PRS to analyze their joint effects on biological aging, with a refer-
ence group of individuals at low genetic risk, unexposed to tobacco
in utero, and never-smokers (analysis 4).

In addition, we also conducted a series of stratified analyses to
evaluate potential modification effects by the following characteristics:
age at recruitment (<50, 51 to 60, or >61), sex (female versus male),
TDI (<median versus >median), and healthy diet score (0 to 1, 2 to
3, or 4 to 5). The potential modification effects were evaluated by
fitting the cross-product term of the stratifying characteristics with
early-life tobacco exposure.

Several sensitivity analyses were conducted to evaluate the robust-
ness of the results. First, we restricted the analyses among partici-
pants with complete covariates and European descent. Furthermore,
to allow comparison of the effect sizes, the residuals of KDM-BA
and PhenoAge were standardized with a mean (0) and SD (1) (51).
Third, we additionally adjusted for BMI, TDI, physical activity,
drinking status, healthy diet score, air pollution, body and height
sizes at age 10 years, and major diseases in model 3 to address poten-
tial residual confounding. Because of the relatively strong correla-
tion between air pollutants (56), model 3 was adjusted for a single
air pollutant (NO,, NOy, PM, 5, or PMy). Last, to avoid inappropriate
estimation of the residual scale from linear regression, robust linear
regression models were used to assess the association between expo-
sure and outcome (59).

Supplementary Materials
This PDF file includes:
Supplementary Texts 1 and 2

Tables S1to S13

Figs.S1to S3
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