
Forensic Science International: Genetics 70 (2024) 103022

Available online 28 January 2024
1872-4973/© 2024 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-
nc-nd/4.0/).

Inference of tobacco and alcohol consumption habits from DNA 
methylation analysis of blood 

A. Ambroa-Conde a, M.A. Casares de Cal b, A. Gómez-Tato b, O. Robinson c, 
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A B S T R A C T   

DNA methylation has become a biomarker of great interest in the forensic and clinical fields. In criminal in
vestigations, the study of this epigenetic marker has allowed the development of DNA intelligence tools 
providing information that can be useful for investigators, such as age prediction. Following a similar trend, 
when the origin of a sample in a criminal scenario is unknown, the inference of an individual’s lifestyle such as 
tobacco use and alcohol consumption could provide relevant information to help in the identification of DNA 
donors at the crime scene. At the same time, in the clinical domain, prediction of these trends of consumption 
could allow the identification of people at risk or better identification of the causes of different pathologies. In 
the present study, DNA methylation data from the UK AIRWAVE study was used to build two binomial logistic 
models for the inference of smoking and drinking status. A total of 348 individuals (116 non-smokers, 116 former 
smokers and 116 smokers) plus a total of 237 individuals (79 non-drinkers, 79 moderate drinkers and 79 
drinkers) were used for development of tobacco and alcohol consumption prediction models, respectively. The 
tobacco prediction model was composed of two CpGs (cg05575921 in AHRR and cg01940273) and the alcohol 
prediction model three CpGs (cg06690548 in SLC7A11, cg0886875 and cg21294714 in MIR4435–2HG), 
providing correct classifications of 86.49% and 74.26%, respectively. Validation of the models was performed 
using leave-one-out cross-validation. Additionally, two independent testing sets were also assessed for tobacco 
and alcohol consumption. Considering that the consumption of these substances could underlie accelerated 
epigenetic ageing patterns, the effect of these lifestyles on the prediction of age was evaluated. To do that, a 
quantile regression model based on previous studies was generated, and the potential effect of tobacco and 
alcohol consumption with the epigenetic age was assessed. The Wilcoxon test was used to evaluate the residuals 
generated by the model and no significant differences were observed between the categories analyzed.   

1. Introduction 

DNA methylation has become a biomarker of interest in the forensic 
field. It has been studied for individual age estimation [1,2], tissue 
determination [3] and differentiation of monozygotic twins [4]. Addi
tionally, since this marker undergoes changes caused by exogenous 
agents [5] and medical disorders [6], its use has been proposed for the 
study of environmental factors and diseases in the clinical domain [7]. 
DNA methylation has also been correlated with lifestyle factors in both 
clinical [8–10] and forensic [11,12] fields. In relation to the clinical 

context, development of indices based on epigenetic markers as risk 
indicators in health disorders related to tobacco and alcohol could be of 
great interest. In the case of tobacco, an index based on buccal cells has 
been developed allowing discrimination between normal and cancerous 
cells [13,14]. For alcohol, a correlation between methylation and con
sumption disorders has so far been demonstrated [15]. Prediction of 
these trends of consumption could allow the identification of people at 
risk or a better identification of the causes of different pathologies. In 
forensic DNA analysis, the prediction of lifestyles and environmental 
exposures would allow a better characterization of unknown 
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perpetrators from a biological trace. Therefore, the inference of tobacco 
and alcohol consumption from DNA could be used as a DNA-intelligence 
tool for police investigations helping to reduce the number of suspects 
when a DNA sample cannot be matched to any reference sample or 
profile stored in DNA databases [12]. 

In recent years, several articles have been published assessing DNA 
methylation differences between tobacco and alcohol users and non- 
users. In the case of tobacco, a tendency towards hypomethylation has 
been observed in smokers compared to non-smokers [16,17]. However, 
in the case of alcohol, although clear differences have been observed in 
the methylation patterns of drinkers and non-drinkers [15], no clear 
methylation trend has been observed. Different studies have identified 
general tendencies for drinkers to hypermethylate [18,19], and 
non-drinkers to hypomethylate [20–22] or show both [23]. It has been 
shown that these differentially methylated patterns between tobacco 
and alcohol users and non-users can be reversed at some positions [20, 
24,25]. For alcohol consumption, a partial recovery of methylation 
levels was observed after several weeks of abstinence [20]. For tobacco, 
on the other hand, a more in-depth study identified reversible and 
irreversible positions over time after cessation of smoking [25–27]. For 
some positions, the methylation values of former smokers, recovered to 
levels observed in non-smokers within 0 to 35 years [25–27]. In 
contrast, other CpG positions maintained methylation levels of smokers 
even 35 years after cessation [25]. 

As a result of the discovery articles published to date, many DNA 
methylation markers (CpG positions) correlated with the consumption 
of both substances have been identified, and prediction models of 
smoking and alcohol status built accordingly. In the case of tobacco, the 
models generated have been developed mainly with blood samples, 
using different population groups, technologies and statistical models 
[28–32]. In the model generated by Elliott et al. [28] the differences 
between two populations were directly assessed (Europe vs South Asia). 
It was observed that for some CpG positions, the methylation values 
differed greatly between the groups analyzed, but it was possible to 
generate a Random Forest model with sensitivity and specificity values 
of more than 80% for both populations for predicting current active 
smokers. Furthermore, additional logistic regression models were used 
to infer years since smoking cessation, number of cigarette per day, as 
well as years as a smoker [30,33]. Finally, using a single marker, Phi
libert et al. [31] generated prediction models for blood and saliva while 
assessing sex and age as covariables. 

For the prediction of drinking status, a smaller number of models 
have been developed to date [32,34–36], all of them blood-based and 
mainly for European populations. It is worth mentioning the model 
developed by Liu et al. composed of 144 CpGs obtained Area Under the 
Curve (AUC) values for heavy drinkers vs non-drinkers of 0.80 to 0.99 in 
four replication cohorts [34]. For this model, subsequent studies eval
uated a possible overestimation of the results by overfitting, obtaining 
AUC values between 0.50 and 0.75 [36–38]. Further evaluation of this 
model is necessary to avoid the potential overestimation observed. In 

addition, two other alcohol prediction models were developed obtaining 
AUC values of 0.73 [35] and 0.74 [32] for the classification of light to 
moderate vs heavy drinker, and non-drinker vs heavy drinker, 
respectively. 

The study of such lifestyle factors in the forensic field is of interest 
not only for the inference of consumption by itself, but also to evaluate 
their effect on the individual age prediction models developed so far. It 
has been shown that the consumption of alcohol and tobacco may be 
correlated with age acceleration, as they are contributing factors in age- 
related diseases [39]. Age acceleration caused by these lifestyle factors 
was initially assessed and some correlation was observed, but further 
research is needed [39–41]. 

In the present study, DNA methylation data from the UK AIRWAVE 
study [42] were used to generate binomial logistic regression models for 
the classification of smoking and drinking alcohol status. The database 
used was generated from the Airwave Health Monitoring Study [43], 
that has been recruiting participants among UK police officers since 
2004. These models were generated using 348 individuals and 237 in
dividuals for tobacco and alcohol consumption, respectively. In the case 
of tobacco, a final model comprising 2-CpGs was selected that addressed 
non-smokers + former smokers vs active smokers. For alcohol, however, 
non-drinker and moderate drinker were grouped together to be 
compared with heavy drinkers, selecting a final model comprising 
3-CpGs. Finally, age prediction models were assessed showing they were 
not affected by an individual’s smoking or drinking status. 

2. Material and methods 

2.1. DNA methylation data and sample classification 

DNA methylation data was accessed from the UK AIRWAVE study 
[42]. A total of 1115 blood samples (452 females and 663 males) were 
evaluated, which had been analyzed with the Infinium MethylationEPIC 
BeadChip array, composed of 853,307 CpGs. The age range of the 
samples analyzed was 19 to 65 years old (standard deviation: ± 13.52 
years). For these samples, data related to their lifestyle were available in 
the form of a questionnaire. Questions relating to tobacco and alcohol 
consumption were used to classify the samples into different categories. 

For smoking status classification, the questions evaluated were: 
whether or not the volunteer is a smoker, and if currently they do not 
smoke but have smoked five or more cigarettes a day in the past. Taking 
into account the first question, individuals who answered “NO” were 
classified as non-smokers and those who answered “YES” were classified 
as smokers. The individuals that had answered “YES” to the second 
question were classified as former smokers. After performing this clas
sification, the individuals were grouped as following: 116 smokers, 728 
non-smokers and 271 former smokers (detailed information can be 
found in Table 1). For model building, the number of individuals in each 
group was matched, taking as reference the category with the lowest 
number of classified individuals (116 smokers). 

Table 1 
Summary of the tobacco and alcohol group classification for the 1115 blood samples.  

Lifestyle Group Sample size Gender Age (years old) 

Tobacco Non-smoker  728 281 women 
447 men 

19-65  

Smoker  116 45 women 
71 men 

20-65  

Former smoker  271 126 women 
145 men 

22-64 

Alcohol Non-drinker  79 44 women 
35 men 

21-65  

Moderate drinker  956 364 women 
592 men 

19-65  

Heavy drinker  79 44 women 
35 men 

20-64  
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For alcohol classification, five questions referring to the consumption 
of different alcoholic beverages for one week were considered. For this 
purpose, the total amount of alcoholic units consumed by each partici
pant was assessed, classifying them into three groups based on this 
value. For a correct classification, the gender of the participants was 
considered. Therefore, the classification was performed according to the 
following conditions: values equal to 0 as non-drinker; values > 0 and ≤
14 units per week for women as moderate drinkers; values > 0 and ≤ 21 
units for men as moderate drinkers; values > 14 units for women as 
heavy drinkers; and values > 21 units for men as heavy drinkers. From 
this classification, the individuals were grouped as following: 79 non- 
drinkers, 956 moderate drinkers and 80 heavy drinkers (detailed in
formation is shown in Table 1). For model building, the number of in
dividuals of the groups was matched, with reference to the category with 
the lowest number of classified individuals (79 non-drinkers and heavy 
drinkers). 

2.2. Statistical analysis 

The selection of candidate CpG sites to infer the studied lifestyles was 
based on the AUC (Area under the ROC Curve), and on the percentage of 
correct classifications (%CC), both obtained from binomial logistic 
regression analysis. Firstly, AUC was calculated for all the 853,307 CpGs 
included in the Infinium MethylationEPIC BeadChip array using the 
pROC R package [44], and those presenting values equal or higher to 0.7 
were retained. For these retained CpGs and taking into account the 
maximum number of CpGs recommended to be included in logistic 
regression models without overfitting – p + 1 ≤ min (n0, n1, n2)/10 
parameters [45] – %CC was calculated and those markers depicting 
values equal or higher to 70% were selected. Statistical significance was 
set at p-value ≤ 0.05 (E-2). 

For the lifestyle prediction models two different statistical ap
proaches were used, binomial and multinomial logistic models, devel
oped using the nnet package [46] for multinomial regression. The 
corresponding predictive accuracy for the logistic regression models was 
measured with the following performance metrics: sensitivity, speci
ficity, AUC and percentage of correct classifications (%CC). For the 
evaluation of these parameters in binomial logistic models, it should be 
considered that smoker and heavy drinker groups were set as class 1, so a 
better prediction of belonging to this group produces a higher sensi
tivity. For the other group assessed in each model, class 0, the specificity 
will be the parameter related to its classification. Principal Component 
Analysis (PCA) was carried out using the factoextra R package [47]. 
Cross-validation of the developed logistic regression models was per
formed with a leave-one-out cross validation using the pROC R package. 

An age prediction model based on multivariate quantile regression 
was built using the quantreg R package [48] taking as reference a pre
vious model [49]. Cross-validation of the age prediction model was 
performed with a k-fold cross-validation (k = 10) using cvTools R 
package [50]. For the age prediction model, the median absolute error 
(MAE) was used to measure the predictive accuracy. Representations of 
the DNA methylation values, as well as the predicted vs chronological 
age were made using the ggplot2 R package [51]. Correlations between 
DNA methylation levels and chronological age were evaluated using the 
Spearman correlation test (rs), and the inter-group variability was 
analyzed using the standard deviation (SD). All statistical analyses were 
carried out using R software v.4.1.1 [52] with scripts developed 
in-house. 

3. Results 

3.1. Selection of candidate CpGs 

For the selection of the markers correlated with tobacco and alcohol, 
matched samples for age and sex for a total of 116 non-smokers (age 
range: 19–62, mean: 40.56 years; female/male ratio: 0.55) vs 116 

smokers (age range: 20–65, mean: 41.73 years; female/male ratio: 
0.63), plus 79 non-drinkers (age range: 21–65, mean: 42.13 years; fe
male/male ratio: 1.26) vs 79 drinkers (age range: 20–64, mean: 42.65 
years; female/male ratio: 1.19) were assessed. A total of 853,307 
binomial logistic regression models were generated (one per CpG 
included in the Infinium MethylationEPIC BeadChip array). Of all the 
evaluated models, those with an AUC value below 0.7 were discarded, 
keeping a total of 67 tobacco-correlated CpGs and 30 alcohol-correlated 
CpGs, that were selected for further evaluation. 

In order to reduce the number of markers analyzed, the formula p +
1 ≤ min (n0, n1, n2)/10 parameters [53] was used in order to define the 
maximum number of CpGs recommended to be included in logistic 
regression models without overfitting. Thus, the number of events per 
variable was evaluated based on the number of individuals, taking into 
account that a minimum of 10 events per parameter is advisable to avoid 
overfitting [45,53]. The number of markers that could be used depends 
on the number of parameters in the model, with binomial models 
(dichotomous variables) allowing a larger number of markers than 
multinomial models (polytomous variables). Therefore, with the eval
uated groups defined as n0, n1 and n2 using the previous formula [45], 
for tobacco, with a maximum of 116 individuals in one of the evaluated 
groups (smokers), the generated models should not contain more than 4 
and 10 CpGs for multinomial and binomial logistic models, respectively. 
For alcohol, both non-drinker and heavy drinker groups contained an 
equal number of 79 individuals, reducing the number of recommended 
markers to 3 and 6 for multinomial and binomial models, respectively. 
Since many CpGs presented very similar AUC values and considering 
that a forward approach was used according to the CpGs sorted first by 
AUC and then by %CC, it was decided to select as many markers as 
allowed in the binomial models for each lifestyle. For this final selection, 
following the order of markers defined by the AUC, percentage of correct 
classifications was calculated and only those CpGs, up to the maximum 
CpG number, as defined above, with a value equal to or higher than 70% 
of correct classifications were selected. 

Based on these criteria and avoiding those CpGs that had more than 
50 ‘not analyzed’ (NA), a total of 10 tobacco-correlated and 5 alcohol- 
correlated CpGs were selected. Figs. 1 and 2 show the corresponding 
boxplots for the DNA methylation values per group for tobacco and 
alcohol, respectively. Although selection of candidate CpGs was per
formed using the extreme groups for both cases, boxplots have been 
arranged to show the DNA methylation levels for the three groups per 
lifestyle. Table 2 shows the selected markers for both lifestyles ordered 
by the criteria defined above. As it can be observed, all the selected 
markers (10 and 5 CpGs for tobacco and alcohol, respectively) were 
statistically significant (p-values range between E-15 to E-5), although 
showing the tobacco-correlated CpGs higher correlation values than the 
corresponding CpGs for alcohol (mean: E-12 versus E-6, respectively). 

Potential correlation with age for the 15 selected CpG sites was 
evaluated for each category inside each lifestyle, with all markers 
showing rs values below or close to |0.50| (Supplementary Table S1). 
When assessing the correlation with age, generally higher rs values were 
observed for the smoker group (mean: |0.27|) compared to non-smokers 
(mean: |0.12|) and former smokers (mean: |0.14|). In the case of 
alcohol, the moderate and heavy drinker groups showed similar mean rs 
values (mean of |0.26| and |0.29|, respectively), with non-drinkers 
giving lower values for the majority of markers (mean: |0.08|). It is 
noteworthy that differences were observed in some specific markers, e. 
g., SLC7A11 and MIR4435–2HG, with mainly one category standing out 
from the rest (− 0.46 for heavy drinkers and − 0.34 for moderate 
drinkers, respectively). In addition, evaluation of the dispersion of DNA 
methylation values of the groups, indicated similar trends observed 
between the groups of the studied lifestyles (tobacco presenting mean 
values for non-smokers of 0.04, former smokers: 0.05 and smokers: 0.06; 
alcohol presenting for all groups a mean value of 0.04). 
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3.2. Development of a prediction model for tobacco consumption 

A multinomial logistic regression model was explored to differentiate 
three categories for smoking status (N = 116 smokers, N = 116 former 
smokers and N = 116 non-smokers). For this evaluation, several com
binations of the selected CpG sites were tested. Considering the 
maximum number of markers recommended for the tobacco multino
mial models (4 CpGs), four combinations of markers were evaluated 
following a forward approach, i.e. the addition of one marker per sub
sequent model. The addition of CpG sites stopped when no additional 
improvement was discernible from the model. The corresponding per
centage of correct classifications is shown in Table 3. Following the 
order established for the selected CpGs (Table 2), models were generated 
including one by one, the CpGs presenting the highest AUC values in 
descending order. As shown in Table 3, a slight increase in the global 
correct classification rate was observed, as the number of markers in the 
models increased (from 58.91% to 66.09%, for the 1-CpG through to the 
4-CpGs model, respectively). In detailed assessments of the specific 
categories, we observed that the extreme groups gave higher classifi
cation rates (mean: 73.28% and 70.48% for non-smokers and smokers, 
respectively) compared with former smokers (mean: 46.55%). 

Considering the results achieved, a multinomial logistic model does 
not readily provide correctly classified consumption habits for the three 
groups under study. Therefore, binomial logistic regression was subse
quently explored. To perform these analyses while keeping all the samples 

from the three categories represented, it was decided to group two cate
gories into one. For this purpose, the classification table (Table 3) of the 
most accurate multinomial model (4-CpGs) was used to assess the clas
sification trend of the intermediate group (former smokers). In the 
multinomial model, 52.59% of former smokers were correctly classified, 
with most of the remaining individuals (36.21%) being classified as non- 
smokers. Consequently, between these two groups, 88.80% of the former 
smokers were present, with a greater tendency to be classified as non- 
smokers than smokers (36.21% and 11.21%, respectively). Therefore, 
for the creation of the binomial logistic models, it was decided to combine 
non-smoker and former smoker as a single category. Additionally, in 
order to avoid losing informativeness, all the samples from both groups 
were retained. Therefore, binomial logistic models were generated by 
comparing the non-smokers + former smokers group of 232 individuals 
with 116 smokers. Following the same approach as the one used for 
multinomial models, up to three models were assessed for this analysis. 
The corresponding performance metrics are shown in Table 4. In this case, 
since no improvement in the classifications was achieved by the third CpG 
included in the model, the models tested stopped at three CpG sites, and a 
2-CpG model of AHRR (cg05575921) and cg01940273 was selected 
(Fig. 3A), providing 86.49% of correct classifications. The additional 
performance metrics included an AUC level of 0.87, while specificity 
(0.90) was higher than sensitivity (0.79), indicating a better classification 
of the non-smokers + former smokers group vs smokers (%CC: 90.09% vs 
79.31%, respectively). 

Fig. 1. Boxplots representing the DNA methylation values for the 10 CpGs correlated with tobacco consumption presenting an AUC and %CC higher than 0.7 and 
70%, respectively, for N = 116 non-smoker, N = 116 former smoker and N = 116 smoker individuals. Markers are sorted in descending order by AUC and %CC. 
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Considering the reduced number of samples, a leave-one-out cross- 
validation was performed to validate the selected model. The cross- 
validation showed the same values for sensitivity, specificity and %CC 
as the model (0.79, 0.90 and 86.49%, respectively), with only a slight 
difference in the AUC value obtained (0.86). 

As no further data for smokers was available, the discarded in
dividuals from the non-smokers and former smokers group were used as 
a testing set to assess the accuracy of the model for this category. Thus, 
tobacco consumption status was predicted for a total of 606 non- 
smokers and 151 former smokers, obtaining a 93.39% of correctly 
classified non-smokers and former smokers vs only 6.61% classified as 
smokers. 

3.3. Development of a prediction model for alcohol consumption 

To explore multinomial logistic regression for alcohol consumption, 
a similar strategy was used to that outlined above for tobacco. DNA 
methylation values available for 79 non-drinkers, 79 moderate drinkers 
and 79 heavy drinkers were used to generate a drinking status model. 
Models were generated following a forward approach, adding in 
descending order the CpGs listed in Table 2. The maximum number of 
variables (3 CpGs) considering that groups had 79 individuals was taken 
into account and subsequently, a maximum of three models were tested. 
The corresponding performance metrics are detailed in Table 3. The 
multinomial models generated for the prediction of drinking status 

Fig. 2. Boxplots representing the DNA methylation values for the 5 CpGs correlated with alcohol consumption presenting an AUC and %CC higher than 0.7 and 70%, 
respectively, for N = 79 non-drinker, N = 79 moderate drinker and N = 79 drinker individuals. Markers are sorted in descending order by AUC and %CC. 

Table 2 
Preliminary selection of 10 smoking and 5 drinking related CpGs showing a value higher than 0.7 for AUC, percentage of correct classifications (%CC) and statistical 
significance (p-value), based on DNA methylation data from the DPUK platform.  

Lifestyle Gene CpG_ID GRCh38 chromosome position AUC %CC P-value 

Tobacco AHRR cg05575921 chr5:373263 0.90 88.79% 1.77E-11 
none cg01940273 chr2:232420224 0.89 86.21% 3.73E-15 
none cg21566642 chr2:232419951 0.89 83.19% 9.57E-15 

F2RL3 cg03636183 chr19:16889774 0.86 81.47% 1.71E-12 
AHRR cg26703534 chr5:377243 0.82 76.29% 1.27E-12 
AHRR cg21161138 chr5:399245 0.81 77.59% 3.99E-12 
PPCDC cg18110140 chr15:75058039 0.81 73.71% 1.30E-11 
RARA cg17739917 chr17:40321320 0.80 76.72% 3.12E-12 
none cg06644428 chr2:232419402 0.80 72.84% 1.92E-11 
AHRR cg25648203 chr5:395329 0.79 73.28% 5.67E-11 

Alcohol SLC7A11 cg06690548 chr4:138241654 0.82 77.85% 3.44E-7 
none cg00886875 chr3:106635478 0.76 70.89% 4.84E-7 

MIR4435-2HG cg21294714 chr2:111429551 0.74 72.15% 4.63E-6 
GAS5 cg06644515 chr1:173865693 0.73 70.89% 5.64E-6 
none cg14689167 chr10:4267023 0.71 71.52% 1.92E-5  
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showed low percentages of correct classifications (mean: 50.49%). The 
highest %CC was obtained for the 3-CpGs model (52.74%), with a large 
proportion of the misclassified individuals been related to the moderate 
drinker category (> 70%). 

The results obtained for multinomial logistic regression do not allow 
an adequate classification of the three categories under study. Therefore, 
binomial logistic regression was then evaluated. As in the case of to
bacco, it was decided to combine two of the categories, while retaining 
all the samples from the three groups represented. When evaluating the 
classification table of the most accurate multinomial model (3-CpGs), 
the classification trend of the intermediate group was used (moderate 
drinkers). It was observed that 49.37% of the moderate drinkers were 
classified as non-drinkers, with the combination of these categories ac
counting for the majority of the observed moderate drinkers (77.22%). 
Therefore, it was decided, considering the trend of the intermediate 
group, to combine non-drinkers and moderate drinkers into a single 
category. Additionally, to avoid exclusion of individuals used in marker 
selection, we grouped non-drinkers and moderate drinkers adding all 
individuals of each group. Thus, binomial logistic regression models 
were built for 158 individuals of the non-drinkers + moderate drinkers 
group against 79 heavy drinkers. The forward approach was used for 
model building and the corresponding performance metrics evaluated 
(Table 4). In this case, a 3-CpG model composed of SLC7A11 
(cg06690548), cg0886875 and MIR4435–2HG (cg21294714) was 
selected (Fig. 3B), providing 74.26% correct classifications. Additional 
performance metrics comprised an AUC level of 0.80 and sensitivity 
(0.81) was higher than specificity (0.71), reflecting a better 

classification of the heavy drinker group vs non-drinkers + moderate 
drinkers (%CC: 81.01% vs 70.89%, respectively). 

To evaluate the accuracy of the selected model, a leave-one-out 
cross-validation was carried out showing similar values to those ob
tained in the selected model (AUC: 0.79, sensitivity: 0.80, specificity: 
0.70 and %CC: 72.57%). 

In the case of alcohol, the remaining individuals in the available 
dataset were moderate drinkers (N = 858), with any non-drinkers and/ 
or heavy drinkers available for testing. It was decided to use these in
dividuals as a testing set to assess the accuracy of the model for such a 
heterogeneous group as moderate drinkers. Of the 858 individuals 
available, 852 (99.30%) were correctly classified as non-drinkers 
+ moderate drinkers, and only 6 individuals (0.7%) were classified as 
heavy drinkers. 

3.4. Tobacco and alcohol effects on age prediction 

To evaluate the effects of the lifestyle factors assessed in this study on 
the prediction of epigenetic age, a quantile regression model was 
developed. This model was performed using the DNA methylation data 
from the same sample set used for building the tobacco and alcohol 
prediction models, except for three samples which presented missing 
data for the CpGs under study in this section (N = 1112, 19 to 65 years 
old, analyzed with Infinium MethylationEPIC BeadChip array). Based on 
the markers employed in a previous publication [49], five out of the 
seven reported CpGs were used for this analysis: ELOVL2 (cg21572722), 
ASPA (cg02228185), FHL2 (cg06639320), CCDC102B (cg19283806) 

Table 3 
Summary of the accuracy of the evaluated multinomial logistic regression models for tobacco (N = 116 non-smoker, N = 116 former smoker and N = 116 smoker), 
and alcohol status prediction (N = 79 non-drinker, N = 79 moderate drinker and N = 79 heavy drinker).   

Model CpGs Correct 
Classifications 

Classification Table 

Tobacco 1-CpG 
model 

AHRR (cg05575921) 58.91% Predicted\Real Non- 
smoker 

Former smoker Smoker 

Non-smoker 74.14% 52.59% 12.93% 
Former smoker 25.00% 32.76% 17.24% 

Smoker 0.86% 14.66% 69.83% 
2-CpGs 
model 

AHRR (cg05575921), cg01940273 64.37% Predicted\Real Non- 
smoker 

Former smoker Smoker 

Non-smoker 72.41% 37.07% 11.21% 
Former smoker 25.86% 50.86% 18.97% 

Smoker 17.24% 12.07% 69.83% 
3-CpGs 
model 

AHRR (cg05575921), cg01940273, cg21566642 64.37% Predicted\Real Non- 
smoker 

Former smoker Smoker 

Non-smoker 73.28% 37.07% 11.21% 
Former smoker 25.86% 50.00% 18.97% 

Smoker 0.86% 12.93% 69.83% 
4-CpGs 
model 

AHRR (cg05575921), cg01940273, 
cg21566642, F2RL3 

66.09% Predicted\Real Non- 
smoker 

Former smoker Smoker 

Non-smoker 73.28% 36.21% 10.34% 
Former smoker 25.86% 52.59% 17.24% 

Smoker 0.86% 11.21% 72.41% 
Alcohol 1-CpG 

model 
SLC7A11 48.52% Predicted\Real Non- 

drinker 
Moderate 
drinker 

Heavy 
drinker 

Non-drinker 70.89% 56.96% 21.52% 
Moderate 
drinker 

21.52% 20.25% 24.05% 

Heavy drinker 7.59% 22.78% 54.43% 
2-CpGs 
model 

SLC7A11, cg00886875 50.21% Predicted\Real Non- 
drinker 

Moderate 
drinker 

Heavy 
drinker 

Non-drinker 65.82% 43.04% 17.73% 
Moderate 
drinker 

22.78% 26.58% 24.05% 

Heavy drinker 11.39% 30.38% 58.23% 
3-CpGs 
model 

SLC7A11, cg00886875, MIR4435-2HG 52.74% Predicted\Real Non- 
drinker 

Moderate 
drinker 

Heavy 
drinker 

Non-drinker 63.29% 49.37% 12.66% 
Moderate 
drinker 

25.32% 27.85% 21.52% 

Heavy drinker 11.39% 22.78% 65.82%  
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and cg07082267. The scatter plots of the corresponding age-correlated 
CpGs representing the DNA methylation values against the chronolog
ical age are shown in Supplementary Fig. S1. Quantile regression was 
performed using the five selected CpGs in order to generate the age 
prediction model, giving a median absolute error (MAE) of ± 2.8 years. 
To evaluate the accuracy of the model, a k-fold cross-validation was 
carried out, providing a MAE of ± 2.79 years. 

In order to check if the studied lifestyles could have an influence on 
age prediction, the samples used for building the age prediction model 
were grouped by categories in the same way as in the final logistic 
regression models, and errors per cluster were calculated. For the sam
ples categorized by tobacco intake, the predicted errors obtained for the 
two groups of interest were evaluated, resulting in a MAE of ± 2.78 
years for the non-smokers + former smokers category and a MAE of 
± 3.12 years for the smokers category (Fig. 4A). To assess whether there 
were significant differences between the residuals of the evaluated 
groups (Fig. 4B), a Wilcoxon test was applied and a p-value of 0.78 
obtained. Hence, no significant differences in age predictions were 
observed for non-smokers or former smokers and smokers. 

Regarding the alcohol intake, the predicted errors obtained for the 
groups of interest were also evaluated, yielding a MAE of ± 2.82 years 
for the non-drinker + moderate drinker category and a MAE of ± 2.59 
years for the heavy drinker group (Fig. 4C). To determine if there were 

significant differences between the residuals of the groups studied 
(Fig. 4D), a Wilcoxon test was carried out and a p-value of 0.10 obtained. 
Therefore, no significant differences were observed between the pre
dicted ages of non-drinkers or moderate drinkers and heavy drinkers. 

4. Discussion 

DNA methylation has become an increasingly studied biomarker of 
interest in forensic genetics. In recent years, the different applications of 
this epigenetic marker have been evaluated, highlighting the prediction 
of age [1,2], tissue identification [3], and the study of lifestyles [11,12]. 
Tobacco and alcohol consumption have created the most interest, and 
several discovery articles have been published identifying markers that 
show differences between consumers and non-consumers [21,22,26,27]. 
As these behaviors are related to disease risk/status, the methylation 
levels in certain genes correlated with medical conditions such as cancer 
have been evaluated, and many show differences between smokers or 
drinkers, and non-consumers [8,9]. At the same time, associations have 
been observed between dependency and DNA methylation, therefore, 
the generation of predisposition indices could be useful for preventative 
diagnostics [13,14]. From these studies, tools of forensic interest have 
been generated to identify whether a person is a smoker or non-smoker 
and a drinker or non-drinker [31,32,36] - information that could be 

Table 4 
Summary of the accuracy of the evaluated binomial logistic regression models for tobacco (N = 232 non-smoker + former smoker vs N = 116 smoker), and alcohol 
status prediction (N = 158 non-drinker + moderate drinker vs N = 79 heavy drinker). The selected final models are highlighted in bold.   

Model CpGs AUC Sensitivity Specificity Correct 
Classifications 

Classification Table 

Tobacco 1-CpG 
model 

AHRR (cg05575921) 0.87 0.81 0.87 85.06% Predicted\Real Non-smoker 
þ Former smoker 

Smoker 

Non-smoker 
þ Former smoker 

87.07% 18.97% 

Smoker 12.93% 81.03% 
2-CpGs 
model 

AHRR (cg05575921), 
cg01940273 

0.87 0.79 0.90 86.49% Predicted\Real Non-smoker 
þ Former smoker 

Smoker 

Non-smoker 
þ Former smoker 

90.09% 20.69% 

Smoker 9.91% 79.31% 
3-CpGs 
model 

AHRR (cg05575921), 
cg01940273, cg21566642 

0.87 0.79 0.90 86.21% Predicted\Real Non-smoker 
þ Former smoker 

Smoker 

Non-smoker 
þ Former smoker 

89.66% 20.69% 

Smoker 10.34% 79.31% 
Alcohol 1-CpG 

model 
SLC7A11 0.77 0.70 0.77 74.26% Predicted\Real Non-drinker 

þ Moderate 
drinker 

Heavy 
drinker 

Non-drinker 
þ Moderate 

drinker 

76.58% 30.38% 

Heavy drinker 23.42% 69.62% 
2-CpGs 
model 

SLC7A11, cg00886875 0.78 0.75 0.70 71.31% Predicted\Real Non-drinker 
þ Moderate 

drinker 

Heavy 
drinker 

Non-drinker 
þ Moderate 

drinker 

69.62% 25.32% 

Heavy drinker 30.38% 74.68% 
3-CpGs 
model 

SLC7A11, cg00886875, 
MIR4435-2HG 

0.80 0.81 0.71 74.26% Predicted\Real Non-drinker 
þ Moderate 

drinker 

Heavy 
drinker 

Non-drinker 
þ Moderate 

drinker 

70.89% 18.99% 

Heavy drinker 29.11% 81.01% 
4-CpGs 
model 

SLC7A11, cg00886875, 
MIR4435-2HG, GAS5 

0.80 0.81 0.70 73.84% Predicted\Real Non-drinker 
þ Moderate 

drinker 

Heavy 
drinker 

Non-drinker 
þ Moderate 

drinker 

70.25% 18.99% 

Heavy drinker 29.75% 81.01%  
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relevant in criminal investigations. Finally, the relationship between 
these lifestyle habits and age acceleration has been evaluated, causing 
epigenetic modifications of biological age to differ more from the 
chronological age than under normal conditions [39–41]. Considering 
both clinical and forensic applications, markers correlated with smoking 
and drinking status were selected to develop predictive models for these 
lifestyles. 

In the present study, a total of 15 markers were selected, 10 CpGs for 
smoking and 5 CpGs for alcohol consumption. Regarding the underlying 
DNA methylation data, it is important to mention that inter-individual 
variation within each smoking or alcohol category was observed, with 
the most marked variation found in consumers, i.e. former and current 
smokers, as well as moderate and heavy drinkers. Similar findings have 
been previously reported by Vidaki et al. [54], suggesting a potential 
consumer-behaviour effect in terms of intensity and duration. 

To identify the most accurate consumption status prediction models 
among the 10 tobacco-related CpGs and the 5 alcohol-related CpGs 
selected in our study, a forward approach was explored using logistic 
regression. Considering the three categories defined for each lifestyle 
(non-consumer, intermediate consumer, consumer), multinomial and 
binomial models were evaluated to represent the different consumption 
states analyzed. As Maas et al. [36] mentioned in reference to over
fitting, for all the models generated in our study, the recommendations 
for the amount of predictors per number of participants were taken into 
account. To avoid overfitting, the generation of the models was limited 
to a maximum number of CpGs depending on whether the analysis was 
multinomial or binomial [45,53]. Firstly, the multinomial logistic 
regression models were evaluated, presenting percentages of correct 
classifications of 66.09% for the 4-CpG tobacco model and 52.74% for 
the 3-CpG alcohol model. As observed in other published models, the 
intermediate groups show lower accuracies than the extreme ones. In 
the case of tobacco consumption, Alghanim et al. [29] developed a 
4-CpG multinomial logistic regression model that gave high percentages 
of correct classifications for non-smokers (84.9%) and smokers (90%), 
although these percentages were reduced to 66.7% for former smokers. 
At the same time, the model of 13-CpGs published by Maas et al. [30] 
shows sensitivity and specificity values (sensitivity: 0.78 for 
non-smokers, 0.65 for former smokers and 0.67 for smokers; specificity: 
0.75 for non-smokers, 0.77 for former smokers and 0.99 for smokers) 

similar to the 4-CpG multinomial model of our study (sensitivity: 0.73 
for non-smokers, 0.53 for former smokers and 0.72 for smokers; speci
ficity: 0.77 for non-smokers, 0.78 for former smokers and 0.94 for 
smokers). The sensitivity for former smokers, which evaluates the de
gree of correct prediction of this category, presents values lower than 0.7 
in both the Maas et al. model (0.65) and from our study (0.53). For the 
alcohol model developed at the present study, the percentages of correct 
classifications were lower (63.29% for non-drinkers, 27.85% for mod
erate drinkers and 65.82% for heavy drinkers), with the intermediate 
group being the most challenging to be classified (0.28 sensitivity). 

Considering the difficulty observed in predicting the three groups 
separately, grouping of the intermediate category with one of the 
extreme groups was evaluated. For tobacco, grouping of non-smokers 
and former smokers was previously considered by the models of 
Elliott et al. [28] and Maas et al. [30], obtaining high values for the 
statistical parameters evaluated in those models. Moreover, in the 1-CpG 
binomial logistic regression models developed by Alghanim et al. [29], a 
reduction in AUC was observed for non-smokers vs former smokers 
compared to smokers vs former smokers in blood (mean AUC 0.73 and 
0.91, respectively) and in saliva (mean AUC 0.69 and 0.81, respec
tively). Thus, former smokers were differentiated better from smokers 
than from non-smokers. In the case of drinking status, Maas et al. [36] 
evaluated different clustering of categories in the models analyzed, with 
the highest AUCs obtained for the models comparing heavy drinkers vs 
non-drinkers and light drinkers (AUC > 0.7 for the different CpG com
binations evaluated). Evaluation of the grouping of consumers (heavy +
moderate) vs non-consumers was evaluated by Chamberlain et al. [32], 
obtaining in their model an AUC of 0.64. With all this, it could be 
concluded that, if a multinomial model for these lifestyles does not 
correctly predict the three categories, it would be advisable to evaluate 
the grouping of the intermediate category with the non-consumers. 

Although the grouping of two categories (non-consumers and inter
mediate consumption) could be considered a disadvantage, in a forensic 
context, the value of a test could lie in identifying the group that is less 
frequent in the general population. Bearing this in mind, according to 
Eurostat data, only 19.7% of the EU population smokes daily and only 
8.4% drinks daily. In the case of alcohol, almost one in five individuals 
are considered heavy drinkers, showing differences related either to the 
gender (26.3% for men and 11.4% for women), and to the country of 

Fig. 3. PCA representation of the selected models for each lifestyle. A) Tobacco binomial logistic regression model composed of AHRR and cg01940273 representing 
232 individuals classified as non-smoker + former smoker as well as 116 smokers. B) Alcohol binomial logistic regression model composed of SLC7A11, cg0886875 
and MIR4435–2HG representing 158 individuals classified as non-drinker + moderate drinker as well as 79 heavy drinkers. 
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origin, showing Denmark and Romania the highest percentage of 
prevalence of heavy episodic drinking at least once a month among 
alcohol drinkers (37.8% and 35.0%, respectively). Therefore, correctly 
identifying individuals who might fall into these categories would 
further reduce the number of suspects in a criminal case. 

For tobacco consumption, a 2-CpG binomial logistic regression model 
confronting non-smokers + former smokers vs smokers composed of 
AHRR (cg05575921) and cg01940273 gave performance metrics of: AUC: 
0.87, sensitivity: 0.79, specificity: 0.90 and %CC: 86.49%. To validate the 
model using an independent testing set, since a larger pool of samples was 
not available, a complete external validation was not performed, evalu
ating only individuals classified as non-smoker (N = 606) and former 
smoker (N = 151). This allowed evaluation of the efficiency of the model 

for the pooled group, with 93.39% of the validation set samples correctly 
assigned. Although these results demonstrate that a correct classification 
of the non-smokers + former smokers was obtained, further analysis of 
the models would be necessary to fully evaluate a larger validation set 
covering all three evaluated categories. 

Most published models make a partial evaluation of the categories, 
evaluating two of three possible groups. Only those models built with 
the extreme categories (non-smokers vs smokers) have given AUC values 
close to or above 0.90 [32,55–57]. However, biased results could be 
generated, since former smokers are not represented. 

A very comprehensive model is described by Maas et al. [30], 
reporting a binomial logistic model (grouping non-smoker and former 
smoker in one category) giving an AUC of 0.90 and a multinomial model 

Fig. 4. Graphical representations derived from the age prediction quantile regression model generated with 1112 blood samples previously used for building lifestyle 
prediction models. A) and C) Predicted age vs chronological age of the sample set grouped by tobacco and alcohol categories, respectively. The black diagonal line 
represents the 0.5 quantile and the discontinuous dark red lines the corresponding 0.1 and 0.9 quantiles. The gray line represents perfect correlation. B) and D) 
Residuals obtained in the model generated for the defined categories for tobacco and alcohol consumption, respectively. 
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with AUCs of 0.84, 0.77 and 0.93 for non-smoker, former smokers and 
smokers, respectively. Our study has certain similarities with Maas et al., 
but the different maker selection criteria and differences in model con
struction (backward and forward approaches) led to the generation of 
very different prediction models. The model developed in our study, 
built with 2 CpGs, that are among the 13 selected by Maas et al., gave 
similar results with a lower number of markers (AUC: 0.87). It is worth 
mentioning that there is a large difference in the sensitivity of both 
models, with that of Maas et al. predicting smokers with a value of 0.59 
compared to our model with 0.79. A possible justification for the high 
AUC and correct classifications obtained by Maas et al. despite the low 
sensitivity could be a large imbalance in the number of individuals 
among the groups in the model. The Maas et al. multinomial model 
presented difficulties to predict former smokers, obtaining sensitivities 
of 0.65 for the model and 0.39 for the validation set. The prediction of 
the intermediate category has been more challenging, with worse pre
dictions being observed in the models that evaluate it independently 
(Shenker et al. [58] AUC: 0.82, sensitivity: 0.69 and specificity: 0.71; 
Maas et al. [30] AUC: 0.77, sensitivity: 0.65 and specificity: 0.77). 
Considering the reversibility of DNA methylation for some of the 
markers correlated with tobacco and the effect on this reversibility of 
time since cessation of smoking and intensity of consumption demon
strated by McCartney et al. [33], the group of former smokers is a 
difficult category to classify consistently. Moreover, as shown in Fig. 3A, 
and in the study of McCartney et al., it is difficult to obtain a complete 
separation of the categories analyzed, as there are several factors that 
can modify the methylation patterns associated with this lifestyle. More 
accurate prediction of the intermediate group is likely to require 
development of: a larger number of markers; specific markers for former 
smokers (e.g., positions that exhibit irreversible methylation patterns 
over time); or complementing the generated models with consumption 
cessation time models. 

The selected tobacco markers for the logistic regression model for 
predicting smoking status have been previously reported. The AHRR 
gene is a protein-coding gene related to cell growth and differentiation. 
The CpG position selected in this study, cg05575921, has been reported 
on multiple occasions as one of the markers that shows the highest 
correlation with tobacco consumption [25–27,59] and is present in 
almost all smoking status prediction models published to date [28, 
30–32,55–57,60]. Some of these obtained individual AUCs for this 
marker of 0.88 [30] and 0.99 [31], similar results to our 1-CpG model 
generated with this marker (non-smokers vs smokers of 0.90, and 
non-smokers + former smokers vs smokers of 0.87). The AHRR marker is 
of interest for not presenting differences between European and South 
Asian populations [28], for recovering methylation values to a 
non-smoking state after 5 years of consumption cessation [17], for being 
correlated with age acceleration [9] and for being correlated with 
different mortality factors [14] - representing as it does a biomarker of 
lung cancer [10]. Position cg01940273 has also been previously re
ported to correlate with smoking status [25–27]. This position is present 
in the 13 CpG model of Maas et al. [30] presenting individual AUCs of 
0.89, similar to those of our 1-CpG model for non-smokers vs smokers 
(0.89). Maas’s study also evaluated the time since smoking cessation, a 
characteristic with which this marker had been related in other publi
cations [14]. Finally, it has been observed that cg01940273 is related to 
breast cancer risk [22,23]. 

Evaluating the markers correlated with alcohol consumption status, 
a 3-CpG prediction model for non-drinkers + moderate drinkers vs 
heavy drinkers composed of SLC7A11 (cg06690548), cg0886875 and 
MIR4435–2HG (cg21294714) gave an AUC of 0.80, sensitivity of 0.81, 
specificity of 0.71 and %CC of 74.26%. Different approaches to clus
tering the categories in binomial models have been evaluated in the 
published studies for alcohol. Those models composed only of non- 
drinkers vs heavy drinkers generally have higher values, presenting 
AUCs around 0.80 [32,34,36]. Of the published models, only Liu et al. 
[34] and Maas et al. [36] attempt to assess all possible categories for 

alcohol consumption. Focusing on Maas’s model, AUCs in a range of 
0.70–0.75 were obtained for heavy drinkers vs non-drinkers + light 
drinkers, lower than those obtained with our model with similar 
grouping (0.80). Considering the classification methods, the model for 
heavy + at risk drinkers vs non-drinkers + light drinkers could also be 
compared with our study. The classification of alcohol consumption 
presents a greater challenge than tobacco consumption, with consis
tently lower AUC and %CC values, as well as a smaller separation be
tween the defined categories, as can be seen in Fig. 3B. This might be due 
to a smaller separation in the methylation values of the individuals 
classified in the different categories evaluated, with the intermediate 
group overlapping with the two extreme categories to a greater extent 
(Fig. 2). This could also be observed in the classification tables of the 
multinomial models generated, with the predictions of the intermediate 
group more evenly distributed than former smokers in the tobacco 
models. Therefore, more studies are needed to obtain a better separation 
of the intermediate group for which the introduction of other variables 
such as time or intensity of consumption could be useful. 

Of the markers correlated with alcohol consumption used in the 
selected model, SLC7A11, has been reported in lifestyle-related discov
ery studies. For the other selected CpGs, to the best of our knowledge, 
our study detected these CpG positions to be correlated with alcohol 
consumption for the first time. The SLC7A11 gene, is the most reported 
marker related to alcohol consumption, its correlation has been 
observed in different discovery studies [21,22] and it is among the 
selected CpGs for all the previous published drinking status models. 
Moreover, this marker has been associated with the number of drinks 
consumed per week, and may be a marker of interest to identify heavy or 
at-risk drinkers [22]. Both cg21294714 of the MIR4435–2HG gene and 
cg0886875, were identified to be correlated with alcohol consumption 
in this study. These CpG positions presented individually, for the 
extreme categories (non-drinkers vs heavy drinkers), gave AUC values of 
0.70 and 0.71 respectively. 

One limitation in our study is the absence of a complete independent 
sample set for both smoking and alcohol consumption. Additionally, 
both CpG selection and model building were performed using identical 
samples and this could partially bias our findings. However, the result
ing selected and most informative CpG sites are consistent with previous 
studies, which adds value to our results. For those CpG sites reported in 
the present study as correlated with alcohol for the first time will, 
additional studies will be necessary for validation purposes. 

Different publications have shown that tobacco and alcohol con
sumption influence age acceleration, causing discordance between 
chronological and biological age data. When developing age prediction 
models based on DNA methylation, it is often not possible to check 
whether the selected markers are influenced by other factors. Indeed, 
the present study has been developed using samples from the UK AIR
WAVE study, where the volunteers were police officers. Since this 
occupational group is exposed to high levels of stress, a potential 
cofounding effect cannot be discarded in our analyses. Considering that 
these lifestyle factors produce global alterations in DNA methylation 
values, an age prediction model based on quantile regression was 
generated to evaluate the effect of the consumption of these substances 
in age prediction. A MAE of ± 2.79 years was obtained. It should be 
noted that in the study of Freire-Aradas et al. [49], the MAE obtained 
was ± 3.07. The difference in the evaluated parameter is probably due 
to the range of age analyzed. While Freire-Aradas’s model covers 18 to 
104 years, the dataset used in the current study covers 19 to 65 years 
old. The Wilcoxon test indicated no significant differences (tobacco 
p-value of 0.78; alcohol p-value of 0.10) between the residuals gener
ated by the model for the groups analyzed in each lifestyle. Although an 
effect of smoking and alcohol consumption on age prediction was not 
observed, this only means that the markers included in the age predic
tion model developed on the present study are not sensitive to these 
lifestyle factors. This cannot be taken to mean that smoking and alcohol 
do not have an effect on aging in general. 
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Additionally, in accordance with Vidaki et al., 2023 [54], signs of 
association with age were found for the majority of smoking-CpGs 
depicting methylation reduction through the lifespan, although all rs 
values were below or close to |0.50|. From these, the highest values were 
observed for the smoker group in our study. Similar findings were ob
tained for the alcohol-CpGs, although in this case, no specific group was 
detected to present higher correlations in comparison to the others. 
Although the correlation with age is low in scale, it has been detected 
and therefore, the age predictive potential of the selected CpGs should 
be further studied. 
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[54] A. Vidaki, B. Planterose Jiménez, B. Poggiali, V. Kalamara, K.J. van der Gaag, S.C. 
E. Maas, et al., Targeted DNA methylation analysis and prediction of smoking 
habits in blood based on massively parallel sequencing, Forensic Sci. Int Genet 65 
(2023) 102878. 

[55] R. Philibert, A quantitative epigenetic approach for the assessment of cigarette 
consumption, Front Psychol. 6 (2015) 656. 

[56] Y. Zhang, I. Florath, K. Saum, H. Brenner, Self-reported smoking, serum cotinine, 
and blood DNA methylation, Environ. Res 146 (2016) 395–403. 

[57] N. Kondratyev, A. Golov, M. Alfimova, T. Lezheiko, V. Golimbet, Prediction of 
smoking by multiplex bisulfite PCR with long amplicons considering allele-specific 
effects on DNA methylation, Clin. Epigenetics 10 (1) (2018) 130. 

[58] N.S. Shenker, P.M. Ueland, S. Polidoro, K. Van Veldhoven, F. Ricceri, R. Brown, et 
al., DNA methylation as a long-term biomarker of exposure to tobacco smoke, 
Epidemiology 24 (5) (2013) 712–716. 

[59] X. Gao, M. Jia, Y. Zhang, L.P. Breitling, H. Brenner, DNA methylation changes of 
whole blood cells in response to active smoking exposure in adults: A systematic 
review of DNA methylation studies, Clin. Epigenetics 7 (2015) 113. 

[60] N.S. Shenker, S. Polidoro, K. van Veldhoven, C. Sacerdote, F. Ricceri, M.A. Birrel, et 
al., Epigenome-wide association study in European Prospective Investigation into 
Cancer and Nutrition (EPIC-Turin) identifies novel genetic loci associated with 
smoking, Hum. Mol. Genet 22 (5) (2013) 843–851. 

A. Ambroa-Conde et al.                                                                                                                                                                                                                       

http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref38
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref38
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref38
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref39
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref39
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref39
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref39
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref40
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref40
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref40
https://doi.org/10.48532/002000
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref41
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref41
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref41
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref42
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref42
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref42
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref43
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref43
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref44
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref44
https://cran.r-project.org/package=factoextra
https://cran.r-project.org/package=factoextra
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref45
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref45
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref45
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref45
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref46
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref46
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref47
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref47
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref47
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref48
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref48
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref48
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref48
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref49
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref49
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref50
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref50
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref51
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref51
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref51
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref52
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref52
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref52
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref53
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref53
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref53
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref54
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref54
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref54
http://refhub.elsevier.com/S1872-4973(24)00016-4/sbref54

	Inference of tobacco and alcohol consumption habits from DNA methylation analysis of blood
	1 Introduction
	2 Material and methods
	2.1 DNA methylation data and sample classification
	2.2 Statistical analysis

	3 Results
	3.1 Selection of candidate CpGs
	3.2 Development of a prediction model for tobacco consumption
	3.3 Development of a prediction model for alcohol consumption
	3.4 Tobacco and alcohol effects on age prediction

	4 Discussion
	Declaration of Competing Interest
	Acknowledgements
	Appendix A Supporting information
	References


