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Abstract

Background MicroRNAs (miRNAs) are post-transcriptional regulators of gene expression. Differential miRNA expres-
sion, which is widely shown to be associated with the pathogenesis of various diseases, can be influenced by lifestyle
factors, including smoking. This study aimed to investigate the plasma miRNA signature of smoking habits, the poten-
tial effect of smoking cessation on miRNA levels, and relate the findings with lung cancer incidence.

Results A targeted RNA-sequencing approach measured plasma miRNA levels in 2686 participants from the pop-
ulation-based Rotterdam study cohort. The association between cigarette smoking (current versus never) and 591
well-expressed miRNAs was assessed via adjusted linear regression models, identifying 41 smoking-associated
miRNAs that passed the Bonferroni-corrected threshold (P<0.05/591=846 % 1 07°). Moreover, we found 42 miRNAs
with a significant association (P<8.46 X 1 0™) between current (reference group) and former smokers. Then, we used
adjusted linear regression models to explore the effect of smoking cessation time on miRNA expression levels. The
expression levels of two miRNAs were significantly different within 5 years of cessation (P<0.05/41=1.22x107)

from current smokers, while for cessation time between 5 and 15 years we found 19 miRNAs to be significantly differ-
ent from current smokers, and finally, 38 miRNAs were significantly different after more than 15 years of cessation time
(P<1.22x1073). These results imply the reversibility of the smoking effect on plasma levels of at least 38 out of the 41
smoking-miRNAs following smoking cessation. Next, we found 8 out of the 41 smoking-related miRNAs to be nomi-
nally associated (P <0.05) with the incidence of lung cancer.

Conclusions This study demonstrates smoking-related dysregulation of plasma miRNAs, which might have

a potential for reversibility when comparing different smoking cessation groups. The identified miRNAs are involved
in several cancer-related pathways and include 8 miRNAs associated with lung cancer incidence. Our results may
lay the groundwork for further investigation of miRNAs as potential mechanism linking smoking, gene expression
and cancer.
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Background

Cigarette smoking is the leading preventable risk factor
responsible for a significant portion of premature deaths
worldwide [1], causing about one of every five deaths in
the United States each year [2]. Despite global efforts to
eliminate smoking, tobacco still causes 8 million deaths
each year, especially in low- and middle-income coun-
tries [3]. The link between smoking and a wide spectrum
of diseases, such as cardiovascular diseases [4], chronic
obstructive pulmonary disease (COPD) [5], and different
types of cancer [6], is firmly established in the literature
[7]. A significant number of tobacco-related fatalities are
attributable to respiratory conditions such as lung can-
cer [8]. In this line, smoking is the leading risk factor for
risk-attributable cancer burden [9] leading in the United
States to almost 30% of all cancer deaths in 2019 [10]. In
addition, smoking explains up to 90% in men and 70-80%
in women of lung cancer risk [11], the leading cause of
cancer incidence and mortality with 2.1 million new cases
and 1.8 million deaths, worldwide in 2018 [12]. Although
there are numerous proposed mechanisms explaining the
link between tobacco use and development of lung can-
cer [13, 14], recent advances in omics-layers have con-
tributed to a deeper understanding of this association
[15, 16]. For instance, recent epigenomic analyses have
provided a clearer understanding of the molecular path-
ways underpinning lung cancer development [17, 18].

Epigenetics is proposed as one of the mechanisms
involved in the relationship between smoking and dis-
ease pathogenesis [19, 20], including lung cancer [17].
Epigenetics is an interface between environmental and
genetic influences on disease risk, acting through gene
expression, without changing the DNA sequence [21].
The major epigenetic mechanisms include DNA meth-
ylation, modification of histone proteins, and non-cod-
ing RNAs. DNA methylation is a known modulator of
smoking-related alterations in cancer pathogenesis [17,
22], while non-coding RNAs have received far less atten-
tion. MicroRNAs (miRNAs) are a subset of non-coding
RNAs that regulate post-transcriptional gene expres-
sion, targeting complementary messenger RNA, resulting
in degradation and translational repression [23]. These
small molecules are suggested to play a role in disease
onset and progression [24—26] and have a potential role
as biomarkers for numerous diseases [27-30], including
smoking-related disorders [31].

Nevertheless, the smoking-effect on miRNA expres-
sion is not yet well-established as previous studies suffer
from several limitations, including a targeted approach,
limited sample size or utilizing arrays with lower cover-
age of miRNAs [32]. Moreover, smoking cessation is the
primary prevention in reducing the risk of smoking-
related diseases, such as lung cancer. Regarding miRNA
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expression, it is yet unknown whether the effect of smok-
ing on miRNA expression in plasma is reversible fol-
lowing smoking cessation. A prior study reveals that
alterations in messenger RNAs are reversible following
cessation [33, 34]. However, smoking-induced dysregula-
tion of miRNAs in small airway epithelium tissue was not
reversible after quitting smoking for 3 months [35]. These
contradicting results, and the short cessation time in the
previous study [35], warrant the need for larger studies
investigating the reversibility of the smoking-effect.

The present study aimed to investigate the smoking-
related changes in plasma levels of miRNAs within the
large population-based Rotterdam study cohort [36]. To
this end, we tested the association between circulating
miRNAs and smoking status, investigating i) current ver-
sus never smokers and ii) current versus former smokers.
In addition, we explored the potential reversibility of the
smoking effect following cessation by comparing current
smokers with different smoking cessation time catego-
ries. Then, we examined the cumulative effect of smoking
(pack-year) on miRNA expression. As smoking is the pri-
mary risk factor for lung cancer, we assessed if any of the
smoking-associated miRNAs are linked to incident lung
cancer in the Rotterdam study cohort.

Results

Study population

This study was embedded within the Rotterdam study
(RS), a large prospective population-based cohort in
the Netherlands [36]. Participants with smoking infor-
mation and plasma miRNA levels were included in the
study, resulting in 2686 independent individuals from
three RS sub-cohorts (RS-1-4, RS-II-2, and RS-IV-1).
Participants were categorized based on their smoking
status (current, former, or never smokers), as obtained
via questionnaires. The clinical characteristics, stratified
by smoking status, are depicted in Table 1. In our study,
1534 (57.1%) participants were women and the mean age
was 67.43 (£ 11.07) years. A total of 921 (34.3%) individu-
als were classified as never, 1382 (51.5%) as former, and
382 (14.2%) as current smokers (Table 1).

Plasma miRNA levels associated with smoking habits

Multivariable linear regression models were used to
test the association between smoking (current ver-
sus never smokers [reference group]) and 591 miRNAs
well-expressed in plasma (log2 CPM), adjusting for age,
sex, cohort, and body mass index (BMI). A recent study
showed the association between circulatory miRNAs
in plasma with obesity-related traits [37] and another
study showed that higher adiposity causally influences
smoking behavior [38]; hence, we decided to adjust our
analyses for BMI. Out of the 591 miRNAs, 41 miRNAs
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Table 1 Clinical characteristics of the study population
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All sample Never smokers Former smokers Current smokers
N (%) 2686 921 (34.3) 1382 (51.5) 382(14.2)
Age (years) 674 (11.1) 66.3(12.2) 68.8(10.2) 64.6 (10.4)
Women (%) 1534 (57.1) 660 (71.6) 644 (46.6) 230 (60.2)
BMI (kg/mz) 27.6(4.3) 27.66 (4.4) 27.8(4.3) 26.8 (4.1)
Pack-year* (N=178) - - - 34.2(31.8)

Continuous variables are expressed as mean + standard deviation (SD), while categorical variables are expressed in numbers (percentages)

*Pack-years calculated only in current smokers, for those who had all needed data available

were differentially expressed by applying the Bonferroni-
corrected significance threshold P<8.46 x 107° (0.05/591)
(Table 2 and Fig. 1), while 192 miRNAs were nominally
associated (P<0.05) (Additional file 1: Table S1). Out of
the 41 smoking-miRNAs, 34 were upregulated, while 7
were downregulated in association with current vs. never
smoking status (Fig. 1). The expression distributions of
the significantly associated miRNAs are presented in
Additional file 2: Fig. S1.

When comparing current (reference group) versus
former smokers, 42 miRNAs were significantly associ-
ated (P<0.05/591=8.46x107"), while 177 miRNAs were
nominally associated (P<0.05) (Additional file 1: Table S2
and Additional file 2: Fig. S2). In total, 149 miRNAs were
nominally associated (P<0.05) between current vs. for-
mer- and never smokers. (Additional file 1: Table S3).

Smoking cessation and pack-years impact on plasma
miRNA levels

To determine the reversibility of the smoking effect on
miRNA expression levels upon smoking cessation, we
calculated the time of smoking cessation in the former
smokers (N=1382) by subtracting the age at smoking
cessation from the current age. This variable was further
categorized into three categories; i) cessation <5 years, ii)
cessation>5 and< 15 years, and iii) > 15 years of cessa-
tion. We tested the association between current smokers
(reference group) and the three cessation time catego-
ries using three multivariable linear regression models,
adjusting for age, sex, cohort, and BMI. Out of the 41
smoking-miRNAs that were differentially expressed
between current and never smokers, 38 miRNAs had
a significant difference (P<0.05/41=1.22x107, and
another 3 miRNAs P<0.05) between current smok-
ers and more than 15 years of smoking cessation, while
19 miRNAs (P<1.22x1073, and another 17 miRNAs
P<0.05) for cessation time between<15 years and>5
(Table 3, and Additional file 2: Fig. S3). Interestingly, we
show that for 2 miRNAs (P<1.22x1072, and another 7
miRNAs P<0.05) there is already a significant change

noticeable within only 5 years of smoking cessation,
including for miR-326 and miR-6769b-3p (Table 3). The
results for all 591 well-expressed miRNAs are presented
in Additional file 1: Table S2 and S4 and Additional file 2:
Fig. S3.

Next, we investigated the association between the
cumulative effect of smoking in current smokers (pack-
year) as exposure and all miRNA levels as the outcome.
Pack-years was calculated in all current smokers; as the
number of cigarettes smoked per day, divided by 20,
and multiplied by the total years of smoking. None of
the miRNAs passed the Bonferroni-corrected threshold
(P<8.46x107°), in association with pack-years in current
smokers (n=178), while 14 miRNAs were nominal sig-
nificant (P<0.05) (Additional file 1: Table S5).

Association of smoking-related miRNAs and incident lung
cancer

As smoking is the main modifiable risk factor for lung
cancer, we tested if the identified smoking-miRNAs are
associated with incidence of lung cancer in an explora-
tory analysis. We used a subset of 1806 participants for
which we had data available and that were free of lung
cancer at the moment of miRNA quantification, while
the clinical characteristics are presented in Additional
file 1: Table S6. During a mean follow-up period of 8.8
(+3.1) years, 37 participants developed lung cancer. The
Cox proportional hazards regression was used to deter-
mine the hazard ratios (HRs) and 95% confidence inter-
vals (CIs) between miRNA expression and incident lung
cancer, adjusted for age, sex, cohort, smoking, chronic
diseases, BMI, red blood cells (RBC), white blood cells
(WBC), alcohol consumption, and education. Out of the
41 smoking-related miRNAs, we identified eight miRNAs
related to lung cancer (P<0.05), including miR-146b-5p,
miR-6769b-3p, miR-1915-3p, miR-6085, miR-10a-5p,
miR-100-5p, miR-149-3p, and let-7c-5p (Table 4 and
Additional file 1: Table S7). Out of these, six miRNAs
suggest an increased risk for lung cancer and two show a
protective effect (Table 4).
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Table 2 MicroRNAs are significantly associated with Current
versus Never (reference) smoking

miRNA Beta SE P-value

miR-150-5p 0.2449 0.0327 135x107"
miR-23b-3p 0.1720 0.0240 1.19%107"?
miR-27b-3p 0.1433 0.0215 3.98x107"
miR-27a-3p 0.1903 0.0287 521x107"
miR-29b-3p 0.1288 0.0200 168x1071°
miR-29a-3p 0.1222 0.0191 220x107'°
miR-342-3p 0.1244 0.0199 592x1071°
miR-6821-5p 0.1906 00321 389x107%
miR-146b-5p 0.0956 00163 577x107%
miR-6769b-3p 0.0791 00138 132x107%
miR-10b-5p 0.1296 0.0232 2.83%x107%
miR-30a-5p 0.0802 0.0145 413%107%
miR-654-5p 0.1529 00278 439x107%8
miR-8069 0.1427 0.0264 7.86x107%
miR-23a-3p 0.1524 0.0284 9.28x107%
miR-1915-3p 0.1801 0.0339 125107
miR-1237-5p 0.1661 0.0315 162x107%
miR-149-3p 0.1339 0.0267 599x107%
miR-4632-5p 0.1989 0.0403 9.24x107%
miR-100-5p 0.1259 0.0259 137x107%
miR-6869-5p 0.1151 0.0245 2.89x107%
let-7e-5p 0.1176 0.0250 293%107%
miR-6085 0.1758 0.0381 435%107%
miR-30a-3p 0.1317 0.0286 452%107%
miR-195-5p 0.1056 0.0229 457x10°%
miR-6738-5p 0.1372 0.0301 566x107%
miR-1285-5p -0.1718 0.0387 965x107%
miR-126-3p 0.1014 0.0234 153107
miR-10a-5p 0.1066 0.0253 268x107%
miR-326 —0.1504 0.0358 280x107%
miR-30b-5p 0.0822 0.0197 321x107%
let-7c-5p 0.0671 00161 334x10°%
miR-6845-5p 0.1136 0.0274 349%107%
miR-126-5p 0.1214 0.0294 3.79%107%
miR-155-5p 0.1285 0.0312 400x107%
miR-486-5p —0.1301 00316 405%x107%
miR-1913 ~00785 00191 420x10°%°
miR-1914-5p —-0.1079 0.0263 423%x107%
miR-93-5p —~0.1025 0.0252 507x107%
miR-92a-3p —-0.0928 0.0231 6.19x107%
miR-4505 0.0579 0.0146 7.72x107%

The table shows significant associations from the linear regression analysis
where tobacco smoking was the main exposure with never-smokers as the
reference group and plasma miRNA levels as the main outcome. The Bonferroni-
corrected threshold was set at P<0.05/591=8.46x 107
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In silico analysis of target genes of smoking-related
miRNAs

We examined whether predicted target genes of the
smoking-related miRNAs are associated with smoking
status. Focusing only on unique target genes reported
by three (TargetScan [39], miRDB [40], and miRTar-
Base [41]) miRNA target gene prediction platforms, we
extracted 407 predicted target genes for the 41 smoking-
associated miRNAs (Additional file 1: Table S8). Seven
target genes were identified to be associated with smok-
ing in a genome-wide association study (GWAS) for
smoking initiation [42], 140 genes have an annotated
CpG that was identified in an epigenome-wide associa-
tion study (EWAS) on smoking habits [43], while a single
gene (CADMI) was identified in a transcriptome-wide
association study (TWAS) on smoking trait (cigarettes/
day) (Additional file 1: Table S9). Using miRPathDB 2.0
[44], we explored the KEGG pathways [45] for the iden-
tified miRNAs and observed that many of them were
implicated in several cancer pathways (Additional file 2:
Fig. S4). In addition, out of the eight miRNAs we iden-
tified to be linked with lung cancer, two (miR-146b-5p
and let-7c-5p) showed to be implicated in several cancer-
related pathways, and miR-146b-5p in both small cell
lung cancer and non-small cell lung cancer.

Discussion

In this study, we investigated the association between
smoking habits and 591 miRNAs well-expressed in
plasma in a population-based cohort study. In total, 41
miRNAs were significantly associated with current ver-
sus never (reference) smoking after adjustment for mul-
tiple testing. Moreover, 42 miRNAs were significantly
associated with current (reference) versus former smok-
ers. While testing the reversibility of the smoking effect
on miRNA levels, we compared miRNAs levels in current
smokers (reference) with those of three cessation time
categories. For 38 out of the 41 smoking-miRNAs there
was a significant difference between current smokers and
after more than 15 years of smoking cessation. Finally,
we found eight of the 41 smoking-related miRNAs to be
associated with incident lung cancer.

An increasing number of studies have investigated
smoking with miRNA expression levels [32, 46, 47].
However, these studies were mainly conducted either
on a subset of miRNAs using a qPCR-based method or
in a modest sample size [32]. Despite this lack of method
consensus, we validated some of the findings in previ-
ous studies. For instance, in a large-scale study (whole
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Fig. 1 Association of plasma microRNA levels with current versus never

smoking. This Volcano plot depicts the results from the linear regression

model where the dots represent miRNAs tested in the association of current versus never smoking (reference) status in the Rotterdam study. The
blue color depicts negatively associated miRNAs with smoking status, while the red color depicts positively associated miRNAs with smoking status.
The top ten significantly associated miRNAs are annotated. The effect size per miRNA in the analysis is reflected on the X-axis while the magnitude

of significance is shown on the Y-axis

blood qPCR assessed miRNAs, n=5000) by Willinger
et al. [47], 6 miRNAs (out of 283) were linked to smok-
ing, of which miR-1285-5p and miR-342-3p, arising from
the same precursors, were replicated in our study [47]. In
addition, miRNAs we have identified in this study (miR-
126 and miR-195) were previously linked to smoking in
small airway epithelium [35]. Some studies have dem-
onstrated that the mature miRNA sequences from the 5’
and 3’ arms of the precursor duplex (assigned -5p or -3p)
are often co-expressed [48, 49]. In this line, plasma level
comparison of qPCR-quantified miRNAs in smokers
(n=11) and non-smokers (n=7) identified 43 differently
expressed miRNAs [46], of which eight pre-miRNAs

overlap with our findings. Although other studies on
smoking and miRNAs reported different methodolo-
gies and/or tissue, which makes reproducibility between
cohorts challenging, we were able to validate some of
their findings [35, 46, 47].

To the best of our knowledge, this paper is the first to
explore, in addition to identifying smoking-related miR-
NAs utilizing novel next-generation sequencing (NGS)
platform for a broad landscape of miRNAs, the potential
for reversibility of the changes in plasma miRNA levels.
In this study, we identified the potential for reversibility
of smoking-related changes in plasma miRNA levels by
comparing current smokers (reference group) in relation
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Table 3 Current smokers (reference) versus the cessation time categories

miRNA Cessation <5 years (N=83) Cessation>5 and <15 years (N=161) Cessation> 15 years (N=535)
Beta SE P-value Beta SE P-value Beta SE P-value

miR-326 0239 0.0711 8.25x 107 0.206 0.0555 2.23x10°% 0.132 0.0396 8.65x 107
miR-6769b-3p -0.0903 0.0275 1.10x 10 -00906 00218 3.84x10°% -00635 00148 1.89x 10
miR-10b-5p -0.118 0.0464 1.14x107% -0.194 0.0428 7.34x107% —-0.148 0.026 1.65x107%
MIR-6845-5p -0.134 0.0552 1.55%x107% —-0.131 0.0425 224%107%3 -0.139 0.0302 470 x 107%
miR-30a-3p -0.14 0.0585 1.73%x107% —-00845 00435 523x107% —0.131 0.0322 5.17x10°%
miR-6738-5p -0.134 0.057 1.95x107% -0.126 0.0422 292x107%3 -0.144 0.0357 6.16 x 107
miR-30a-5p - 00632 0.0283 2.57%107% ~0.101 00226 1.03x10% —-00855 00161 1.44x 107"
miR-10a-5p —-0.101 0.0472 3211072 —-0.161 0.0389 3.99x 10 —-0.125 0.0278 7.22x107%
miR-4505 —0.0608 0.0296 403107 —-0.0812 0.0237 6.54 x 107 —0.0425 0.0168 1.13x107%
miR-6821-5p —-0.125 0.0647 549% 1072 -0.182 0.0505 3.44x 107 -0.174 0.0359 1.39x107%
miR-27a-3p -0.105 0.0571 6.63x107% —-0.157 0.0454 5.84x 107 -0.173 0.0323 1.13x 10"
miR-126-5p -0.105 00616 8.98x 107 -0.17 0.0495 6.44x 107 ~0.134 0.0359 1.93 x 107
miR-149-3p - 00893 0.0527 9.06x 1072 -0.122 0.0417 3.73x107% —-0.148 0.0297 7.24x 107"
miR-29b-3p - 00561 0.0352 1.12x107 -0.158 0.0304 3.02x10Y -0.125 0.0205 1.41x10%
miR-23a-3p —0.0849 0.0547 121x107 —00807 00436 6.50x 107 —-0.136 0.031 1.29x107%
miR-195-5p —-0.0673 0.0455 140107 —-0.0932 0.0356 9.18x 1073 —0.0956 0.0258 222 x10°%
miR-1285-5p 0.108 0.0754 153%x 107 00646 00614 294x%107 0.207 0.0426 1.37x10%
miR-1237-5p - 0091 0.0641 156107 -0.126 0.05 1.18x107% -0.185 0.0341 7.15x107%
miR-1915-3p 0.0943 0.0685 1.69% 107" -0.179 0053 7.97 x 10°% - 0.206 0.0366 249x 1078
miR-6869-5p 0.0712 0.0519 1.71x 107 —0.0806 0.0403 461x107% -0.134 0.0294 6.06 x 107
miR-8069 0.0768 0.0614 211%x107 -0.116 0.0481 1.59%x107% —-0.126 0.0313 6.25x 107
miR-6085 0.0996 0.0796 212x107 —-0.226 0.0616 272x10°% —-0212 0.0425 7.59x 107"
miR-93-5p 0.0629 0.0517 224x107 0.105 0.0401 9.25%x 1073 0.0949 0.0293 125x107%
miR-654-5p 0.0786 0.0658 232x107 -014 0.0441 155%107% ~0.135 0.0324 3.39x107%
miR-27b-3p 0.0486 0.041 236x 107 —-0.159 0.0343 476 x 10°% —-0.157 0.0233 3.00x 107"
miR-1913 0.0425 0.0359 237%x107 0.0776 0.0276 520%x107%3 0.059 0.0202 3.57%x107%3
miR-126-3p —0.0543 0.0466 245%x107) -0.124 0.0367 7.85x 107 -0.107 0.0259 4.02x 107
miR-1914-5p 0.0605 0.0534 257%x107 0.0766 0.0406 596x 1072 0.0985 0.0288 6.47 x 107
miR-23b-3p -00538 0.0478 261x107 -0.128 0.0385 9.11x10% -0.154 0.0259 3.83x10%
miR-150-5p —-0.079% 0.0709 262x107 —-0.231 0.0543 248 x 107 —-0.203 0.0365 3.60 x 10°%
miR-100-5p — 00541 00511 290%107 -0.178 00416 2.09x10°% -0.135 0.0286 3.02x10°%
miR-29a-3p —-0.0372 0.0392 344x1070 -0.134 0.0317 2.82x 107 -0.116 0.0207 3.37x10°%
let-7e-5p 0.0332 0.0464 474x107 —0.0874 0.0383 2.28%x 1072 —-0.125 0.0275 6.26 x 107
miR-146b-5p -0015 0.0314 634x107 —00503 00252 467x107% —0.0741 0018 414x10°%
miR-342-3p -00174 0.0388 655107 -0.102 0.0314 124x107% -0.125 0.0249 5.89x 107
miR-30b-5p 00134 0.0369 7.16x107" —-00796  0.0306 9.68x107% —-00723 00212 6.81x 107
miR-92a-3p 00156 0.0457 7.34x107" 0.0809 0.0361 2.53%x 1072 0.0917 0.0266 593 x 107
let-7c-5p 000796 00302 7.92x107 —-00885 00265 8.98x10°% -00663 00177 1.87 x 107
miR-4632-5p —0.00905  0.0820 9.12x107" —-0.125 0.0641 518x 1072 -0.18 0.0457 8.56 x 107
miR-155-5p —-0.00327 0.0596 9.56x 107! —-0.15 0.0488 220%x107%3 —-0.121 0.035 577 x 107
miR-486-5p 0.00327 00638 9.59% 1071 0.16 0.0495 132x107% 0.154 0.0366 279 x 107

The table shows for the smoking-miRNAs the results from the linear regression analysis where tobacco smoking was the main exposure with current smokers as the
reference group versus the different smoking cessation categories, and plasma miRNA levels as the main outcome. The Bonferroni-corrected threshold was set at
P<0.05/41=1.22x1073. The p-values presented in bold passed the Bonferroni-corrected threshold. SE: standard error

to former smokers at a population-based level. We found  have higher miRNA levels than non-smokers and that
significant differences between current smokers and these levels seem to lower with longer smoking cessation
the length of smoking cessation, where smokers overall time. These findings may indicate that smoking-related
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Table 4 Association of smoking-related miRNAs with incident
lung cancer

miRNA HR 95% Cl P-value
miR-1915-3p 047 0.24-0.90 0.024
miR-146b-5p 6.1 1.48-25.14 0.012
miR-6085 0.56 0.33-0.94 0.030
miR-6769b-3p 5.61 1.20-26.18 0.028
miR-10a-5p 267 1.29-5.52 0.008
let-7¢-5p 393 1.19-12.94 0.024
miR-100-5p 222 1.19-4.12 0.012
miR-149-3p 1.58 1.08-2.31 0018

This table shows the results for the Cox proportional hazards regression adjusted
for age, sex, cohort, smoking, chronic disease, BMI, RBC, WBC, alcohol, and
education

Hazard ratios (HRs) are reported for each log2 unit increase in miRNA level in the
longitudinal setting

changes in plasma miRNA levels are reversible upon
smoking cessation. This conjecture is in line with previ-
ous studies on the reversibility of changes in gene expres-
sion (messenger-RNAs) following smoking cessation [33,
34]. Nevertheless, future research is needed to test these
findings with repeated measurements.

Many of the miRNAs we have identified herein have
previously been linked to smoking-related diseases
[50-53]. As example, previous studies have demon-
strated our top finding miR-150-5p to be associated
with chronic obstructive pulmonary disease (COPD)
[50, 51]. Interestingly, miR-150-5p is frequently dereg-
ulated in cancer and regulates the gene expression of
several cancer driver genes, including in smoking-
related cancers, such as lung cancer and colorectal can-
cer, and in non-smoking related cancer types [2], such
as breast and prostate cancer [54-60]. Furthermore,
newly identified smoking miR-27a-3p was previously
linked with lung cancer and COPD [52]. Molina-Pinelo
et al. [53] also identified three of smoking-related miR-
NAs identified herein (miR-486-5p, miR-146b-5p, and
miR-342-3p) to be associated with COPD and/or lung
adenocarcinoma. Notably, we also identified miR-
146b-5p in association with incident lung cancer. Our
results may endorse previous literature that respiratory
diseases share common risk factors of smoking, poten-
tially through pathways regulated partly by epigenetic
mechanism including some of the miRNAs identified
herein. In addition, our investigation of the cumulative
effect of smoking (measured by pack-years) on miRNA
levels did not reveal any significant associations. Nev-
ertheless, these results might have been hindered by
the limited sample size (n=178).

Lastly, we investigated the putative target genes of
smoking-associated miRNAs and identified links with
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smoking through previous (epi-)genetic and tran-
scriptomic studies, including GWAS, epigenome- and
transcriptome-wide association studies [42, 43, 61]. In
addition, some of the identified smoking-related miR-
NAs are implicated in cancer pathways. These find-
ings may suggest the potential of identified miRNAs
to partially explain the link between smoking and lung
cancer, which warrant confirmation by experimental
studies in future.

The major strengths of the study presented, are the use
of data from a large-scale population-based cohort and
the measurement of miRNA levels via a specific, sensitive,
and reproducible targeted RNA-sequencing method [62].
Nevertheless, the findings presented in this manuscript
should be interpreted with caution. Our results need to
be further replicated in an independent cohort. Though
part of our results show overlap with previous studies,
despite using different methodologies and/or tissues for
quantifying miRNA levels. In addition, as miRNAs are
tissue-specific, perhaps other tissues such as lung, would
provide a better setting to confirm the smoking effect on
miRNA levels linked to lung cancer. In addition, although
we adjusted our models for possible confounding effects,
we cannot exclude the possibility of residual confounding
of smoking, as the passive smoking or smoking of other
tobacco products (e.g., cigars, hookahs, pipes, and can-
nabis) are not captured by the questionnaires. Further-
more, individuals’ answers on smoking behaviour might
be impacted by social desirability bias. In line with this, it
is hard to decipher what constitutes someone as former
smoker, given the collection of data presented herein,
which might have impacted our analysis on former smok-
ers. Moreover, in-depth information regarding environ-
mental or occupational exposures that can possibly affect
miRNA expression, such as air pollution and asbestos,
were not available for model adjustments. Further experi-
mental validation is warranted to assess the impact of
smoking on the identified miRNAs and the subsequent
risk of disease attributable to smoking.

Conclusion

In summary, we present a large-scale population-based
investigation of plasma circulating miRNAs in relation
to cigarette smoking. The evidence from this study sug-
gests multiple miRNAs to be associated with cigarette
smoking, many of them seem to be reversible following
smoking cessation. In addition, we provide evidence for
potential correlations between some of the smoking-
related miRNAs and incident lung cancer. These results
may lay the groundwork for further investigation of miR-
NAs as epigenetic modulators linking smoking, gene
expression, and lung cancer.
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Methods

Study population

This study was conducted using data from the RS, a large
prospective population-based cohort initiated in 1989 in
the city of Rotterdam, the Netherlands [36]. The RS has
four sub-cohorts, and participants (>40) are followed
every 3-5 years. The first sub-cohort (RS-I) includes
7983 individuals (age > 55 years). This was later extended
by a second sub-cohort (RS-II, n=3011, age>55 years),
and a third sub-cohort (RS-III, n=3932, age >45 years).
The most recent extension includes 3005 individuals, as
the fourth sub-cohort (RS-IV, age>40 years). A more
in-depth description of the RS can be found elsewhere
[36]. The RS has been approved by the Medical Ethics
Committee of the Erasmus MC and by the review board
of the Dutch Ministry of Health, Welfare and Sports
(1,068,889-159,521-PG).

Plasma levels of circulating miRNAs were measured in
2754 randomly selected individuals from three RS sub-
cohorts (RS-I-4, RS-II-2, and RS-IV-1). One individual
was excluded due to missing profiling on miRNAs, while
63 participants were excluded due to missing smoking
data, resulting in a sample size of 2686 non-overlapping
participants.

MicroRNA profiling

The HTG EdgeSeq miRNA Whole Transcriptome Assay
(WTA) was used to measure the levels of miRNAs in
plasma. Whole blood samples in Rotterdam study were
collected in PAXGene Tubes. A total volume of 50 pL
of plasma, for two re-measurements that generally is
sufficient to obtain a valid result for all samples, was
sent to HTG Molecular Diagnostics, Inc. (AZ, USA)
for sequencing. Each sample was tagged individually
with molecular barcodes; tagged samples were pooled
and sequenced on an Illumina NextSeq sequencer (Illu-
mina, San Diego, CA, USA). Data were provided as data
tables of raw, quality control (QC) raw, counts per mil-
lion (CPM), and median normalized counts. Log2 counts
per million (log2 CPM) standardization was used to
transformed counts and adjusted for total reads within
a sample. The initial miRNA list encompassed all 2083
miRNAs in the HTG EdgeSeq miRNA Whole Transcrip-
tome Assay that were profiled in 2754 Rotterdam study
participants. miRNAs with Lg2 CPM < 1.0 indicated that
they were not expressed in the samples. We implemented
a lower limit of quantification (LLOQ) method to select
well-expressed miRNAs. The LLOQ level was based on
a monotonic decreasing spline curve fit (by R function
‘scam::scam’) between the mean and standard devia-
tion per miRNA on the normalized value. All miRNAs
of which>50% of the values were above the LLOQ were
considered as well-expressed (n=591).
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Smoking and lung cancer assessment

Participants were categorized into smoking status cat-
egories (former, current, and never) based on the answers
they provided in self-administered questionnaires. In for-
mer smokers, smoking cessation was calculated based on
the age minus the cessation age. Due to the low response
rate on “cessation age” cross-sectionally, we used the pre-
vious time-point for former smokers in both time points
(i.e., did not initiate smoking meanwhile). This vari-
able was further categorized into i) cessation less than
5 years ago (<5 years), ii) between 5 and 15 years (>5
and < 15 years), and iii) more than 15 years (> 15 years).

Additionally, for the cumulative effect of smoking on
miRNA levels in current smokers, we computed pack-
years (number of cigarettes smoked per day, divided by
20, multiplied by the total years of smoking). The smok-
ing initiation age was not available in the cross-sectional
setting but was used from the previous visit for a subset
of cohorts, which had available data. We calculated pack-
year for current smokers at both points. One participant
was excluded due to initiation at the age of five, which we
considered an outlier.

Lung cancer was diagnosed from the general practi-
tioner’s medical records and through linkage with Dutch
Hospital Data, Netherlands Cancer Registry, and histol-
ogy and cytopathology registries. Two physicians inde-
pendently coded diagnoses according to the International
Classification of Diseases, tenth revision (ICD-10). In
case of discrepancy, a consensus was sought through phy-
sician specialized in internal medicine. Due to small sam-
ple size, histological lung cancer diagnosis included all
lung cancer types. Lung cancer diagnosis date was based
on the biopsy date; if unavailable, the hospital admission
date, or using the discharge letter. Only pathology-con-
firmed lung cancers were included in the analysis. The
follow-up for incident lung cancer was conducted until
January 1, 2015. Participants were followed from study
entry until the occurrence of cancer, death, the last health
status update when they were known to be cancer-free, or
January 1, 2015, whichever came first. Incident lung can-
cer was defined as any primary lung cancer. In the case of
multiple cancers within one participant, we included only
those whose first diagnosis was lung cancer for analysis,
while the rest were excluded.

Covariable assessment

Home-administered interviews were used to assess par-
ticipants’ age and sex. Weight and height were meas-
ured when participants were standing without heavy
outer garments or shoes. Information on weight and
height was used to calculate participants’ BMI as weight
divided by height squared (kg/m?). Educational level
(primary, lower, intermediate, and higher) and alcohol
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consumption (g/day) were assessed during the home
interviews. Blood pressure (BP) was measured twice in
a sitting position on the right arm using a random-zero
sphygmomanometer, and the average of 2 measure-
ments was used. Hypertension was defined as a systolic
(BP)>140 mm Hg or diastolic BP>90 mm Hg or the
use of BP-lowering drugs prescribed for hypertension.
Prevalent diabetes mellitus type 2 was identified accord-
ing to the World Health Organization criteria: fast-
ing glucose levels of>7.0 mmol/L, nonfasting glucose
levels>11.1 mmol/L, or the use of glucose-lowering
medication. Coronary heart disease was defined if the
participant suffered a myocardial infarction or under-
went a coronary artery bypass grafting or percutaneous
coronary revascularization procedure. Stroke was defined
according to the World Health Organization definition as
a syndrome of rapidly developing clinical signs of focal or
global disturbance of cerebral function, with symptoms
lasting 24 h or longer or leading to death, with no appar-
ent cause other than of vascular origin. Participants were
screened for dementia at baseline and subsequent center
visits with the Mini-Mental State Examination and the
Geriatric Mental Schedule organic level [63]. Those with
a Mini-Mental State Examination score <26 or Geriatric
Mental Schedule score>0 underwent further investiga-
tion and informant interview, including the Cambridge
Examination for Mental Disorders of the Elderly. Blood
samples of participants were obtained during the visit to
the research centre. Using a haematology analyser, meas-
ure the levels of red blood cell counts (1012/L) and white
blood cell counts in venous blood (109/L).

Statistical analyses

Smoking in association with changes in plasma miRNA levels
We implemented multivariable linear regression mod-
els to explore the association between smoking (current
versus never smokers [reference group]) and plasma
miRNA levels (log2 CPM), adjusted for age, sex, cohort,
and BMI. We used the same adjustment for other smok-
ing-exposure analyses throughout this manuscript, and
the Bonferroni-corrected P-value threshold was set at
P<0.5/591=8.46x107°. We also explored current (refer-
ence group) versus former smokers with miRNA expres-
sion levels. Next, we assessed the potential of reversibility
of the smoking effect by comparing expression levels of
the identified smoking miRNAs among different cut-off
groups within former smokers. We compared the differ-
ence in miRNA levels between current smokers (refer-
ence) with the three cessation time categories, including
i)<5 years, ii))>5 and<15 years, and iii)>15 years of
cessation time. Finally, we investigated the association
between the cumulative effect of smoking in current
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smokers (pack-year) as exposure and all miRNA levels as
the outcome.

Additionally, we explored the relationship between
smoking-related miRNAs and the incidence of lung can-
cer. Due to the presence of competing mortality risks,
we applied the competing risk Cox proportional hazards
regression model to determine hazard ratios (HRs) and
95% Cls between miRNA expression and incident lung
cancer. The analyses were adjusted for age, sex, cohort,
smoking, chronic disease, BMI, red blood cells, white
blood cells, alcohol consumption, and education. Nomi-
nal P-value threshold (P<0.05) was considered, due
to the correlation between the pre-selected smoking-
miRNAs and the exploratory nature of our analysis. All
analysis were performed using R software, version 4.2.3
(R Core Team, 2021).

In silico analyses of target genes of smoking-associated
miRNAs

We used the open-source platform miRWalk [64] to
obtain putative and validated miRNA target genes. Our
selection criteria were based on genes that were reported
in all three commonly used miRNA prediction data-
bases (TargetScan [39], miRDB [40], and miRTarBase
[41]), embedded within the miRWalk platform [64]. We
included genes which were reported in all three data-
bases. We explored if the miRNA predictive target genes
were previously linked to smoking through GWAS [42],
EWAS [43], and TWAS studies [61]. Using miRPathDB
2.0 [44], we explored the KEGG pathways [45] underlying
the smoking-related miRNAs.

Abbreviations

Beta Effect size estimate

BMI Body mass index

BP Blood pressure

@ Confidence interval

COPD Chronic obstructive pulmonary disease

EWAS Epigenome-wide association study
GWAS Genome-wide association study

HR Hazard ratio

MIRNAs — MicroRNAs

NGS Next-generation sequencing

RBC Red blood cells

RS Rotterdam study

SE Standard error

TWAS Transcriptome-wide association study
WBC White blood cells
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