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Abstract

Introduction: Currently, there is no widely accepted, non-self-report measure that simultaneously 
reflects smoking behaviors and is molecularly informative of general disease processes. Recently, 
researchers developed a smoking index (SI) using nucleated blood cells and a multi-tissue DNA 
methylation–based predictor of chronological age and disease (DNA methylation age [DNAm-
age]). To better understand the utility of this novel SI in readily accessible cell types, we used buc-
cal cell DNA methylation to examine SI relationships with long-term tobacco smoking and moist 
snuff consumption.
Methods: We used a publicly available dataset composed of buccal cell DNA methylation values 
from 120 middle-aged men (40 long-term smokers, 40 moist snuff consumers, and 40 nonsmok-
ers). DNAm-age (353-CpGs) and SI (66-CpGs) were calculated using CpG sites measured using 
the Illumina HumanMethylation450 BeadChip. We estimated associations of tobacco consumption 
habits with both SI and DNAm-age using linear regression models adjusted for chronological age, 
race, and methylation technical covariates.
Results: In fully adjusted models with nonsmokers as the reference, smoking (β  =  1.08, 95% 
CI = 0.82 to 1.33, p < .0001) but not snuff consumption (β = .06, 95% CI = −0.19 to 0.32, p = .63) 
was significantly associated with SI. SI was an excellent predictor of smoking versus nonsmok-
ing (area under the curve = 0.92, 95% CI = 0.85 to 0.98). Four DNAm-age CpGs were differentially 
methylated between smokers and nonsmokers including cg14992253 [EIF3I], which has been 
previously shown to be differentially methylated with exposure to long-term fine-particle air 
pollution (PM2.5).
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Conclusions: The 66-CpG SI appears to be a useful tool for measuring smoking-specific behaviors 
in buccal cells. Still, further research is needed to broadly confirm our findings and SI relationships 
with DNAm-age.
Implications: Our findings demonstrate that this 66-CpG blood-derived SI can reflect long-term 
tobacco smoking, but not long-term snuff consumption, in buccal cells. This evidence will be useful 
as the field works to identify an accurate non-self-report smoking biomarker that can be measured 
in an easily accessible tissue. Future research efforts should focus on (1) optimizing the relation-
ship of the SI with DNAm-age so that the metric can maximize its utility as a tool for understanding 
general disease processes, and (2) determining normal values for the SI CpGs so that the measure 
is not as study sample specific.

Introduction

Exposure to cigarette smoke is a well appreciated modifiable risk 
factor for mortality and morbidity from diseases including asthma, 
chronic obstructive pulmonary disease, stroke, and lung cancer.1 
Interventions that promote smoking cessation rely on accurate 
assessments of smoking exposure. Unfortunately, most health 
care professionals rely on individual self-report to assess exposure 
to tobacco smoke. Self-report measures among smokers tend to 
underestimate and misrepresent the degree of exposure.2 Evidence 
continues to suggest that self-reports are unacceptable particularly 
when questionnaires are limited (eg, when asking a nonsmoker 
about everyday unconscious secondhand smoking exposures) and 
for certain demographics for whom smoking is socially unaccept-
able (eg, adults with young children or pregnant women).3–6 In these 
situations where vulnerable populations may be at risk, in situations 
such as organ transplantation where smoking can impact resource 
allocation and therapeutic outcomes,7 and even in less insidious situ-
ations such as individuals simply being unable to accurately recall 
their smoke exposures, a great need exists for a more objective yet 
readily accessible measure of tobacco smoke exposure.

To address this critical gap, many researchers have focused their 
efforts on identifying biomarkers of tobacco smoke exposure. One 
of the leading biomarkers, to date, is cotinine. Cotinine, one of the 
major metabolites of nicotine, can be measured in numerous body 
tissues (eg, blood, saliva, hair, and urine), and has been widely used 
to validate tobacco smoke exposure self-reports.8 Nevertheless, 
the precise tissue cotinine concentrations that serve as cutoffs for 
smoking status remain controversial. Although cotinine is a good 
biomarker of tobacco smoke exposure, it is simply a metabolite of 
nicotine and is not particularly informative for understanding the 
biology of tobacco smoke–related disease processes.5 For instance, 
cotinine has been associated with adverse health outcomes (eg, early 
abortions, atrial fibrillation, and all-cause mortality), but the under-
lying biology of these relationships remains poorly understood.6,9,10

DNA methylation, an epigenetic modification, is a promising al-
ternative to cotinine. Not only do DNA methylation levels reflect 
tobacco smoke exposure and smoking-related diseases, but exist-
ing technologies already enable researchers to explore nucleotide 
resolution changes in DNA methylation across the genome.11,12 
Ultimately, this allows for the identification of specific genes that 
are differentially methylated and specific pathways that may be 
implicated in diseases related to tobacco smoke exposure.12,13 Of the 
identified loci (CpG sites) whose methylation has been associated 
with smoking, one of the most promising (cg05575921) is located 
in the aryl hydrocarbon receptor repressor (AHRR) gene.14,15 The 
aryl hydrocarbon receptor is involved in cellular pathways such as 

cell cycle regulation and is well known for mediating the toxicity of 
environmental contaminants.16 AHRR represses signal transduction 
from aryl hydrocarbon receptor.17

In 2015, Gao et  al.13 performed a systematic review of the 
cg05575921 CpG site and other top CpGs whose methylation was 
related to tobacco smoking. The group later used blood cells to 
develop and validate a smoking index (SI) composed of smoking-
related methylation CpGs. They began with 150 CpGs that were 
related to active smoking and identified at least two times in pre-
vious smoking epigenome-wide association studies. Next, they iden-
tified CpGs that were significantly associated with DNA methylation 
age (DNAm-age), a multi-tissue predictor of chronological age asso-
ciated with all-cause mortality and many disease processes.18–20 Of 
the 150 CpGs, 66 had significant relationships with DNAm-age and 
were used to build the final validated SI. Among the 66 SI CpGs 
is the cg05575921 site as well as seven other sites in AHRR. As a 
consequence of the manner in which it was created, the 66 CpG 
SI is unique in that it should not only reflect tobacco smoke ex-
posure but also potentially have relationships with multi-tissue dis-
ease processes.

Given the need for a smoking biomarker that accurately reflects 
exposure and is informative about disease processes, we designed 
this study to better understand the utility of this novel SI. We were 
particularly interested in the performance of the SI across cell types 
that may be more readily available than blood (eg, buccal cells). 
Buccal cell retrieval does not require a trained phlebotomist and 
can be done painlessly—making it less prone to patient and/or par-
ticipant evasion. Moreover, evidence demonstrates that the quality 
of buccal genomic DNA is comparable to that of blood genomic 
DNA.21 In this study, we calculated the SI using DNA methylation 
measurements from buccal cells in a cohort of male middle-aged 
long-term smokers, moist snuff consumers, and nonsmokers. We 
then examined if either tobacco consumption habit was associated 
with SI and how well SI could differentiate smokers from nonsmok-
ers. We also investigated associations of tobacco consumption habits 
with DNAm-age.

Methods

Study Population
This study was based on a publically available Illumina 
HumanMethylation450 BeadChip dataset (Series GSE94876) 
located on the National Center for Biotechnology Information Gene 
Expression Omnibus Web site (https://www.ncbi.nlm.nih.gov/geo/). 
The dataset is composed of 120 buccal cell DNA methylation sam-
ples from 120 middle-aged men (40 long-term smokers, 40 moist 
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snuff users, and 40 nonsmokers). The study sample has been previ-
ously described. Briefly, the study is composed of generally healthy 
men aged 35–60 years who were enrolled at a single site in High 
Point, North Carolina. The study subjects were enrolled in parallel 
into one of the three aforementioned groups. Given the low rate of 
smokeless tobacco use by women in the United States, the study 
personnel did not recruit any female subjects. All informed consent, 
institutional review board approval, and ethical conduct of study 
information regarding the collection of this data can be found in the 
initial publication.22 In addition to tobacco consumption/smoking 
status, methylation values, technical DNA methylation measurement 
variables, and basic demographic characteristics were available for 
all study subjects (eg, age and race).

Smoking Status/Tobacco Consumption Habits
In this dataset, (A) smokers were defined as individuals who (1) were 
exclusive cigarette smokers of any brand at least 6-mg “tar” meas-
ured by Cambridge Filter Pad method,22 (2) reported smoking at 
least 10 cigarettes/day for at least 3 years, and (3) had an expired 
carbon monoxide of 10–100 ppm. (B) Moist snuff consumers were 
individuals who (1) exclusively used moist snuff of any brand, (2) 
reported using at least two cans of moist snuff per week for at least 
3 years, and (3) had an expired carbon monoxide of 0–5 ppm. (C) 
Nonsmokers were defined as individuals who reported abstinence 
from any nicotine-containing or tobacco products for at least 5 years 
and had an expired carbon monoxide of 0–5 ppm.22

DNA Methylation, DNAm-age, Age Acceleration, 
and SI
Study subjects fasted from food and tobacco for 2 hours and then 
rinsed their mouths with Scope mouth wash followed by a water 
rinse. Buccal cells were collected in water via vigorous swishing. 
After being centrifuged, the cell pellet was washed in phosphate 
buffered saline and DNA extraction was later performed. DNA sam-
ples were bisulfite converted before being hybridized to the Illumina 
HumanMethylation450 BeadChips as per Infinium HD Methylation 
protocol. DNA global methylation profiling was performed by 
Expression Analysis on the Illumina HumanMethylation450 
BeadChip arrays. Normalization via Illumina recommended nor-
malization procedures including background estimation using nega-
tive control probes and normalization of intensities to housekeeping 
genes was performed. The resulting normalized β values represent 
the methylation intensity at a particular CpG site. DNA methylation 
β values range from 0 (completely unmethylated) to 1 (completely 
methylated). These normalized β values were publically download-
able from National Center for Biotechnology Information Gene 
Expression Omnibus and were used in the present analyses.

DNAm-age was calculated using a publically available online 
calculator (https://dnamage.genetics.ucla.edu).23 In brief, a penalized 
regression elastic net model was used to regress a calibrated ver-
sion of chronological age on 21 369 CpG probes shared by Illumina 
HumanMethylation27 and HumanMethylation450 BeadChip 
arrays. The elastic net selected 353 CpGs that correlate with age 
(193 positively and 160 negatively). The calculator predicts the age 
of each DNA sample (DNAm-age) using regression coefficients of 
the 353 CpGs resulting from the elastic net regression model trained 
from a number of training datasets. The calculator maintains pre-
dictive accuracy (age correlation 0.97, error = 3.6 years) across body 
tissues including blood. In the initial DNAm-age publication, buccal 
cells have a reported age correlation of r  =  .67 in the test data.23 

The age acceleration (AgeAccel) variable is simply the residuals that 
result from regressing DNAm age on chronological age.20

SI was calculated using 66 CpGs and the formula described by 
Gao et al.19 Using their method, the mean β value (μc) and stand-
ard deviation (σc) across the never-smokers of the given dataset were 
first computed. We then defined the SI as where Wc is +1(−1) if the 
smoking-associated CpG, c, is hypermethylated (hypomethylated) in 
smokers and where βc is the β value of this CpG in samples s.
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SI was calculated for all the subjects in the study. Importantly, no 
CpGs are shared between DNAm-age and SI.

Statistical Analyses
Main Analyses
We used linear models to evaluate the relationships of tobacco con-
sumption habits with SI. We ran models that made comparisons 
across all three categories (smokers, moist snuff consumers, and 
nonsmokers). The same model frameworks were used to examine the 
relationship of tobacco consumption modalities with DNAm-age and 
AgeAccel. Each set of models was fully adjusted for age (years), race, 
and methylation technical covariates (ie, chip, row, and column).

Using the Cpg.assoc function and package in R,24 we investigated 
if DNA methylation values at each of the 353 DNAm-age component 
CpG sites were differentially expressed when comparing (1) smokers to 
nonsmokers; (2) snuff consumers to nonsmokers; (3) smokers to snuff 
consumers; and (4) tobacco users to nonsmokers. False discovery rate 
correction using the Benjamini–Hochberg procedure was performed to 
account for multiple hypotheses testing for all CpG methylation analy-
ses. Gene ontology analyses were performed on significant CpG results 
using the publically available Go TermFinder platform.25

We also performed logistic regression and a receiver operating 
characteristic analysis to evaluate the performance of SI in classi-
fying smokers from nonsmokers.26 Here, SI was the predictor and 
status as a smoker or nonsmoker (dichotomous) was the outcome. 
From this analysis, we were able to calculate a sensitivity and speci-
ficity for SI in buccal cells.

Sensitivity Analyses
To examine how the results from this publically available methy-
lation dataset compared to previously published methylation data 
on smoking status and DNA methylation, we identified the top five 
smoking-associated CpG sites in the existing literature. We then 
examined the association of smoking status with methylation at each 
of these sites in the present dataset. Finally, we compared the result-
ing effect sizes from these models with the effect sizes that have been 
published in the literature.

As an additional sensitivity analysis, we tested the associations 
of well-known cg05575921, annotated to the AHRR gene, with 
DNAm-age and AgeAccel using fully adjusted linear models.

We performed all statistical analyses using R Version 3.4.1 (R 
Core Team, Vienna, Austria) and considered a p value less than .05 
to be statistically significant.

Results

Baseline Characteristics and Descriptive Statistics
The demographic and biomarker descriptive statistics for the study 
participants in each of the three cohorts are presented in Table 1. All 
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participants were male. Forty participants were sampled from each 
smoking habit stratum, resulting in a total sample size of 120 people. 
Nonsmokers had an average chronological age ± SD of approxi-
mately 47.2 ± 8.28 years. Snuff consumers and smokers had average 
chronological ages ± SD of 44.7 ± 6.98 years and 46.8 ± 7.73 years, 
respectively. The majority of participants (≥ 70%) in each cohort 
were Caucasians. African Americans made up 30%, 10%, and 
23% of the nonsmoker, moist snuff user, and smoker cohorts, re-
spectively. The mean ± SD DNAm-ages for nonsmokers, moist snuff 
users, and smokers were 48.6 ± 7.17 years, 46.5 ± 6.06 years, and 
46.9  ±  7.29  years. The mean ± SD SI for the same cohorts were 
1.66e-16  ±  0.49, 0.07  ±  0.54, and 1.02  ±  0.55. Supplementary 
Figure  1 presents the Pearson correlations between DNAm-age, 
AgeAccel, chronological age, and SI. In all study subjects, DNAm-
age was highly correlated with chronological age (r =  .67). SI did 
not have any significant relationships with DNAm-age or AgeAccel. 
Supplementary Figure  2 depicts boxplots of SI by each tobacco 
consumption habit.

Long-Term Smoking and Moist Snuff Consumption 
as Predictors of SI, DNAm-age, and AgeAccel
Table 2 summarizes the results of fully adjusted linear models where 
tobacco consumption habits were modeled as predictors of SI. Using 
nonsmokers as a reference, status as a smoker was significantly asso-
ciated with having a higher SI value (β = 1.08, 95% CI = 0.82 to 
1.33, p < .0001). Status as a snuff consumer was not significantly 
associated with SI (β  =  0.06, 95% CI  =  −0.19 to 0.32, p  =  .63). 
Table 2 also summarizes the results of fully adjusted linear models 
where tobacco consumption habits were modeled as predictors of 
DNAm-age and AgeAccel. When compared to nonsmokers, status 
as a smoker (β = −1.44, 95% CI = −3.82 to 0.94, p = .23) or snuff 
consumer (β  = −1.67, 95% CI = −4.07 to 0.74, p  =  .17) was not 
significantly associated with DNAm-age. The observed relationships 
of tobacco consumption habits with AgeAccel, mirrored those of to-
bacco consumption habits with DNAm-age.

Associations Between Smoking Status and 
Methylation Values at the 353 DNAm-Age 
Component CpG Sites
We investigated if average DNA methylation values at each of the 
353 component DNAm-age CpG sites were significantly different 
when comparing (1) smokers to nonsmokers, (2) snuff consumers to 
nonsmokers, (3) smokers to snuff consumers, and (4) tobacco users 
to nonsmokers. Following false discovery rate correction, there were 
four significant differentially methylated CpGs between smokers and 

nonsmokers (Supplementary Figure 3). One of the four CpGs was 
hypermethylated in smokers compared to nonsmokers (cg10266490 
[ACOT11]). The remaining three CpGs (cg14992253 [EIF3I], 
cg08030082 [POMC], and cg15804973 [MAP3K5]) were hypo-
methylated in smokers compared to nonsmokers (Table  3). Gene 
ontology analyses of these four sites did not return any significant 
results. No significant differentially methylated CpGs were found 
in the comparisons of snuff consumers to nonsmokers, smokers to 
snuff consumers, and tobacco users to nonsmokers.

SI Performance (Receiver Operating Characteristic 
Analysis)
In our study sample of buccal cells, SI had a sensitivity (ie, the frac-
tion of smokers that SI correctly identified as smokers) of 0.90, and a 
specificity (ie, the fraction of nonsmokers that SI correctly identified 
as nonsmokers) of 0.85 (Supplementary Table 1). Figure 1 depicts 
the receiver operating characteristic curve from this analysis. The 
area under the receiver operating characteristic curve was 0.92 (95% 
CI = 0.85 to 0.98).

Sensitivity Analysis Comparing Top Smoking-Related 
CpG Methylation Values in the Study Sample to 
Published Data
Supplementary Table 2 presents the results of a sensitivity analysis 
where we first identified the top five CpGs (cg06126421 [6p21.33], 
cg05575921 [AHRR], cg23576855 [AHRR], cg03636183 [F2RL3], 
and cg09935388 (GFI1)]) consistently related to smoking in the 
literature and demonstrating the largest methylation differences 
between smokers and nonsmokers. We then evaluated the relation-
ships of smoking status in our study sample for each of these CpG 
sites. Finally, we compared our effect sizes to those published in 
the literature. Two of these top five CpGs (cg06126421 [6p21.33] 
and cg05575921 [AHRR]) are included as part of the SI. All of the 
CpG sites were hypomethylated in smokers compared to nonsmok-
ers but showed no significant relationships for snuff consumers. 
Furthermore, all CpGs had effect sizes in our study sample that were 
within ± 0.03 of the β value or range of β values reported in the 
existing literature.

Sensitivity Analysis Investigating the Association of 
cg05575921 [AHRR] with DNAm-Age and AgeAccel
In our study sample using fully adjusted liner models, methylation at 
cg05575921 [AHRR] was not significantly associated with DNAm-
age (β = 4.88, 95% CI = −1.88 to 11.6, p =  .16). Methylation at 

Table 1.  Characteristics of Study Population (N = 120)

Nonsmokers (N = 40) Moist snuff users (N = 40) Smokers (N = 40)

Demographic variables
  Chronological age (years), mean (SD) 47.2 (8.28) 44.7 (6.98) 46.8 (7.73)
Race
  African American, N (%) 12 (30) 4 (10) 9 (23)
  Caucasian, N (%) 28 (70) 35 (88) 30 (75)
  Other, N (%) 0 (0) 1 (2) 1 (2)
Main variables
  Age acceleration (residuals), mean (SD) 0.69 (5.08) 0.09 (4.05) −0.78 (5.97)
  DNA methylation age (years), mean (SD) 48.6 (7.17) 46.5 (6.06) 46.9 (7.29)
  Smoking index, mean (SD) 1.66e-16 (0.49) 0.07 (0.54) 1.02 (0.55)
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cg05575921 [AHRR] was also not significantly associated with 
AgeAccel (β = 4.31, 95% CI: −2.44 to 11.1, p = .21).

Discussion

To the best of our knowledge, this is the first successful application 
of this novel blood cell–derived 66-CpG SI in buccal cell DNA. We 
demonstrated a specific positive association between tobacco smok-
ing, but not all tobacco exposures, and SI. We are also the first to 
report that SI is an excellent predictor of smoking versus nonsmok-
ing status in buccal cell samples. SI had a sensitivity (ie, the fraction 
of smokers that SI correctly identified as smokers) of 0.90 and a 
specificity (ie, the fraction of nonsmokers that SI correctly identified 
as nonsmokers) of 0.85. Furthermore, we replicated null associa-
tions that have previously been reported of tobacco smoking with 
DNAm-age and AgeAccel. Even with the overall null association of 
smoking with DNAm-age, we found that four DNAm-age CpGs are 
differentially methylated when comparing smokers and nonsmokers.

To construct the 66-CpG SI, Gao et al.19 began with 150 CpGs 
that were associated with active smoking in blood cells. They then 
identified and validated 66 CpGs that were associated with DNAm-
age to create an SI.19 DNAm-age is a 353-CpG predictor of chrono-
logical age that has also been shown to reflect general disease risk and 
disease processes.23 To date, DNAm-age has been associated with a 
host of diseases including lung cancer, Parkinson’s disease, and HIV 
infection.18,27–29 Moreover, DNAm-age has been linked to molecular 
process involving metabolism, the immune system, cellular aging, and 
cancer.30–35 We hypothesized that this molecularly informative 66-CpG 
SI could also be applied to buccal cells. Buccal cells are of particular 
interest for tobacco smoke exposure, because they are among the few 
cell types directly exposed to tobacco smoke. Moreover, in real-world 
settings, buccal cells are easier to obtain than blood cells.36 Again, this 
is the first study to successfully apply this novel 66-CpG SI across cell 
types and demonstrate that this SI is specifically related to combus-
tion tobacco exposures. This latter point is critical because it suggests 
specific relationships between combustion-related tobacco exposures 
and methylation-related measures. This point has also been made 
regarding the relationships of smoking and smokeless tobacco with 
general DNA methylation, and should be carefully considered when 
this SI is applied in the future.37

Still, our study is not the first study comparing smoking-related 
DNA methylation relationships between blood and buccal cells. 
An earlier research group performed a smoking epigenome-wide 
association study in matched buccal and blood cell samples from 
152 women from the United Kingdom Medical Research Council 
National Survey of Health and Development birth cohort.38 This 

Table 2. Long-Term Smoking and Moist Snuff Consumption as 
Predictors of SI, DNA Methylation Age, and Age Acceleration in 
Buccal Cells (N = 120)

Predictor Difference in outcome (95% CI) p

Smoking index model
  Nonsmokers Ref Ref
  Snuff consumers 0.06 (−0.19 to 0.32) .63
  Smokers 1.08 (0.82 to 1.33) <.0001
DNA methylation age model
  Nonsmokers Ref Ref
  Snuff consumers −1.67 (−4.07 to 0.74) .17
  Smokers −1.44 (−3.82 to 0.94) .23
Age acceleration modela

  Nonsmokers Ref Ref
  Snuff consumers −1.99 (−4.42 to 0.43) .11
  Smokers −1.49 (−3.91 to 0.93) .23

All models adjusted for chronological age, race, and methylation technical 
covariates (ie, chip, row, and column).
aAge acceleration model includes all covariates except for chronological age.

Table 3. DNA methylation age Component CpG Probes Differentially Methylated between Long-term Smokers and Nonsmokers

CpG Gene Process/function
Sample size methylation β  

value mean (SD)
Difference in methylation β value  

for smokers (95% CI)
False discovery 
rate adjusted p

cg10266490 ACOT11 Lipid binding 0.15 (0.06) 0.06 (0.03 to 0.09) .01
cg14992253a EIF3I Translation initiation 0.12 (0.02) −0.02 (−0.03 to −0.01) .01
cg08030082 POMC Regulation of hormone activity 0.42 (0.06) −0.05 (−0.08 to −0.03) .03
cg15804973 MAP3K5 Protein kinase activity 0.27 (0.07) −0.05 (−0.08 to −0.02) .04

CpG associations are from a model that is fully adjusted for chronological age, race, and methylation technical covariates (ie, chip, row, and column).
aCpG associated with long-term fine-particle (PM2.5) levels in a prior publication.

AUC (95% CI) = 0.92 (0.85, 0.98)

 sensitivity = 0.90

 specificity = 0.85
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Figure  1. Receiver operating characteristic (ROC) curve of smoking index 
(SI) as a predictor of smoking versus nonsmoking in buccal cells. This figure 
depicts the ROC curve of SI as predictor of smoking versus nonsmoking 
status in buccal cell samples. SI had a sensitivity and specificity of 0.90 and 
0.85, respectively. The overall area under the ROC curve was 0.92. AUC = area 
under the curve.
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study found that the top-ranked CpGs were similarly hypomethyl-
ated across both tissue types although many more significant asso-
ciations were identified in buccal cells. Ultimately, this suggested 
that although both tissue types could be used for assessing smoking 
relationships, buccal cells may be more sensitive. Our results further 
support the assertion of buccal cell sensitivity. These same authors 
then created a 1501-CpG SI to discriminate normal tissues from 
cancer tissues.38 This 1501-CpG SI has weaker relationships with 
DNAm-age measures and thus, is less comprehensively associated 
with general disease biology than the 66-CpG SI.19

In contrast to the findings of Gao et al.,13 we observe no strong 
relationships between DNAm-age and SI even though DNAm-age 
prediction performed well in our study sample. To help understand 
why this may have occurred, we examined relationships of the top 
five smoking-related CpGs from the existing literature. These five 
sites represent the CpGs that have been identified in multiple epig-
enome-wide association studies and that have the largest reported 
differential methylation between smokers and nonsmokers.13 Two of 
these CpGs are part of the 66-CpG SI. From this analysis, we found 
that all of the CpGs were hypomethylated in our study sample, just 
as they were in the published literature, and that the effect sizes that 
we estimated were comparable to those previously reported. We next 
returned to the original DNA-age article to compare the performance 
of the DNAm-age in peripheral blood cells versus buccal cells. We 
found that DNAm-age performs slightly better in blood cells: r = .96 
versus r = .83.23 Still, we do not fully attribute the lack of a DNAm-
age and SI association to this performance difference. We also have 
a much smaller sample size than the original 66-CpG SI cohort (120 
versus 1509) and we do not use the exact same model framework 
to examine the association due to a lack of information regarding 
alcohol consumption, physical activity, and body mass index in our 
publicly available data. The lack of an observed relationship between 
DNAm-age and SI in buccal cells may also be biologically inform-
ative. The relationship with disease risk that was gained by choosing 
DNAm-age-related CpGs for the SI is one characteristic that makes 
the SI unique, particularly for potential clinical applications. An 
inability to conserve this feature across cell types may imply that even 
though the SI demonstrates multi-tissue utility for detecting tobacco 
smoke exposure, the 66 CpGs may specifically be sensitive for blood 
cell pathological processes. Ultimately, a larger cohort will be needed 
to validate the findings from our pilot study and truly determine the 
relationship of the 66-CpG SI and DNAm-age in buccal cells.

In line with the consensus established by the literature,19,23,39 we 
did not observe significant relationships of DNAm-age or AgeAccel 
with smoking status in buccal cells. We also did not observe any 
significant association of cg05575921 [AHRR] methylation with 
DNAm-age or AgeAccel. Still, we looked to see if any of the 353 
DNAm-age component CpG sites had significant associations with 
smoking status. In our comparison of smokers to nonsmokers we 
identified four CpGs related to four genes: cg10266490 [ACOT11], 
cg14992253 [EIF3I], cg08030082 [POMC], and cg15804973 
[MAP3K5]. Some of these genes have known relationships with 
smoking.40 For instance, transcription of POMC produces the pro-
tein pro-opiomelanocortin (POMC), which is eventually cleaved 
into a number of peptides including adrenocorticotropic hormone 
Nicotine is thought to decrease appetite through activation of POMC 
in neurons.41 Importantly, cg14992253 [EIF3I] was previously iden-
tified in a study examining the association of long-term fine-particle 
exposures with DNAm-age.42 The EIF3I protein is involved in the 
initiation of eukaryotic translation, and its identification in this 

study suggests that some degree of overlap exists between DNAm-
age-related biology involving air pollution and combustible tobacco 
smoke. This provides additional evidence for the characterization 
of smoking as a form of personal air pollution and the utility of 
DNAm-age-related measures in assessing such exposures.43,44

Our study presents a number of novel findings despite some limi-
tations. First, this is a relatively small cross-sectional analysis that 
was focused on determining if a novel SI could even be utilized in 
buccal cells. Our findings suggest that the SI is indeed applicable 
across buccal cells and blood. Still, a larger and more extensive 
population-based study is necessary to confirm the SI sensitivity 
and specificity we report. This will be critical for utilizing the SI in 
future settings including but not limited to scientific research. We 
also note that our findings are based on a middle-age cohort of pre-
dominantly Caucasian males who were recruited in the southeast-
ern United States. Additional studies involving other demographic 
groups and in different environments will be necessary to confirm 
our findings more broadly. Finally, we used a publicly available data-
set with limited information on lifestyle factors, other environmental 
exposures, and other important covariates. Even though we adjust 
for the important covariates that we do have (eg, chronological age, 
race, and technical covariates), we cannot rule out the possibility of 
unknown or residual confounding in our analyses.

In conclusion, our study provides novel evidence that a blood-
derived 66-CpG SI can be utilized in buccal cells to differentiate 
long-term tobacco smokers from nonsmokers. Importantly, we also 
provide evidence that the SI is not related to other tobacco practices 
such as long-term moist snuff consumption. Our findings represent 
early steps in the process of identifying an accurate, easily accessible 
biomarker that reflects tobacco smoke exposure and provides some 
insight to disease risks. Still, a number of issues must be addressed 
before the clinical utility of the SI can be actualized. Future research 
in larger cohorts will need to determine normal values for the SI 
CpGs so that the measure is not as study sample specific (ie, not 
based on nonsmokers in each respective study sample). Moreover, 
it will be interesting to assess the utility of the SI in differentiating 
long-term smokers from former smokers, individuals who recently 
began smoking, and individuals who smoke irregularly. Future 
efforts should also focus on optimizing the relationship of the SI 
with DNAm-age so that the SI metric maximizes its utility as a tool 
for understanding general disease processes.
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