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DNA methylation‑based clocks, tobacco 
smoking, and lung cancer risk
Ricardo Cortez Cardoso Penha1†, Justina Ucheojor Onwuka1†, Ryan Langdon1, Torkjel M. Sandanger2, 
Therese Haugdahl Nøst2, Paolo Vineis3, Mikael Johansson4, Roger L. Milne5,6,7, Pierre‑Antoine Dugué5,6,7, 
Caroline Relton8, Matthew Suderman9, James McKay1 and Mattias Johansson1* 

Abstract 

Background  Biological age, estimated by DNA methylation-based (DNAm) clocks, has been reported to be associ-
ated with lung cancer risk. However, the extent to which tobacco smoking behaviours can explain this association 
and the extent to which DNAm clocks and their components can inform risk assessment for lung cancer remains 
to be elucidated. This study aimed to evaluate the relationship between DNAm clocks, smoking, and lung cancer risk.

Methods  We analyzed four prospective cohorts (MCCS, Australia, 324 cases/324 controls; NSHDS, Sweden, 190 
cases/190 controls; EPIC, Italy, 160 cases/107 controls; and NOWAC, Norway, 115 case/70 controls) with blood samples 
collected before lung cancer diagnosis. Study participants were restricted to those with a history of smoking. Inci-
dence sampling was used to match one control to each of the lung cancer cases by cohort, sex, date of blood collec-
tion, age, and smoking status in MCCS and NSHDS. The risk discriminative performance of age-adjusted DNAm clocks 
and their components was compared with that of the Prostate, Lung, Colorectal, and Ovarian model 2012 (PLCOm2012) 
lung cancer risk model.

Results  We found several DNAm clocks positively associated with lung cancer risk (Hannum: OR = 1.13, 95% 
CI = 1.02–1.26; PhenoAge: OR = 1.25, 95% CI = 1.12–1.40; DunedinPACE: OR = 1.44, 95% CI = 1.29–1.62; PCGrimAge 
(a principal component-denoised GrimAge): OR = 1.79, 95% CI = 1.56–2.06), after adjustment for age and tobacco 
smoking. Tobacco smoking explained a modest proportion of variance in most age-adjusted DNAm clocks (R2 < 11%), 
except for PCGrimAge, where it accounted for ~ 30% of variance in both lung cancer cases and controls. Detailed 
smoking adjustments attenuated the PCGrimAge association with lung cancer risk by 13%. In a secondary analysis 
adjusting for PCGrimAge components and the PLCOm2012 score, DNA methylation-predicted packyears emerged 
as an independent predictor of lung cancer risk (OR = 2.23, 95% CI = 1.58–3.14). The area under the receiver operating 
characteristic curve (AUC) for the PLCOm2012 model was 0.66 (95% CI = 0.61–0.71) compared with 0.72 (95% CI = 0.67–
0.77) for the PCGrimAge model (Pdifference = 0.03). Combining PCGrimAge with PLCOm2012 provided similar risk discrimi-
nation as PCGrimAge alone (AUC = 0.72, 95% CI = 0.67–0.77).

Conclusions  Methylation-based biological clocks capture epigenetic marks left by exposure to tobacco smoke, and some 
clocks may inform lung cancer risk assessment by complementing or replacing traditional prediction models.
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Background
Screening high-risk individuals with low-dose computed 
tomography (LDCT) reduces mortality from lung can-
cer [1]. The US Preventive Services Task Force (USPSTF) 
eligibility criteria for LDCT are based on chronological 
age (number of years an individual has been alive since 
birth; 50–80 years) and smoking history (≥ 20 packyears 
for both current smokers and former smokers who quit 
less than 15 years prior) [2]. However, many incident lung 
cancer cases occur in individuals with smoking history 
who are ineligible for screening based on these criteria 
[3]. In addition to defining target groups based on the 
USPSTF eligibility criteria, absolute risk thresholds from 
risk-prediction models such as the PLCOm2012 model can 
identify individuals at high risk of developing lung cancer 
[4, 5].

The PLCOm2012 lung cancer risk model, developed 
from the Prostate, Lung, Colorectal and Ovarian (PLCO) 
Cancer Screening Trial, represents the current standard 
for risk-based screening eligibility [6]. This model inte-
grates demographic factors (age, sex, race); smoking his-
tory (pack-years, quit duration); medical history (family 
history, COPD, prior cancer); and socioeconomic vari-
ables (education, BMI) to predict 6-year lung cancer risk 
[2]. Despite good performance [6], PLCOm2012 relies on 
self-reported variables that may not accurately capture 
individual’s historical smoking exposure, leaving oppor-
tunities to improve risk assessment. To improve the 
identification of high-risk individuals who will benefit 
from screening, the USPSTF recommended the develop-
ment of biomarkers for early lung cancer diagnosis [2]. 
The PLCOm2012 model is already used in some screening 
settings, but many lung cancer cases remain ineligible, 
and incorporating biomarkers offer an opportunity to 
improve risk assessment and screening efficiency. DNA 
methylation aging clocks offer objective, blood-based 
biomarkers that integrate cumulative biological aging 
effects from genetic, environmental, and lifestyle fac-
tors [7, 8]. These epigenetic markers may complement 
traditional risk factors by providing objective and more 
precise measures of smoking-related biological damage 
to identify high-risk individuals missed by conventional 
models [9, 10].

Biological age, which reflects a physiological state of 
individuals over time, can be estimated by DNA meth-
ylation-based (DNAm) clocks. These clocks are built on 
sparse linear regression models trained on DNA methyl-
ation levels of CpG sites that vary with chronological age 
and/or are also associated with clinical biomarkers [11]. 

Multiple DNAm clocks have been developed to capture 
different facets of aging, and they can be divided into two 
general categories [11]. The first-generation clocks (e.g. 
Horvath’s [12]) were trained on CpG sites that vary along 
with chronological age. The second-generation clocks 
were built to identify functional features linked to biolog-
ical age [13] (e.g. mitotic age as for epiTOC2 [14]) or to 
predict all-cause mortality risk (e.g. GrimAge [15]), while 
DunedinPACE uniquely measures the pace of aging—
how fast an individual is aging rather than their current 
biological age [11, 15]. The difference between the bio-
logical and chronological age of individuals (age accel-
eration) has been used as a biomarker to predict risk of 
aging-related diseases such as cancer, as well as all-cause 
and cancer-specific mortality [16, 17]. Age acceleration, 
estimated by DNAm or clinical blood-based biomarkers, 
has been reported to be associated with increased lung 
cancer risk in prospective studies (Melbourne Collabora-
tive Cohort Study/MCCS study [16]; UK Biobank/UKBB 
cohort [18, 19]).

However, the proportion of variance in DNAm clocks 
explained by smoking remains to be elucidated [20, 21], 
as well as the extent to which DNAm clocks are associ-
ated with lung cancer risk. Identifying which compo-
nents of these clocks are linked to tobacco smoking is 
crucial for understanding the relationship between aging 
processes and lung cancer risk. PLCOm2012 primarily 
incorporates smoking-related metrics and other fac-
tors indirectly capturing smoking exposure [4]. It is not 
known whether DNAm clocks provide additional infor-
mation on lung cancer risk. If they do, a key question is 
whether this improvement stems from smoking-related 
signals embedded in the clocks or from other biologi-
cal features they capture, independently of smoking. 
Addressing this will help clarify both the added value 
of DNAm clocks in lung cancer risk prediction and the 
broader interplay between smoking, epigenetic aging, 
and lung cancer development.

In this study, we aimed to evaluate the relationship 
between biological age, as estimated by DNAm clocks, 
tobacco smoking, and lung cancer risk using pre-diag-
nostic methylation data from four case–control studies 
nested in prospective cohorts.

Methods
Data source
To assess whether DNAm clocks are associated with lung 
cancer risk, we used four pre-diagnostic datasets with 
DNA methylation data from previous studies, including 
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the Melbourne Collaborative Cohort Study (MCCS), the 
Northern Sweden Health and Disease Study (NSHDS), 
the European Investigation into Cancer and Nutrition 
(EPIC-Italy), and the Norwegian Women and Cancer 
(NOWAC) [22]. DNA methylation profiling and data pre-
processing protocols for the MCCS, NSHDS, EPIC-Italy, 
and NOWAC cohorts have been previously described 
[23]. Briefly, genome-wide methylation profiling was con-
ducted using pre-diagnostic blood specimens analyzed 
with the Illumina Infinium Human Methylation 450 K 
BeadChip array. We grouped cohorts into tobacco smok-
ing matched (MCCS-Australia and NSHDS-Sweden) and 
not matched on tobacco smoking (NOWAC-Norway and 
EPIC-Italy) sets for the analyses, as described previously 
[24]. Briefly, in the MCCS and NSHDS cohorts, each case 
was matched to one control based on sex, age, blood col-
lection date, and smoking variables. In EPIC-Italy, match-
ing was done by sex, age, study centre, and enrolment 
date. For the NOWAC cohort, controls were matched to 
cases based on year of birth and time since blood collec-
tion. The smoking matching variables assessed at blood 
draw included whether individuals quit smoking less 
than 10 years prior and whether they smoked ≥ 15 or < 15 
cigarettes per day. For all cohorts included, participants 
were cancer-free at enrolment and lung cancer cases 
were defined as all invasive cancers coded C34.0 to C34.9 
in the International Classification of Diseases for Oncol-
ogy, Third Edition. [25].

DNAm clocks and DNAm‑based smoking scores
We analyzed several classes of DNAm clocks that differ 
in their training targets and interpretation. Chronological 
age clocks (Horvath [12], Hannum [26], and Zhang [27]) 
output predicted age in years. Mitotic clocks (DNAmTL 
for telomere length [28] and epiTOC2 for cell division 
rate estimators [14]) capture cell replication dynamics. 
All-cause mortality risk clocks includes PhenoAge [29] 
(predicted age in years), DunedinPACE [30] (a measure 
of the pace of aging, scaled so that 1.0 reflects 1 year of 
biological aging per chronological year), and principal 
component-denoised version of GrimAge/PCGrimAge 
[31] (originates as a log hazard ratio of mortality risk, 
which is then linearly rescaled to resemble chronological 
age in years for intuitive interpretation). More recently, 
causality-enriched clocks [32] based on epigenome-wide 
Mendelian randomization analyses have been proposed, 
including DamAge (detrimental effects of aging in years) 
and AdaptAge (beneficial effects against aging or healthy 
aging in years). We used the PCGrimAge clock instead 
of GrimAge2 because calculating GrimAge2 requires 
uploading DNA methylation data to an external web tool 
(https://​dnama​ge.​clock​found​ation.​org), and we did not 
have authorization from the individual studies to share 

these data externally. The DNAm clocks were obtained 
using the R package methylCIPHER (v0.2.0; https://​
github.​com/​Morga​nLevi​neLab/​methy​lCIPH​ER), except 
for PCGrimAge, which was calculated using the code 
provided by the original study (https://​github.​com/​Morga​
nLevi​neLab/​PC-​Clocks) [31]. This code additionally 
provides the values of subcomponents of PCGrimAge, 
also estimated using DNA methylation data, including 
packyears and blood circulating protein levels (TIMP1: 
TIMP Metallopeptidase Inhibitor 1; GDF15: Growth 
Differentiation Factor 15; ADM: Adrenomedullin; B2M: 
Beta-2-Microglobulin; PAI1/ SERPINE1: Serpin Family E 
Member 1; Cystatin C; Leptin). A deconvolution method 
(Houseman algorithm) applied to DNAm data was used 
to infer the proportion of immune blood cells (mono-
cytes, natural killer/NK, B, CD4 and CD8 T cells) in all 
studies [22, 33]. Residuals from the regression of DNAm 
clocks on chronological age were used in the subsequent 
analyses (age-adjusted DNAm clocks).

Three DNAm-based smoking scores were calculated to 
quantify smoking exposure. The McCartney score [34] 
was computed as a weighted sum of methylation β-values 
across 233 CpG sites previously associated with cur-
rent smoking status. The Elliott score [35], representing 
cumulative smoking exposure (packyears), was derived 
using the Smoking Score (SSc) method implemented in 
the EpiSmokEr R [36] (v0.1.0) package, based on 187 CpG 
sites. The Joehanes score [10] was based on 11,267 CpG 
sites associated with current smoking status and demon-
strated a dose–response relationship with packyears.

Statistical analysis
Pearson correlation and variance explained in DNAm clocks
Pearson correlations between age-adjusted DNAm clocks 
were calculated for participants with smoking history. 
Adjusted R2, derived from linear regression models, was 
used to estimate the percentage of cumulative variance in 
the age-adjusted DNAm clocks explained by the available 
set of traits in sequential order: (1) sex (male vs. female); 
(2) smoking status (current vs. former smokers); (3) 
detailed smoking information (smoking duration, time 
of quitting smoking, and cigarettes per day) by observa-
tional studies. The analyses were conducted for controls 
and lung cancer cases separately.

Relative risk of lung cancer and DNAm clocks
To estimate odds ratios (OR) for lung cancer risks per 
1 standard deviation (s.d) increased in age-adjusted 
DNAm clocks, we fitted a series of unconditional logis-
tic regression models across the four combined cohorts 
(overall), the tobacco smoking matched (MCCS-Aus-
tralia and NSHDS-Sweden) and not matched on smoking 
(NOWAC-Norway and EPIC-Italy) sets. First, we fitted 

https://dnamage.clockfoundation.org
https://github.com/MorganLevineLab/methylCIPHER
https://github.com/MorganLevineLab/methylCIPHER
https://github.com/MorganLevineLab/PC-Clocks
https://github.com/MorganLevineLab/PC-Clocks
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a model minimally adjusted for age, sex, and cohort. 
Second, we fitted a tobacco smoking model, addition-
ally adjusted for detailed smoking information (dura-
tion of smoking, cigarettes per day, and years since quit 
smoking). Finally, we additionally adjusted for estimated 
proportion of immune cells to account for potential 
confounders (e.g. heterogeneity of blood cell types), and 
body mass index as covariates, as previously reported 
[16]. In the stratified analyses, cut-offs for tobacco smok-
ing intensity and duration, and packyears were calculated 
based on the mean values of these variables among the 
cohorts not matched on tobacco smoking.

Lung cancer discrimination analysis
We used receiver operating characteristic (ROC) curves 
to evaluate whether age-adjusted DNAm clocks and 
PLCOm2012 alone or combined improved lung cancer 
discrimination between individuals with smoking his-
tory. We fitted unconditional logistic regression models 
on the smoking matched datasets (MCCS-Australia and 
NSHDS-Sweden) and the ones not matched on smok-
ing (NOWAC-Norway and EPIC-Italy) separately. We 

calculated the area under the curve (AUC) using three 
models, adjusting for age and sex, and cohort: (a) age-
adjusted DNAm clock alone (AUC​Clock); (b) PLCOm2012 
model alone (AUC​PLCO); and (c) a combined age-adjusted 
DNAm clock and PLCOm2012 model (AUC​Combined).

All statistical analyses were conducted using R (v4.2.1). 
The ROC curves were plotted using the R package pROC 
(v1.18.5) and their statistical differences (Pdifference) were 
estimated by DeLong’s Z-test using the roc.test function 
of the same package.

Results
Baseline characteristics of studies
The characteristics of the participants included in this 
study are shown in Table  1. We included 1480 partici-
pants with a history of smoking in the tobacco smoking 
matched (514 case–control pairs from MCCS-Australia 
and NSHDS-Sweden) and not matched on smoking (275 
cases and 177 controls from EPIC-Italy and NOWAC-
Norway) sets. The cases and controls in the set not 
matched on smoking were predominantly female (64% 
and 61%, respectively, vs. 39% in both groups of the 

Table 1  Characteristics of the participants included in the studies at baseline
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smoking matched set) and had a lower mean age at base-
line (mean (SD) = 55.4 years [5.6] and 55.0 years [5.4] for 
cases and controls, respectively, compared to 57.7 years 
[7.1] and 57.6 years [7.1] in the set not matched on smok-
ing). Regarding smoking status, the set not matched on 
smoking had a higher proportion of current smokers 
among cases at baseline (66% vs. 56% in the smoking 
matched set) but a lower proportion among controls 
(44% vs. 56%). Additionally, participants in the set not 
matched on smoking reported fewer years of smoking 
(mean (SD) = 33.4 [10.2] years for cases vs. 27.6 [11.2] 
years for controls) compared to those in the smoking 
matched set (mean (SD) = 35.9 [10.3] vs. 33.6 [12.0] years, 
respectively). Daily cigarette consumption was also lower 
in the set not matched on smoking (mean (SD) = 14.6 
[7.2] vs. 11.6 [7.4] cigarettes/day for cases and controls) 
than in the smoking matched set (mean (SD) = 22.0 [13.6] 
vs. 19.4 [12.8] cigarettes/day). Among lung cancer cases, 
the smoking matched set had a longer mean pre-diag-
nosis lead time—the interval between blood draw and 
cancer diagnosis—compared to the set not matched on 
smoking (mean (SD) = 9.3 [4.9] vs. 5.7 [3.5] years). In both 

sets, most lung cancer cases were diagnosed more than 5 
years after blood collection (76% and 53%, respectively).

Overview of the DNAm clocks
Chronological age was consistently associated with 
unadjusted DNAm clocks in both controls and lung 
cancer cases (Additional file 1: Table S1). Pairwise cor-
relations between age-adjusted DNAm clocks were 
highly consistent across four cohorts, whether matched 
or unmatched for smoking. For instance, we observed 
a strong positive correlation between PCGrimAge vs. 
DunedinPACE (r = 0.67, SD = 0.06) and an inverse cor-
relation between AdaptAge vs. DamAge (r =  − 0.50, 
SD = 0.05) (Additional file 1: Fig. S1). We evaluated the 
extent to which sex and smoking behaviours explained 
variability in age-adjusted DNAm clocks in blood sam-
ples of individuals with smoking history and lung can-
cer (Fig.  1A, Additional file  1: Material S1). Sex alone 
accounted for < 1% of variance in Zhang (2019), Phe-
noAge, epiTOC2, DunedinPACE, DamAge, and Adap-
tAge, and 5–6% in PCGrimAge and DNAmTL. Adding 
smoking status (current vs. former) increased explained 

Fig. 1  Relationship between DNAm clocks, epidemiological and molecular traits among individuals with tobacco smoking history and lung 
cancer. A Multivariate logistic regression models to estimate the proportion of cumulative variance (R.2) in age-adjusted DNAm clocks explained 
by a sequential ordered trait: (1) sex (male vs. female/REF); (2) smoking status (current vs. former smokers/REF); (3) detailed smoking info (cigarettes/
day, smoke duration, and time quitting smoking). B Heatmaps representing Z-scores (beta divided by standard errors) of the associations 
between age-adjusted DNAm clocks (outcome) and above variables (predictors). Linear regression models included age, sex (whenever applicable), 
and study name as covariates. Z-score > 0 (shades of red) and Z-score < 0 (shades of blue). Associations with p < 0.05 were considered statistically 
significant and coloured while the ones with p > 0.05 were omitted (empty cells)
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variance in DunedinPACE to ~ 8% and PCGrimAge to 
26%. Incorporating duration of smoking, cigarettes per 
day, and years since quitting smoking further explained 
variance, with the largest contribution for PCGrimAge 
clock (R2 = 30%) and the lowest for Zhang (2019), Hor-
vath, and epiTOC2 (R2 =  ~ 1%).

Among individuals with incident lung cancer and smok-
ing history, males tended to have higher values for most 
age-adjusted DNAm clocks, particularly PCGrimAge 
(βmales = 0.63 ± 0.07), whereas females exhibited higher 
values of DNAmTL (βmales =  − 0.52 ± 0.07) (Fig. 1B, Addi-
tional file  1: Material S2). DunedinPACE and PCGrim-
Age increased with current smoking (DunedinPACE: 
βcurrent = 0.52 ± 0.07; PCGrimAge: βcurrent = 0.82 ± 0.06); 
smoking duration (DunedinPACE: β = 0.27 ± 0.03; 
PCGrimAge: β = 0.37 ± 0.03), and packyears (Duned-
inPACE: β = 0.13 ± 0.04; PCGrimAge: β = 0.22 ± 0.04) 
(Fig. 1B, Additional file 1: Material S2). Additional associ-
ations with smoking duration were observed for DamAge 
(β = 0.10 ± 0.01) and AdaptAge (β =  − 0.03 ± 0.01). Similar 
results were observed for blood samples of individuals 
with smoking history and without lung cancer (Additional 
file 1: Fig. S2, Material S2).

DNAm clocks and lung cancer risk
In the minimally-adjusted model (adjusted for age, sex, 
and cohort), higher age‑adjusted DNAm clocks were 
associated with increased lung cancer risk in the com-
bined four studies (Fig. S3, Table S2). The strongest asso-
ciations were observed for DunedinPACE (OR = 1.44, 
95% CI = 1.29–1.62) and PCGrimAge (OR = 1.79, 95% 
CI = 1.56–2.06), with more modest but significant asso-
ciations for PhenoAge (OR = 1.25, 95% CI = 1.12–1.40) 
and Hannum (OR = 1.13, 95% CI = 1.02–1.26) (Fig. S3, 
Table  S2). After additionally accounting for detailed 
smoking metrics (smoking adjusted model), the effect 
of DunedinPACE (OR = 1.38, 95% CI = 1.23–1.55) on 
lung cancer risk was attenuated by 12% and by 13% for 
PCGrimAge (OR = 1.66, 95% CI = 1.44–1.91) (Additional 
file 1: Fig. S3, Table S2). Further adjustment for DNAm-
inferred immune cell proportions (“fully adjusted” model) 
strengthened the PCGrimAge association (OR = 1.89, 
95% CI = 1.59–2.27) (Fig. 2, Additional file 1: Table S2).

Comparing smoking matched (MCCS + NSHDS) vs. 
unmatched (EPIC‑Italy + NOWAC) sets revealed mod-
est heterogeneity in clock-risk associations (Additional 
file 1: Table S2, Table S3), likely reflecting differences in 
the design of these cohorts by matching on smoking. In 

Fig. 2  Association between DNAm clocks and lung cancer risk. Odds ratios of lung cancer risk per 1 unit s.d increase in age-adjusted DNA clocks 
in MCCS + NSHDS (smoking-matched; dark blue dots), EPIC-Italy + NOWAC (smoking unmatched; orange dots), and overall studies (light blue 
dots) among individuals with smoking history. Clocks were originally trained on chronological age (Horvath, Hannum, and Zhang2019); cellular 
mitosis (epiTOC2 and DNAmTL); and mortality risk (PhenoAge, DunedinPACE, and PCGrimAge). Additional causality-enriched clocks were included 
(DamAge and AdaptAge). Logistic regression models included age, sex, cohort/study, smoking status, cigarettes per day, smoke duration, time 
of quitting smoking, body mass index (BMI), and proportions of immune cells inferred by DNA methylation data (monocytes, natural killers, 
CD4T, CD8T, and B cells) as covariates. Models include matched variables: age, sex, matching variables. Detailed information about estimates, 
including OR [95%CI], p-values, and AUC by cohorts and overall are in the Additional file 1: Table S2
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the minimally-adjusted models, association effects of 
clocks on lung cancer risk in the unmatched set were 
20% higher for DunedinPACE, 28% for Horvath, 31% for 
Hannum, and 40% for PCGrimAge (ORmatched = 1.65, 95% 
CI = 1.41–1.93 vs. ORunmatched = 2.31, 95% CI = 1.71–3.16; 
PHeterogeneity = 0.055) than the matched set. After account-
ing for detailed smoking metrics and DNAm-inferred 
immune cell proportions, this between set heterogeneity 
was substantially attenuated (Additional file 1: Table S3). 
Overall, the OR and AUC estimates for DNAm clocks 
were largely consistent between the minimally and fully 
adjusted models, suggesting that our results were less 
likely to be influenced by cell type heterogeneity and 
potential batch effects across plates and studies. For this 
reason, most subsequent analyses were performed using 
the minimally adjusted model.

The association effects of some DNAm clocks on lung 
cancer risk differed by age, sex, and smoking status strata 
(Additional file  1: Table  S4). Relatively higher lung can-
cer risk was observed for older individuals with Dunedin-
PACE (≥ 60 years: OR = 3.65, 95% CI = 2.07–7.12 vs. < 60 
years: OR = 1.66, 95% CI = 1.32–2.13; PHeterogeneity = 0.02) 
and DamAge (≥ 60 years: OR = 2.09, 95% CI = 1.26–3.73 
vs. < 60 years: OR = 1.01, 95% CI = 0.81–1.26; PHeterogene-

ity = 0.01), being male with PhenoAge (OR = 1.69, 95% 
CI = 1.21–2.44 vs. Female: OR = 1.10, 95% CI = 0.86–1.41; 
PHeterogeneity = 0.050), and current smoker with epiTOC2 
(OR = 1.87, 95% CI = 1.28–2.83 vs. former smoker: 
OR = 0.83, 95% CI = 0.59–1.16; PHeterogeneity = 0.002).

Discriminatory performance of lung cancer risk models
We used AUC and ROC curves to evaluate whether the 
DNAm clocks captured additional information about 
lung cancer risk beyond the PLCOm2012 model in dis-
criminating individuals with lung cancer by fitting a model 
combining DNAm clocks and PLCOm2012.The AUC for 
PLCOm2012 model was 0.66 (95% CI = 0.61–0.71) in the 
set not matched on smoking (EPIC-Italy + NOWAC) 
(Fig.  3). Among the four DNAm clocks associated with 
lung cancer risk (Hannum, PhenoAge, DunedinPACE, 
and PCGrimAge), PCGrimAge clock alone (AUC = 0.72, 
95% CI = 0.67–0.77) slightly outperformed PLCOm2012 
(AUC​Clock vs. AUC​PLCO, Pdifference = 0.03), while the other 
DNAm clocks (Hannum, PhenoAge, and DunedinPACE) 
showed similar or lower AUC values when compared 
to PLCOm2012 model (Pdifference > 0.05). Combining the 
PCGrimAge and PLCOm2012 yielded similar risk discrimi-
natory performance as the PCGrimAge alone (AUC = 0.72, 
95% CI = 0.67–0.77) (Fig. 3). Similar AUC estimates were 
noted for the PCGrimAge model alone or combined with 
PLCOm2012 models between age, sex, smoking status, 
years of blood sample collection, eligibility criteria for 
LDCT by USPSTF 2021 and PLCOm2012, and cohort strata 

(Additional file  1: Table  S5). Additionally, no association 
between pre-diagnosis lead time and PCGrimAge values 
were observed among lung cancer cases (Additional file 1: 
Fig. S4). Comparable results were observed in the smok-
ing matched set (MCCS + NSHDS), with the PCGrim-
Age providing higher discrimination than the PLCOm2012 
model (Pdifference = 0.03; Additional file 1: Fig. S5). Sensitiv-
ity analyses using the values of PCGrimAge unadjusted by 
chronological age showed identical AUCs for lung cancer 
discrimination in both smoking matched and unmatched 
sets (Additional file 1: Table S6).

Secondary analysis of PCGrimAge components
To explore which PCGrimAge components provided 
information on lung cancer risk beyond the PLCOm2012 
model to discriminate lung cancer cases, we conducted 
multivariate regression models for each DNAm-inferred 
component using the set not matched on smoking 
(Table  2). After accounting for PLCOm2012 score and 
covariates (age, sex, and cohort), several PCGrimAge 
components remained significantly associated with 
lung cancer risk, including packyears (OR = 2.53, 95% 
CI = 1.93–3.30); cystatin C (OR = 2.45, 95% CI = 1.53–
3.95); GDF15 (OR = 2.53, 95% CI = 1.59–4.03); PAI1 
(OR = 1.48, 95% CI = 1.13–1.94); and TIMP1 (OR = 2.04, 
95% CI = 1.09–3.81). In a combined model including 
all PCGrimAge components, DNAm-based packyears 
remained an independent predictor of lung cancer risk 
(ORDNAm-packyears: 2.23, 95% CI = 1.58–3.14), after adjust-
ments for self-reported packyears (Table  2). Other 
DNAm-based smoking scores—trained to predict either 
packyears or smoking status—showed comparable asso-
ciations and discriminatory performance to DNAm-
based packyears included in the PCGrimAge (Additional 
file 1: Table S7).

To evaluate the characteristics of research partici-
pants deemed at high risk based on the PCGrimAge and 
PLCOm2012 model, we identified the PCGrimAge cut-
off (72.6 years) that selected the same number of con-
trols (n = 148) as a 1% cut-off based on the PLCOm2012 
model (Table 3). Based on these cut-offs, the PLCOm2012 
model identified 210 cases in our total study sample 
and PCGrimAge identified 248 cases. We found that 
these groups of study participants were largely similar, 
but cases and controls selected based on PCGrimAge 
reported less smoking exposure than those selected based 
on the PLCOm2012 model (p-value < 0.001) (Table 3).

Discussion
In this study, we investigated the relationship between 
DNAm clocks, their components, and lung cancer risk 
among individuals with a history of tobacco smoking, 
using pre-diagnostic blood samples from four prospective 



Page 8 of 12Penha et al. BMC Medicine           (2026) 24:40 

cohorts. We assessed whether smoking behaviour influ-
enced these associations and evaluated the ability of 
DNAm clocks to improve lung cancer risk prediction 
beyond the established PLCOm2012 model. Across both 
smoking matched and unmatched sets, we found that 
DNAm clocks trained on mortality risk—particularly 
PCGrimAge—offered additional predictive value for lung 

cancer risk to that from the well-established PLCOm2012 
model.

The identification of biomarkers for early detection of 
lung cancer could assist in selecting high-risk individu-
als for lung cancer screening with LDCT [3]. Our study 
reinforces the link between lung cancer risk and age-
adjusted DNAm clocks, with PCGrimAge emerging 

Fig. 3  Risk-discriminatory performance of lung cancer models using ROC curves in the smoking unmatched set. The three models developed 
on the smoking unmatched set (NOWAC and EPIC-Italy studies) were (1) age-adjusted DNAm clock (AUC​Clock; coloured in blue); (2) PLCOm2012 
(AUC​PLCO; coloured in black), adjusting by the matching variables (age and sex) and study name; (3) a combination of age-adjusted DNAm clock 
and PLCOm2012 (AUC​Combined; orange), adjusting by the matching variables (age and sex) and study name. Hannum, PhenoAge, DunedinPACE, 
and PCGrimAge clocks were analyzed. ROC, receiver operating characteristic. X-axis represents specificity and Y-axis sensitivity
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as the most informative predictor among the analyzed 
DNAm clocks. These findings are consistent with previ-
ous studies, such as those using the MCCS cohort, which 
also reported associations between GrimAge and lung 
cancer risk [16]. Importantly, we observed no relation-
ship between PCGrimAge and pre-diagnosis lead time, 
and the strength of its association with lung cancer was 

similar among cases diagnosed within 3 years of blood 
draw and those diagnosed later. These findings sug-
gest that PCGrimAge does not accelerate as diagnosis 
approaches, reinforcing its potential as a biomarker for 
early detection of lung cancer.

The added value of PCGrimAge to the PLCOm2012 risk 
model appears to be largely driven by its smoking-related 

Table 2  Association between PCGrimAge components and PLCOm2012 score on lung cancer risk

Unconditional logistic regression models using tobacco smoking unmatched studies (NOWAC and EPIC) (275 lung cancer cases, 177 controls). Outcome: Lung Cancer. 
Minimally-adjusted model adjusted by age, sex, and cohort. PLCOm2012-adjusted model additionally adjusted by PLCOm2012 logit score. Multivariate Mutually-adjusted 
model included adjustment between variables, excluding PCGrimAge clock due to collinearity. DNAm (inferred by DNA methylation data). Epi (epidemiological 
measured data). Area under the curve derived from ROC curves for unconditional logistic regression models. Odds ratio (OR) scales as 1 unit s.d increase PCGrimAge: 
Principal component-denoised version of GrimAge by Higgins-Chen, et al. [31] 

Table 3  Characteristics of lung cancer cases and controls by PLCOm2012 and PCGrimAge eligibility screening thresholds
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components, especially DNAm-inferred packyears. 
This component remained an independent predic-
tor of lung cancer after adjustment for both PLCOm2012 
scores and self-reported packyears. We further observed 
similar associations using other independent DNAm-
based smoking scores [10, 34, 35], reinforcing the rel-
evance of DNAm marks of smoking in lung cancer risk 
stratification.

Whereas we found that the association between some 
of the DNAm clocks and lung cancer risk was only partly 
attenuated after accounting for detailed smoking infor-
mation, from an etiological perspective, we believe that 
it is unlikely that the DNAm clocks exert a causal influ-
ence on lung cancer development. Rather, these observed 
associations can likely be explained by residual confound-
ing by smoking, as well as by capturing facets of tobacco 
exposure not easily assessed through questionnaires. This 
interpretation is in line with prior Mendelian randomiza-
tion analyses that have not found evidence in support a 
causal role of DNAm clocks in lung cancer aetiology [37].

Self-reported smoking data, which is integral to 
PLCOm2012 risk model, is often subject to recall bias 
and misreporting [38]. In contrast, PCGrimAge incor-
porates molecular markers that reflect cumulative and 
biologically relevant tobacco smoke exposure, and thus 
PCGrimAge may serve as a valuable complementary tool 
for assessing lung cancer risk. Indeed, smoking explained 
30% of the variance in PCGrimAge in our study, a find-
ing consistent with a previous study among Costa Rican 
adults [20]. Interestingly, while high-risk individuals 
identified by either PCGrimAge or PLCOm2012 scores had 
similar characteristics, those classified by PCGrimAge 
included relatively fewer heavy smokers (≥ 20 packyears). 
Additionally, daily cigarette consumption was similar 
across PCGrimAge-defined groups. These findings sug-
gest that PCGrimAge may help identify lung cancer cases 
among light-to-moderate smokers (< 20 packyears) who 
might be missed by PLCOm2012 risk prediction model.

Furthermore, we also found an association between 
the mitotic clock epiTOC2 and lung cancer risk among 
current smokers, consistent with prior studies reporting 
increased tick rates of this mitotic clock in normal buc-
cal tissues of smokers [39]. This observation suggests that 
mitotic-driven epigenetic alterations may contribute to 
lung carcinogenesis in active smokers, warranting further 
investigation.

In contrast to our previous work, where we evalu-
ated a five-CpG DNA methylation-based risk score 
trained on lung cancer risk using the same dataset with 
similar endpoints [24], this current study investigated 
established DNAm clocks in the context of lung can-
cer prediction. Our previous findings showed that the 
five-CpG DNA methylation-based risk score provided 

similar discriminatory performance to PLCOm2012, with 
no improvement when combined [24]. In the current 
study, we found that PCGrimAge provided additional risk 
discrimination compared to the PLCOm2012 model. This 
suggests that comprehensive epigenetic aging markers 
trained on tobacco smoking intensity captures informa-
tion relevant to lung cancer risk assessment. Importantly, 
DNAm clocks capture more than just smoking exposure. 
Prior studies have shown that GrimAge acceleration was 
associated with lung cancer risk among individuals with-
out smoking history [40], underscoring the broader rel-
evance of this clock as biomarker for early detection of 
lung cancer, independent of smoking.

Despite these promising findings, our study has some 
limitations. The lack of racial and ethnic diversity in our 
cohorts, with most participants being of European ances-
try, limits the generalizability of our results. Previous 
studies have shown that biological aging markers, includ-
ing GrimAge clock, may vary based on socioeconomic 
status and ancestry [41, 42]. Future studies incorporat-
ing diverse populations are needed to explore whether 
the relationship between DNAm clocks and lung cancer 
risk differs across demographic groups. Additionally, the 
matching variables in our case–control study design (age 
and sex, as well as smoking history in two cohorts) influ-
enced the discrimination metrics which are not compara-
ble to previous cohort studies of lung cancer risk models. 
Future studies evaluating the importance of DNA meth-
ylation markers and lung cancer risk should be con-
ducted using a study design that is representative of the 
background study population.

Conclusions
In conclusion, our findings demonstrate that methyla-
tion-based biological clocks capture epigenetic marks 
left by exposure to tobacco smoke, and some may inform 
lung cancer risk assessment by complementing or replac-
ing traditional prediction models. These findings high-
light opportunities for the use of methylation-based 
biomarkers to identify high-risk individuals who may 
benefit from lung cancer screening with low-dose CT.
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Additional file 1: Figures S1–S5, Materials S1–S2, and Tables S1–S7. Fig. S1. 
Pairwise correlations between DNAm clocks. Pearson correlation coef-
ficients (R) between residuals of DNAm clocks adjusted by chronological 
age (adj) were represented by study (the Melbourne Collaborative Cohort 
Study/MCCS, the Northern Sweden Health and Disease Study/NSHDS, the 
European Investigation into Cancer and Nutrition/EPIC-Italy, and the Norwe-
gian Women and Cancer/NOWAC). R > 0 (shades of red) and R < 0 (shades 
of blue). Correlations with p < 0.05 were considered statistically significant 
and coloured while the ones with p > 0.05 were omitted (empty cells). Fig. 
S2. Relationship between DNAm clocks, epidemiological and molecular 
traits among individuals with tobacco smoking history and without lung 
cancer. (A) Multivariate logistic regression models to estimate the propor-
tion of cumulative variance (R2) in age-adjusted DNAm clocks explained by 
a sequential ordered trait: 1) Sex (male vs. female/REF); 2) Smoking status 
(current vs. former smokers/REF); 3) Detailed smoking info (cigarettes/day, 
smoke duration, and time quitting smoking). (B) Heatmaps representing 
Z-scores (beta divided by standard errors) of the associations between 
age-adjusted DNAm clocks (outcome) and above variables (predictors). 
Linear regression models included age, sex (whenever applicable), and 
study name as covariates. Z-score > 0 (shades of red) and Z-score < 0 (shades 
of blue). Associations with p < 0.05 were considered statistically significant 
and coloured while the ones with p > 0.05 were omitted (empty cells). Fig. 
S3. Association between DNAm clocks and lung cancer risk. Odds ratios 
of lung cancer risk per 1 unit s.d increase in age-adjusted DNA clocks in 
MCCS + NSHDS (smoking-matched; red dots), EPIC-Italy + NOWAC (smoking 
unmatched; blue dots), and Overall studies (orange dots) among individu-
als with smoking history. Clocks were originally trained on chronological 
age (Horvath, Hannum, and Zhang2019), cellular mitosis (epiTOC2 and 
DNAmTL), and mortality risk (PhenoAge, DunedinPACE, and PCGrimAge). 
Additional causality-enriched clocks were included (DamAge and Adap-
tAge). Two logistic regression models were used: (A) Minimally adjusted 
(age, sex, and cohort/study); (B) Smoking adjusted that additionally included 
(smoking status, cigarettes per day, smoke duration, and time of quitting 
smoking) as covariates. The two models included matched variables: age, 
sex, matching variables. Detailed information about estimates, including OR 
[95%CI], P-values, and AUC by cohorts and overall are in the Table S1. Fig. 
S4. Relationship between the PCGrimAge clock and time to lung cancer 
diagnosis among individuals with smoking history. Panel A shows data from 
the set not matched on smoking (EPIC and NOWAC; n = 275) and B (MCCS 
and NSHDS; n = 514) for the smoking-matched set. The y-axis represents 
age-adjusted PCGrimAge values scaled per one standard deviation increase, 
while the x-axis denotes time to lung cancer diagnosis in years (calculated 
from blood draw to diagnosis). The regression line was derived using the 
geom_smooth function in R with the loess method, modeling time to 
diagnosis as the outcome and PCGrimAge as the predictor. Annotations in 
the upper-right corner display the regression coefficients (β), standard errors 
(SE), and p-values from linear models adjusted for sex and cohort. Panel B 
presents the same analysis in smoking-matched cohorts (MCCS and NSHDS; 
n = 514). Fig. S5. Risk-discriminatory performance of lung cancer models 
using ROC curves in the smoking matched set. The three models developed 
on the smoking unmatched set (MCCS and NSHDS studies) were: 1) DNAm 
clock (AUCClock; coloured in blue); 2) PLCOm2012 (AUCPLCO; coloured in 
black); 3) a combination of DNAm clock and PLCOm2012 (AUCCombined; 
orange), adjusting by the matching variables (age, and sex) and study name. 
Hannum, PhenoAge, DunedinPACE, and PCGrimAge clocks were analyzed. 
ROC, receiver operating characteristic. X-axis represents specificity and Y-axis 
sensitivity. Material S1. Source data for Fig. 1A and figure S2A. Material S2. 
Source data for Fig. 1B and figure S2B. Table S1. Correlation between DNAm 
clocks and chronological age. Table S2. Source data of Fig. 2 and Figure S4. 
Table S3. Heterogeneity test by cohorts. Table S4. Stratified analyses of lung 
cancer risk and DNAm clocks. Table S5. Risk-discriminatory performance 
estimated using area under the curve (AUC) in the smoking unmatched 
set. Table S6. Lung cancer discrimination of unadjusted PCGrimAge and 
PLCOm2012 risk prediction models. Table S7. DNA methylation smoking 
scores and PLCOm2012 risk prediction models.
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