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Abstract

Background: Risk stratification for lung cancer (LC) screening is so far mostly based on smoking history. This study
aimed to assess if and to what extent such risk stratification could be enhanced by additional consideration of
genetic risk scores (GRSs) and epigenetic risk scores defined by DNA methylation.

Methods: We conducted a nested case-control study of 143 incident LC cases and 1460 LC-free controls within a
prospective cohort of 9949 participants aged 50-75 years with 14-year follow-up. Lifetime smoking history was
obtained in detail at recruitment. We built a GRS based on 31 previously identified LC-associated single-nucleotide
polymorphisms (SNPs) and a DNA methylation score (MRS) based on methylation of 151 previously identified
smoking-associated cytosine-phosphate-guanine (CpG) loci. We evaluated associations of GRS and MRS with LC
incidence by logistic regression models, controlling for age, sex, smoking status, and pack-years. We compared the
predictive performance of models based on pack-years alone with models additionally including GRS and/or MRS
using the area under the receiver operating characteristic curve (AUC), net reclassification improvement (NRI), and
integrated discrimination improvement (D).

Results: GRS and MRS showed moderate and strong associations with LC risk even after comprehensive
adjustment for smoking history (adjusted odds ratio [95% Cl] comparing highest with lowest quartile 1.93 [1.05-
3.71] and 5.64 [2.13-17.03], respectively). Similar associations were also observed within the risk groups of ever and
heavy smokers. Addition of GRS and MRS furthermore strongly enhanced LC prediction beyond prediction by pack-
years (increase of optimism-corrected AUC among heavy smokers from 0.605 to 0.654, NRI 26.7%, p = 0.0106, IDI
3.35%, p = 0.0036), the increase being mostly attributable to the inclusion of MRS.

Conclusions: Consideration of MRS, by itself or in combination with GRS, may strongly enhance LC risk stratification.
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Background

Lung cancer (LC) is the leading cause of cancer-related
death worldwide, accounting for more than 1,761,000
deaths in 2018 [1]. Prognosis of LC is generally poor,
with 5-year survival ranging from 10 to 20% in different
countries [2]. Poor survival is due to the majority of
tumors being detected at an advanced stage, at which
options for curative treatment are limited [3-5].
Survival and prognosis may be much better when LC is
detected at an early stage through the use of screening
[6]. Randomized trials have demonstrated that the
potential of reducing LC mortality by screening the
high-risk group of heavy smokers with low-dose com-
puted tomography (LDCT) [6, 7].

Risk stratification for LC screening is so far mostly
based on smoking history [7]. Although smoking is a
major risk factor for LC, less than 20% of lifelong
smokers develop LC, and a non-negligible proportion of
LCs also occur in people not meeting the definitions of
heavy smoking [8]. Therefore, additional markers for
pre-selecting those at highest risk for LC screening are
highly desirable. In the past decade, dozens of single-
nucleotide polymorphisms (SNPs) associated with LC
risk have been identified through genome-wide associ-
ation studies (GWAS) [9]. Genetic risk scores (GRS)
based on SNPs identified from GWAS studies were
found to enhance performance of risk prediction models
for several common illnesses, such as cardiovascular
disease [10], diabetes [11, 12], breast cancer [13, 14],
colorectal cancer [15], and prostate cancer [16, 17].
However, few studies have evaluated the contributions
of GRS to risk stratification of LC.

Studies have shown that changes in DNA methylation
in blood prior to lung cancer diagnosis mainly occur at
smoking-associated genes [18, 19]. In recent years,
epigenome-wide association studies (EWAS) have identi-
fied a large number of CpG sites in whole blood DNA
whose methylation levels were strongly related to smok-
ing history and were also found to be related to LC risk
[20, 21]. In this study, we aimed to assess the individual
and joint potential of a GRS and a methylation risk score
(MRS) based on smoking-related CpGs for enhancing
LC risk stratification in a cohort of older adults who
were followed for 14 years.

Results

Participant characteristics

The characteristics of the 143 LC cases and 1460 con-
trols at baseline are presented in Table 1. The mean age
was 63.7 years in cases and 61.8 years in controls. The
proportion of males, current smokers, and especially
heavy smokers was much higher among cases than
among controls. The median GRS was 28 (range 18 to
42) and 27 (range 12 to 41) in cases and controls,
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Table 1 Characteristics of the study population at baseline

Characteristics Cases (n = 143)  Controls (n = 1460) p value®
Age (years) 63.7 (6.2) 61.8 (6.5) 0.0011
Sex

Male 90 (62.9) 643 (44.0) < 0.0001
Smoking status®

Never smoker 7020 704 (49.7)

Former smoker 53 (37.9) 473 (334)

Current smoker 0 (50.0) 239 (16.9) < 0.0001
Heavy smokers® 69 (48.3) 205 (14.0) < 0.0001
Pack-years® 348 (24.8) 121 (17.5) < 0.0001
GRS®

Q1 (< 24) 20 (14.0) 319 (21.8)

2 (24, 27) 29 (20.3) 379 (26.0)
Q3 (27, 30) 41 (28.7) 375 (25.7)
4 (2 30) 53 (37.1) 387 (26.5) 0.0110
MRS®
Ql (< - 6 (4.2) 365 (25.0)
2 (= 0.10,+ 0.15) 11 (7.7) 365 (25.0)
3 (+0.15,+ 0.53) 28 (19.6) 365 (25.0)
4 (= + 0.53) 98 (68.5) 365 (25.0) < 0.0001

Means (standard deviation) for continuous variables and n (%) for

categorical variables

GRS genetic risk score, MRS methylation risk score, Q quartile

“Fisher’s exact test for categorical variables and Wilcoxon test for

continuous variables

PData missing for 3 cases and 44 controls; never smoker was defined as an
adult who has never smoked, or who has smoked less than 100 cigarettes in
his or her lifetime; former smoker was defined as an adult who has smoked at
least 100 cigarettes in his or her lifetime but who had quit smoking at the
time of interview; current smoker was defined as an adult who has smoked
100 cigarettes in his or her lifetime and who currently smokes cigarettes
“Heavy smokers were defined as participants with > 30 pack-years of smoking
who were either current smokers or had quit smoking < 15 years ago

9Data missing for 15 cases and 137 controls

€Classified according to quartiles of GRS (MRS) among controls

respectively, and the median MRS was 0.78 (range -
0.35 to + 2.48) and 0.15 (range — 0.84 to + 3.47) in cases
and controls, respectively. A large proportion of cases
had a GRS and a MRS in the highest quartile (37.1% and
68.5%, respectively).

Individual associations of GRS and MRS with LC incidence
Table 2 shows the individual associations of GRS and
MRS with LC incidence in the entire study population
and in the subpopulations including ever or heavy
smokers only. Having a score in the top quartile of
either score was associated with a significantly increased
risk of LC, but associations were much stronger for the
MRS. In the analyses among all participants, odds ratios
(ORs) (95% confidence interval (CI)) for participants in
the top quartile compared to the lowest quartile were
2.18 (1.30-3.81) for the GRS and 20.00 (8.92-53.79) for
the MRS in model 1. Additional adjusting for age and
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Table 2 Individual associations of GRS and MRS with LC incidence
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Group Risk Quartile® Cases Controls OR (95% Cl)
score Model 1° Model 2° Model 3¢
All participants GRS Q1 (< 24) 20 319 Ref. Ref. Ref.
(Nease/control = 143/1460) 2 (24, 27) 29 379 1.22 (0.68-2.23) 1.23 (0.69-2.26) 1.28 (0.66-2.57)
3 (27, 30) 41 375 1.74 (1.01-3.09) 1.60 (0.93-2.86) 162 (0.87-3.15)
4 (= 30) 53 387 2.18 (1.30-3.81) 2.08 (1.23-3.64) 1.93 (1.05-3.71)
p trend 0.0010 0.0030 0.0251
MRS Q1 (< 10) 6 365 Ref. Ref. Ref.
2 (- 0.10, + 0.15) 1 365 1.91 (0.70-5.75) 1.84 (0.67-5.55) 1.31 (043-4.18)
3 (+0.15, + 0.53) 28 365 4.96 (2.09-13.79) 449 (1.87-12.57) 2.85 (1.09-848)
4 (2 + 0.53) 98 365 20.00 (8.92-53.79) 1840 (8.08-50.00) 564 (213-17.03)
p trend < 0.0001 < 0.0001 < 0.0001
Ever smokers GRS Q1 (< 24) 16 155 Ref. Ref. Ref.
(Nease/control = 123/712) 2 (24, 27) 23 171 1.30 (0.67-2.60) 1.30 (0.66-2.61) 1.19 (0.56-2.61)
3 (27, 30) 36 194 1.80 (0.98-3.44) 1.70 (0.92-3.27) 1.70 (0.85-3.58)
4 (2 30) 48 192 242 (1.35-4.55) 243 (1.35-4.60) 2.23 (1.13-4.63)
p trend 0.0013 0.0016 0.0086
MRS Q1 (< +0.12) 9 178 Ref. Ref. Ref.
2 (+0.12, + 0.46) 18 178 2.17 (0.90-5.53) 1.97 (0.81-5.08) 1.75 (0.64-5.13)
3 (+ 046, + 0.89) 33 178 4.80 (2.13-11.79) 4.32 (1.89-10.72) 248 (092-7.21)
Q4 (2 +0389) 63 178 9.77 (449-23.53) 9.58 (4.37-23.28) 391 (1.46-11.40)
p trend < 0.0001 < 0.0001 0.0051
Heavy smokers GRS Q1 (< 24) 8 32 Ref. Ref. Ref.
(Ncase/control = 69/205) Q2 (24, 27) 12 57 0.84 (0.31-2.35) 0.73 (0.26-2.07) 0.75 (0.26-2.19)
3 (27, 30) 24 59 1.63 (0.68-4.24) 1.25 (0.50-3.35) 1.52 (0.59-4.16)
4 (2 30) 25 57 1.75 (0.73-4.57) 1.60 (0.65-4.24) 1.62 (0.64-4.38)
p trend 0.0642 0.0982 0.0998
MRS Q1 (< +047) 6 51 Ref. Ref. Ref.
2 (+ 047, + 0.86) 15 51 3.25 (1.01-11.66) 3.19 (0.96-11.92) 2.38 (0.67-9.30)
3 (+ 086, + 1.32) 20 51 331 (1.06-11.51) 3.80 (1.18-13.70) 2.85 (0.84-10.70)
4 (2 32) 28 51 4.70 (1.55-16.24) 6.07 (1.92-21.96) 4.26 (1.22-16.52)

p trend

0.0158

0.0042

0.0324

Q quartile, GRS genetic risk score, MRS methylation risk score, LC lung cancer, OR odds ratio, Cl confidence interval, Ref. reference category

®Quartiles of risk score among controls

PModel 1: without adjustment for any covariates for GRS and adjusted for batch (3 subsets) and leukocyte composition for MRS

“Model 2: like model 1, additionally adjusted for age and sex
9Model 3: like model 2, additionally adjusted for smoking status and pack-years

sex only in model 2 or for smoking status and pack-
years in model 3 reduced the corresponding ORs for
MRS to some extent. Nevertheless, with an OR (95% CI)
of 5.64 (2.13-17.03), the MRS remained a much stronger
and highly significant predictor even after full adjust-
ment for smoking status and pack-years.

Analyses among ever smokers and heavy smokers
showed similar results as those for all participants, although
associations for the MRS were somewhat less pronounced
compared to those in the entire study population, and asso-
ciations for the GRS did no longer reach statistical

significance in the restricted sample of heavy smokers. In
all models and all study populations, the MRS showed sub-
stantially stronger associations with LC risk than the GRS.

Joint associations of GRS and MRS with LC incidence

Table 3 shows the joint associations of GRS and MRS
with LC incidence in the entire study population and in
the subpopulations (ever or heavy smokers). The joint
risk categories were based on two risk groups of GRS
and MRS each (low/high risk defined by the median
GRS/MRS). The low MRS and low GRS group was
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Table 3 Joint associations of GRS and MRS with LC incidence
Group MRS risk GaRS risk Cases Controls OR (95%Cl)
group® group® Model 1° Model 2° Model 3¢
All participants Low Low 8 368 Ref. Ref. Ref.
(Nease/control = 143/1460) High 9 362 091 (0.33-251) 0.86 (0.31-2.38) 0.77 (0.25-2.40)
High Low 41 330 561 (262-13.51) 511 (2.36-1237) 229 (092-6.32)
High 85 400 9.08 (440-21.35) 7.88 (3.75-18.73) 3.50 (1.44-9.50)
p trend < 0.0001 < 0.0001 0.0005
Ever smokers Low Low 10 164 Ref. Ref. Ref.
(Nease/control = 123/712) High 17 192 148 (0.62-3.67) 147 (061-3.70) 1.38 (0.51-3.95)
High Low 29 162 3.99 (1.78-9.61) 4.06 (1.80-9.87) 1.83 (0.68-5.25)
High 67 194 7.19 (13.39-16.69 7.03 (3.26-16.57) 3.35(1.32-9.30)
p trend < 0.0001 < 0.0001 0.0038
Heavy smokers Low Low 6 46 Ref. Ref. Ref.
(Nease/control = 69/205) High 15 56 248 (0.76-9.01) 2.12 (0.62-8.02) 1.78 (0.50-6.89)
High Low 14 43 2.81(0.82-10.77) 3.13(0.88-12.52) 1.96 (0.53-8.03)
High 34 60 401 (1.33-13.92) 444 (142-16.06) 3.58 (1.10-13.25)
p trend 0.0225 0.0097 0.0319

GRS genetic risk score, MRS methylation risk score, LC lung cancer, OR odds ratio, C/ confidence interval, Ref. reference category

“The GRS/MRS median value was used as cut-point for low-/high-risk groups
PModel 1: adjusted for batch (3 subsets) and leukocyte composition

“Model 2: like model 1, additionally adjusted for age and sex

9Model 3: like model 2, additionally adjusted for smoking status and pack-years

assigned as the reference category. In the analyses
among all participants, OR (95% CI) for participants in
the joint highest group compared to the reference group
was 9.08 (4.40-21.35) in model 1. Additional adjusting
for age and sex only in model 2 slightly reduced the cor-
responding OR to some extent. After full adjustment for
smoking status and pack-years in model 3, the corre-
sponding OR was 3.50 (1.44-9.50).

Subgroup analyses for ever smokers showed similar
results as those for all participants. For heavy smokers, as-
sociations were somewhat less distinct compared to those
in the entire study population in models 1 and 2. However,
similar risk estimates were observed in heavy smokers as
those for all participants and ever smokers after full adjust-
ment for smoking status and pack-years in model 3. Within
each MRS group, risk of LC was generally higher for partic-
ipants with high GRS, compared to low GRS, and the high-
est risk was seen in the joint highest risk group (high MRS
and high GRS) in all study populations and models.

Individual and joint predictive performance of pack-years,
GRS, and MRS for LC risk

Table 4 and Fig. 1 display the individual and joint
predictive performance of pack-years, GRS, and MRS
for LC risk. In the entire study population as well as
within the subgroups of ever and heavy smokers,
AUCs were generally the lowest for GRS alone,
whereas pack-years, MRS, and combination of MRS

and GRS generally provided similar predictive per-
formance. Prediction performance was substantially
improved when adding MRS to models based on
pack-years alone. Optimism-corrected AUCs for joint
inclusion of pack-years and MRS compared to
models including pack-years only increased from
0.781 to 0.812, from 0.701 to 0.728, and from 0.605
to 0.652 in the entire study population and within
the subpopulations of ever smokers and heavy
smokers, respectively. Additional inclusion of GRS
led to at best modest further improvement of AUCs.
However, compared to models including pack-years
only, NRIs for models including pack-years, GRS,
and MRS were 13.9% (p = 0.02), 16.6% (p = 0.02),
and 26.7% (p = 0.01), and IDIs were 2.6%, 3.0%, and
3.4% (all p values < 0.01) among all study partici-
pants, ever smokers, and heavy smokers, respectively.
Corresponding confusion matrix and precision-recall
curves showed consistent performance, where the
best predictive performance was achieved by the
joint inclusion of pack-years, MRS, and GRS, espe-
cially for heavy smokers (Table S3 and Figure S1).

Discussion

We have evaluated the individual and joint potential of a
GRS based on 31 SNPs and a MRS based on 151
smoking-associated CpGs for enhancing risk stratifica-
tion in LC prevention. We found moderate associations
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Table 4 Individual and joint predictive performance of pack-years, GRS, and MRS for LC risk

(2020) 12:89
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Predictor

AUC (95% Cl)

Apparent

632+

All participants®

GRS

MRS

GRS + MRS

Pack-years

Pack-years + GRS

Pack-years + MRS

Pack-years + GRS + MRS
Ever smokers®

GRS

MRS

GRS + MRS

Pack-years

Pack-years + GRS

Pack-years + MRS

Pack-years + GRS + MRS
Heavy smokers®

GRS

MRS

GRS + MRS

Pack-years

Pack-years + GRS

Pack-years + MRS

Pack-years + GRS + MRS

0.587 (0.536-0.638)
0.777 (0.731-0.823)
0.784 (0.738-0.830)
0.782 (0.733-0.830)
0.779 (0.730-0.827)

3(0.767-0.859)

3 (0.767-0.859)

0.593 (0.536-0.649)
0.696 (0.642-0.751)
0.721 (0.667-0.775)
0.702 (0.644-0.759)
0.708 (0.651-0.765)
0.731 (0.675-0.787)
0.743 (0.687-0.798)

0.574 (0.494-0.654)
0.629 (0.550-0.707)
0.649 (0.570-0.727)
0.605 (0.525-0.684)

9 (0.540-0.698)
0.662 (0.584-0.740)
0672 (0.595-0.749)

0.571

(
(
(
(
(
(

NRI DI
% p value % p value
0.586 (0.535-0.637)
0.777 (0.731-0.823)
0.783 (0.738-0.829)
0.781 (0.733-0.830)
0.777 (0.728-0.826) 75 0.0146 0.86 0.0082
0.812 (0.766-0.858) 123 0.0355 1.99 0.0157
0.810 (0.764-0.857) 139 0.0198 2.59 0.0012
0.592 (0.536-0.649)
0.696 (0.641-0.751)
0.717 (0.663-0.770)
0.701 (0.644-0.759)
0.705 (0.647-0.762) 12.7 0.0097 1.39 0.0059
0.728 (0.672-0.784) 166 0.0100 1.89 0.0104
0.737 (0.681-0.792) 166 0.0163 296 0.0002
0.491-0.650)
0.628 (0.549-0.707)
0.635 (0.556-0.714)
0.605 (0.525-0.684)
0.610 (0.531-0.690) 145 0.0598 1.52 0.0456
0.652 (0.574-0.730) 194 0.0357 2.13 0.0322
) 26.7 0.0106 335 0.0036

0.654 (0.576-0.732

GRS genetic risk score, MRS methylation risk score, LC lung cancer, AUC area under the curve, C/ confidence interval, NRI net reclassification improvement, IDI

integrated discrimination improvement

®NRI and IDI were estimated between combined models including pack-years and risk scores and the pack-years only model
PCase/control number 143/1460 in all participants
“Case/control number 123/712 in ever smokers
dCase/control number 69/205 in heavy smokers

of the GRS and strong associations of the MRS with the
risk of LC even after comprehensive adjustment for
smoking history in a case-control study that was nested
in a general population-based cohort study. Further-
more, we demonstrated that the addition of MRS and
GRS strongly enhanced the risk prediction compared to
the standard risk stratification by pack-years both within
the entire study population as well as within the high-
risk groups of ever smokers and heavy smokers, the im-
provement being mostly attributable to the inclusion of
the MRS. Our results provide support for including
MRS, potentially along with GRS, into LC risk assess-
ment models to more accurately stratify individuals and
select those at highest risk for inclusion in screening
programs.

LDCT is an effective screening tool for early detection
of LC and is recommended by the United States

Preventive Services Task Force to screen for LC among
high-risk heavy smokers (aged 55-80 years, with > 30
pack-years of smoking who are either current smokers
or have quit smoking < 15 years ago) [7]. However, false
positive results, high costs, and potential radiation
exposure remain major concerns for LDCT-based
screening [7, 22]. This underlines the importance of
identifying individuals at highest risk to maximize the
benefits and minimize the harms of screening. To facili-
tate this, multiple risk prediction models using trad-
itional factors like age, sex, family history, smoking
history, occupational exposure, etc. have been proposed
[23-25]. Traditional smoking-based risk models have
mostly used self-reported smoking exposure informa-
tion, which may not accurately represent the actual
exposure [26, 27]. Biomarkers, reflecting biologically
relevant smoking exposure, such as smoking-associated
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Fig. 1 ROC curves for GRS, MRS, pack-years, and their combination in prediction of LC incidence. a ROC curves for all participants. b ROC curves

Heavy Smokers

Sensitivity
50 % 75 % 100 %
L ]

25%

632+ AUC (95% CI)
GRS 0.571 (0.491-0.650)
MRS 0.628 (0.549-0.707)
GRS+MRS 0.635 (0.556-0.714)
Pack-years 0.605 (0.525-0.684)
Pack-years+GRS+MRS 0.654 (0.576-0.732)
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DNA methylation markers, might therefore be most use-
ful to improve current LC risk stratification based on
self-reported smoking history. In addition, studies have
demonstrated that methylation changes at smoking-
associated genes rather than at the LC-related genes
were involved in the initiation of LC [18, 19, 28]. There-
fore, smoking-associated CpGs might be more suitable
for LC screening than LC-related CpGs. Unlike DNA
methylation, SNPs do not vary over time and are not af-
fected by exposures and disease status [29]. The SNPs
identified by GWAS may be associated with either the
initiation or progression of LC (or both), regardless of
their location at smoking-associated genes or elsewhere.
By incorporating all LC-associated SNPs into GRS and
smoking-associated CpGs into MRS, this study compre-
hensively evaluated the genetic and epigenetic effects in
LC risk stratification.

During the last decade, large-scale GWAS [9, 30, 31]
have identified numerous LC susceptibility loci. Prior
studies have explored the value of genetic variants in LC
risk prediction [32-34]. Cheng et al. [34] developed a
risk model that included both a risk score based on 38
genetic variants (selected from 241 genetic variants iden-
tified in large-scale studies of ethnically diverse popula-
tions) and self-reported smoking information, which was
evaluated in a training and testing set. In the testing set,
a modest improvement in AUC for a model that in-
cluded both a GRS and smoking information (AUC =
0.647), compared with a model that included smoking
information only (AUC = 0.625), was reported. In a
study by Qian et al. [33], inclusion of 301 GWAS

detected SNPs barely improved prediction performance
of a model that included epidemiologic factors (age, sex,
and pack-years) only (AUC 0.617 vs. 0.607 in the test
set). In our study, adding a GRS based on 31 GWAS-
identified SNPs to a model based on pack-years likewise
yielded at best only a very limited increase in AUCs.
However, relevant increases were achieved by including
the MRS, with models adding either MRS alone or both
GRS and MRS yielding substantial discrimination im-
provement as indicated by NRI and IDL

Over the past several years, a number of studies have
highlighted the value of smoking-associated DNA
methylation biomarkers assessed in blood for LC predic-
tion [21, 35-38]. Few studies have investigated the
degree of improvement of prediction models based on
smoking-associated DNA methylation markers beyond
self-reported smoking exposure. Baglietto et al. [38] esti-
mated the gain in prediction accuracy of a model add-
itionally including 6 smoking-associated CpGs to a
model only including self-reported smoking information
(smoking status, pack-years) in two cohorts and reported
increases in AUCs of 0.026 and 0.055, respectively, in
the discovery studies from which the MRS was derived.
In previous analyses of the ESTHER study which had fo-
cused on one or three DNA methylation markers only,
substantially lower improvements of prediction accuracy
had been observed [21, 36]. The results of the current
study suggest that using more comprehensive MRS may
substantially improve risk prediction.

Our current study differs from prior studies by evalu-
ating not only the predictive value of genetic or
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methylation information individually but also by com-
paring their predictive value and evaluating their com-
bined predictive value for LC prediction beyond
prediction by pack-years alone. While GRS showed
modest predictive value for LC risk, the predictive value
of MRS was much higher, and addition of GRS to
models including MRS did not improve the predictive
value in the entire study population. Nevertheless,
among the risk groups of ever and heavy smokers, the
combination of pack-years with both GRS and MRS re-
sulted in the highest predictive performance.

Our results may have important clinical implications for
LC screening and preventive strategies. Our results sug-
gested that epigenetic signatures may have the potential to
better select patients at highest risk for LC screening.
Future research should explore possibilities to further
enhance prediction by more refined MRS and possible
combinations with other potentially promising epigenetic
signatures, such as microRNA signatures [39, 40]. Future
studies should also address the acceptance, feasibility, and
cost-effectiveness of such risk stratification in LC screen-
ing programs.

To our knowledge, this is the first study to compre-
hensively evaluate the individual and joint performance
of GRS and MRS for predicting LC risk in a prospective
cohort with 14-year follow-up. Additionally, detailed in-
formation on smoking was available which enabled
evaluation of the predictive value beyond the currently
recommended, exclusively smoking-based criteria for
selecting people for LC screening. However, our study
also has some important limitations. In particular, des-
pite the large size of the cohort, this study was based on
the limited number of LC cases hindered more detailed
analyses by important factors, such as age and sex of the
study population, time between blood sampling and LC
occurrence, or different LC subtypes. Potential variation
of predictive performance by such factors should be
evaluated in even larger studies. Furthermore, although
our estimates of prediction performance of combinations
of predefined MRS, GRS, and smoking history were in-
ternally corrected for potential over-optimism by boot-
strapping, further validation in independent cohorts is
warranted. Future, ideally much larger studies should
also address the performance of GRS and MRS in pre-
dicting risk of specific genetic variants of lung cancer.

Conclusion

In summary, despite its limitations, this study provides
evidence for the potential of GRS and particularly MRS,
by themselves and in combination, for enhancing LC
risk stratification. To our knowledge, this is the first pro-
spective cohort study evaluating both types of scores in
direct comparison and combination. We showed that, al-
though both GRS and MRS predicted LC risk, predictive
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value, especially predictive value beyond smoking history
was much stronger for MRS than for GRS. The predict-
ive value of MRS based on a large number of established
smoking-related CpGs investigated in this study also
outperformed the previously demonstrated predictive
value of a few single CpGs. Consideration of MRS, by it-
self or in combination with GRS, may therefore have the
potential to enhance risk stratification for LC screening.
Further research is warranted to replicate and expand
our results in larger and ethnically diverse populations
and include screening cohorts in order to more compre-
hensively evaluate the potential of the risk scores for
identifying high-risk individuals for LC screening. Future
studies should also aim for identification of additional
genetic or epigenetic markers and integration of additional
environmental or life-style factors into the risk-prediction
models in order to further enhance risk stratification for
LC and pave the way for better targeting LC screening
offers to those at highest risk.

Methods

Study population and data collection

We selected study subjects from the ESTHER study, an
ongoing population-based cohort study conducted in
Saarland, Germany. Details of the ESTHER study design
have been described previously [41]. Briefly, 9949 partic-
ipants aged 50-75years were recruited between July
2000 and December 2002 by their general practitioners
in the context of a general health screening examination,
and they have been regularly followed-up thereafter.
Information on socio-demographic characteristics, life-
style factors, and health status at baseline was obtained
by standardized self-administered questionnaires. De-
tailed smoking history was obtained at recruitment, in-
cluding smoking status, years of initiation and cessation
(if applicable), and average number of cigarettes smoked
per day. In addition, biological samples (blood, stool,
and urine) were collected and stored at — 80 °C until
analysis. Prevalent and incident cancer was determined
by record linkage with data from the Saarland Cancer
Registry. The study was approved by the ethics commit-
tees of the University of Heidelberg and of the state
medical board of Saarland, Germany. All participants
provided written informed consent. The analysis is based
on a case-control study nested within the ESTHER co-
hort using data and biospecimen collected at baseline.
We included 143 participants with incident LC (ICD10:
C34) and 1460 participants without diagnosis of LC until
the end of 2017, for whom both GWAS and EWAS data
was available (Fig. 2).

Genotyping
DNA was extracted from whole blood samples using a
salting out procedure [42] and genotyped using the
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Baseline participants of the ESTHER study
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Incident LC cases
n=252

LC-free participants until the end of 2017
n=9633

GWAS data
n=180

GWAS data
n=6743

EWAS data
n=189

EWAS data
n=1699

GWAS+EWAS data
n=143

GWAS+EWAS data
n=1460

Fig. 2 Flow diagram of study participants
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Mumina Infinjum OncoArray BeadChip (Illumina, San
Diego, CA). General genotyping quality control assess-
ment was performed as previously described [43].
Genotypes for common variants were imputed using as
reference Dataset the 1000 Genomes Project (GP) (phase
3, Oct. 2014) for chromosomes 1 to 22 with IMPUTE
v2.3.2 after pre-phasing with SHAPEIT v2.12. Thresh-
olds were set for imputation quality to retain both com-
mon and rare variants for validation. In detail, poorly
imputed SNPs defined by an information metric I <
0.70 were excluded for the subsequent analysis. All gen-
omic locations are given in GRCh37 (hgl9) coordinates.
All SNPs having a minor allele frequency (MAF) < 1%
were excluded. After imputation, the SNP set consisted
of 9,198,808 successfully genotyped and imputed SNPs.
PLINK v1.90b6.9 was then used to extract SNPs for the
required regions of interest [44].

Methylation assessment

Methylation of DNA extracted from whole blood was
quantified using the Infinium HumanMethylation 450K
BeadChip Assay (Illumina, San Diego, CA) as previously
described [28]. Briefly, 1.5 pg DNA was bisulfite converted,
and 200 ng bisulfite-treated DNA was applied with the
450K BeadChips following the manufacturer’s instruction.
Illumina’s GenomeStudio® (version 2011.1; Illumina Inc.)

was used to extract DNA methylation signals from the
scanned arrays (module version 1.9.0; Illumina Inc.) and to
calculate methylation pB-values. Data were normalized to in-
ternal controls provided by the manufacturer. In addition,
probes with detection p values > 0.05, with missing values >
10%, or targeting the sex chromosomes were excluded from
analysis.

Statistical analysis

Genetic risk score (GRS)

We built a GRS using a set of 51 SNPs from published
GWAS on LC in European populations, summarized by
Bosse et al. [9] (Table S1). SNPs were excluded from fur-
ther analyses if their imputation resulted in missing
values in > 10% of our samples, or with a MAF < 0.5%
in European populations. If SNPs were in high linkage
disequilibrium (LD; D’ > 0.95 and 7* > 0.80) with each
other in 200kb, we only selected the most significant
one in our sample for GRS building. Twenty SNPs were
hence ruled out, which left 31 SNPs for the further cal-
culation. The GRS values for each participant were cal-
culated as the sum of the risk alleles across the 31 SNPs.

Methylation risk score (MRS)
A set of 151 smoking-associated CpGs that had been
identified > 2 times in previous smoking EWAS [20] was
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used to build the MRS (Table S2). The MRS for each
participant was calculated according to an algorithm
proposed by Teschendorff et al. [45]:

1 n /)) 2
MRS =—-) W, te e
nZC

4

where 7 is the number of CpGs included in score
calculation, i.e. 151, and p. and o, are the mean methy-
lation B-value and the standard deviation of each of the
151 CpGs among never smokers (the reference), respect-
ively. B¢ is the methylation p-value of each CpG site, ¢,
for each participant. W, is + 1 (- 1) if the CpG, ¢, is
hypermethylated (hypomethylated) in smokers. In subse-
quent analyses, W, was derived from Joehanes et al’s
study (Table S2) [46].

Associations of GRS and MRS with LC risk

The associations of the risk scores with LC incidence
were assessed by logistic regression models, first without
adjusting for any confounders for GRS and adjusting for
batch (3 subsets) and leukocyte composition only [47]
for MRS (model 1), additionally adjusting for age and
sex only (model 2), and further additionally adjusting for
smoking status (never/former smoker, current smoker)
and lifetime cumulative smoking intensity (pack-years)
(model 3). GRS or MRS was included in the models as
categorical variables (participants classified according to
quartiles of risk score among controls). In order to as-
sess the potential of risk prediction within the risk group
of ever smokers or within the high-risk group of heavy
smokers who are commonly recommended to undergo
LC screening [7], associations of risk scores with inci-
dent LC were furthermore examined separately among
ever smokers (current or former smokers) and heavy
smokers (participants with > 30 pack-years of smoking
who were either current smokers or ever smokers who
had quit smoking < 15 years ago [7]).

Predictive performance of pack-years, GRS, and MRS for LC
incidence

The individual and joint performance of pack-years,
GRS, and MRS in predicting LC incidence was assessed
by areas under the receiver operating characteristic
curve (AUCs). In these analyses, GRS and MRS were en-
tered as quantitative variables. Potential over-optimism
was corrected by the 0.632+ bootstrapping method [48]
with 1000 replications using the R package “Model-
Good.” To evaluate the predicted probability changes for
subjects in the correct direction between two models,
continuous net reclassification improvement (NRI) [49]
with threshold of probability changes by at least 5% was
estimated using the R package “nricens.” To assess how
the discriminating ability improved between two models,
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integrated discrimination improvement (IDI) [50] was
estimated using the R package “PredictABEL.”

All statistical analyses were conducted by the R soft-
ware, version 3.5.3 (R Foundation, Vienna, Austria).
Two-sided p values of < 0.05 were considered statisti-
cally significant.

Supplementary information
Supplementary information accompanies this paper at https://doi.org/10.
1186/513148-020-00872-y.

Additional file 1: Table S1. SNPs used to construct the genetic risk
score. Table S2. Smoking-associated CpGs used to construct the methy-
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curves for GRS, MRS, pack-years and their combination in prediction of LC
incidence.

Abbreviations

AUC: Area under the receiver operating characteristic curve; CpG: Cytosine-
phosphate-guanine; EWAS: Epigenome-wide association study;

GWAS: Genome-wide association study; GRS: Genetic risk score;

IDI: Integrated discrimination improvement; LC: Lung cancer;

MRS: Methylation risk score; NRI: Net reclassification improvement;

SNP: Single-nucleotide polymorphism

Acknowledgements

The authors gratefully acknowledge contributions of Katarina Cuk in
processing of DNA samples and performing laboratory work, and of Hauke
Thomsen in imputing genotyped data.

Authors’ contributions

HY: statistical analysis and interpretation of data and drafting of the
manuscript; JR: critical revision of the manuscript for important intellectual
content; BS and BH: coordination of follow-up and work-up of follow-up data
of the ESTHER study; YZ: study design and supervision; and HB: study design
and supervision, critical revision of the manuscript for important intellectual
content, and obtained funding. The authors read and approved the final
manuscript.

Funding

Haixin Yu was partly supported by the China Scholarship Council (No.
201606170104). The ESTHER study was supported by the Baden-
Wirttemberg State Ministry of Science; Research and Arts (Stuttgart,
Germany); the Federal Ministry of Education and Research (Berlin, Germany);
the Federal Ministry of Family Affairs, Senior Citizens, Women and Youth
(Berlin, Germany); and the Saarland state Ministry for Social Affairs, Health,
Women and Family Affairs (Saarbriicken, Germany). The sponsors had no role
in the study design, in the collection, analysis and interpretation of data, and
preparation, review, or approval of the manuscript.

Availability of data and materials
Anonymized data used for this study are available from the corresponding
author upon reasonable request.

Ethics approval and consent to participate

All participants provided written informed consent. The study was approved
by the ethics committees of the University of Heidelberg and of the state
medical board of Saarland, Germany.

Consent for publication
Not applicable.

Competing interests
The authors declare no conflict of interest.


https://doi.org/10.1186/s13148-020-00872-y
https://doi.org/10.1186/s13148-020-00872-y

Yu et al. Clinical Epigenetics

(2020) 12:89

Author details

'Division of Clinical Epidemiology and Aging Research, German Cancer
Research Center (DKFZ), Im Neuenheimer Feld 581, 69120 Heidelberg,
Germany. “Medical Faculty Heidelberg, University of Heidelberg, Im
Neuenheimer Feld 672, 69120 Heidelberg, Germany. *Division of Preventive
Oncology, German Cancer Research Center (DKFZ) and National Center for
Tumor Diseases (NCT), Im Neuenheimer Feld 460, 69120 Heidelberg,
Germany. “Network Aging Research, University of Heidelberg, Bergheimer
StraBe 20, 69115 Heidelberg, Germany. *Saarland Cancer Registry,
Krebsregister Saarland, Prasident-Baltz-Strale 5, 66119 Saarbriicken, Germany.
SGerman Cancer Consortium (DKTK), German Cancer Research Center (DKFZ),
Im Neuenheimer Feld 280, 69120 Heidelberg, Germany.

Received: 30 January 2020 Accepted: 21 May 2020
Published online: 18 June 2020

References

1.

Bray F, Ferlay J, Soerjomataram |, Siegel RL, Torre LA, Jemal A. Global cancer
statistics 2018: GLOBOCAN estimates of incidence and mortality
worldwide for 36 cancers in 185 countries. CA Cancer J Clin. 2018,68(6):
394-424.

Allemani C, Matsuda T, Di Carlo V, Harewood R, Matz M, Niksic M,
Bonaventure A, Valkov M, Johnson CJ, Esteve J, et al. Global surveillance of
trends in cancer survival 2000-14 (CONCORD-3): analysis of individual
records for 37 513 025 patients diagnosed with one of 18 cancers from
322 population-based registries in 71 countries. Lancet. 2018;391(10125):
1023-75.

Ellis PM, Vandermeer R. Delays in the diagnosis of lung cancer. J Thorac
Dis. 2011;3(3):183-8.

Walters S, Maringe C, Coleman MP, Peake MD, Butler J, Young N, Bergstrom
S, Hanna L, Jakobsen E, Kolbeck K; et al. Lung cancer survival and stage at
diagnosis in Australia, Canada, Denmark, Norway, Sweden and the UK: a
population-based study, 2004-2007. Thorax. 2013;68(6):551-64.

Torre LA, Siegel RL, Jemal A. Lung cancer statistics. Adv Exp Med Biol. 2016;
893:1-19.

National Lung Screening Trial Research T. Reduced lung-cancer mortality
with low-dose computed tomographic screening. N Engl J Med. 2011;
365(5):395-409.

Humphrey LL, Deffebach M, Pappas M, Baumann C, Artis K, Mitchell JP,
Zakher B, Fu R, Slatore CG. Screening for lung cancer with low-dose
computed tomography: a systematic review to update the US
Preventive services task force recommendation. Ann Intern Med. 2013;
159(6):411-20.

Rahal Z, El Nemr S, Sinjab A, Chami H, Tfayli A, Kadara H. Smoking and lung
cancer: a geo-regional perspective. Front Oncol. 2017;7:194.

Bosse Y, Amos Cl. A decade of GWAS results in lung cancer. Cancer
Epidemiol Biomarkers Prev. 2018,27(4):363-79.

Ntalla I, Kanoni S, Zeng L, Giannakopoulou O, Danesh J, Watkins H, Samani
NJ, Deloukas P, Schunkert H, Group UKBCCCW. Genetic risk score for
coronary disease identifies predispositions to cardiovascular and
noncardiovascular diseases. / Am Coll Cardiol. 2019;73(23):2932-42.
Bonifacio E, Beyerlein A, Hippich M, Winkler C, Vehik K, Weedon MN,
Laimighofer M, Hattersley AT, Krumsiek J, Frohnert B, et al. Genetic scores
to stratify risk of developing multiple islet autoantibodies and type 1
diabetes: a prospective study in children. PLoS Med. 2018;15(4):21002548.
Vetter C, Dashti HS, Lane JM, Anderson SG, Schernhammer ES, Rutter MK,
Saxena R, Scheer F. Night shift work, genetic risk, and type 2 diabetes in
the UK biobank. Diabetes Care. 2018:41(4):762-9.

Mavaddat N, Pharoah PD, Michailidou K, Tyrer J, Brook MN, Bolla MK, Wang
Q, Dennis J, Dunning AM, Shah M, et al. Prediction of breast cancer risk
based on profiling with common genetic variants. J Nat/ Cancer Inst. 2015;
107(5):djv036.

Mavaddat N, Michailidou K, Dennis J, Lush M, Fachal L, Lee A, Tyrer JP, Chen
TH, Wang Q, Bolla MK, et al. Polygenic risk scores for prediction of breast
cancer and breast cancer subtypes. Am J Hum Genet. 2019;104(1):21-34.
Weigl K, Chang-Claude J, Knebel P, Hsu L, Hoffmeister M, Brenner H.
Strongly enhanced colorectal cancer risk stratification by combining
family history and genetic risk score. Clin Epidemiol. 2018;10:143-52.
Pashayan N, Duffy SW, Neal DE, Hamdy FC, Donovan JL, Martin RM,
Harrington P, Benlloch S. Amin Al Olama A, Shah M et al: Implications of

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33.

34.

35.

Page 10 of 11

polygenic risk-stratified screening for prostate cancer on overdiagnosis.
Genet Med. 2015;17(10):789-95.

Li-Sheng Chen S, Ching-Yuan Fann J, Sipeky C, Yang TK, Yueh-Hsia Chiu S,
Ming-Fang Yen A, Laitinen V, Tammela TLJ, Stenman UH, Auvinen A, et al.
Risk prediction of prostate cancer with single nucleotide polymorphisms
and prostate specific antigen. J Urol. 2019;201(3):486-95.

Fasanelli F, Baglietto L, Ponzi E, Guida F, Campanella G, Johansson M,
Grankvist K, Johansson M, Assumma MB, Naccarati A, et al.
Hypomethylation of smoking-related genes is associated with future
lung cancer in four prospective cohorts. Nat Commun. 2015;6:10192.
Sandanger TM, Nost TH, Guida F, Rylander C, Campanella G, Muller DC, van
Dongen J, Boomsma DI, Johansson M, Vineis P, et al. DNA methylation and
associated gene expression in blood prior to lung cancer diagnosis in
the Norwegian Women and Cancer cohort. Sci Rep. 2018,8(1):16714.

Gao X, Jia M, Zhang Y, Breitling LP, Brenner H. DNA methylation changes
of whole blood cells in response to active smoking exposure in adults: a
systematic review of DNA methylation studies. Clin Epigenetics. 2015;7:113.
Zhang Y, Elgizouli M, Schottker B, Holleczek B, Nieters A, Brenner H.
Smoking-associated DNA methylation markers predict lung cancer
incidence. Clin Epigenetics. 2016;8:127.

Horeweg N, Scholten ET, de Jong PA, van der Aalst CM, Weenink C,
Lammers J-WJ, Nackaerts K, Vliegenthart R, ten Haaf K, Yousaf-Khan UA,

et al. Detection of lung cancer through low-dose CT screening (NELSON):
a prespecified analysis of screening test performance and interval
cancers. The Lancet Oncology. 2014;15(12):1342-50.

Bach PB, Kattan MW, Thornquist MD, Kris MG, Tate RC, Barnett MJ, Hsieh LJ,
Begg CB. Variations in lung cancer risk among smokers. J Nat/ Cancer Inst.
2003;95(6):470-8.

Tammemagi MC, Katki HA, Hocking WG, Church TR, Caporaso N, Kvale PA,
Chaturvedi AK, Silvestri GA, Riley TL, Commins J, et al. Selection criteria for
lung-cancer screening. N £ngl J Med. 2013;368(8):728-36.

Katki HA, Kovalchik SA, Berg CD, Cheung LC, Chaturvedi AK. Development
and validation of risk models to select ever-smokers for CT lung cancer
screening. JAMA. 2016;315(21):2300-11.

Blank MD, Breland AB, Enlow PT, Duncan C, Metzger A, Cobb CO.
Measurement of smoking behavior: comparison of self-reports, returned
cigarette butts, and toxicant levels. Exp Clin Psychopharmacol. 2016;24(5):
348-55.

Morales NA, Romano MA, Michael Cummings K, Marshall JR, Hyland AJ,
Hutson A, Warren GW. Accuracy of self-reported tobacco use in newly
diagnosed cancer patients. Cancer Causes Control. 2013;24(6):1223-30.
Zhang Y, Breitling LP, Balavarca Y, Holleczek B, Schottker B, Brenner H.
Comparison and combination of blood DNA methylation at smoking-
associated genes and at lung cancer-related genes in prediction of lung
cancer mortality. Int J Cancer. 2016;139(11):2482-92.

Jones MJ, Fejes AP, Kobor MS. DNA methylation, genotype and gene
expression: who is driving and who is along for the ride? Genome Biol.
2013;14(7):126.

Wang J, Liu Q, Yuan S, Xie W, Liu Y, Xiang Y, Wu N, Wu L, Ma X, Cai T, et al.
Genetic predisposition to lung cancer: comprehensive literature
integration, meta-analysis, and multiple evidence assessment of
candidate-gene association studies. Sci Rep. 2017,7(1):8371.

McKay JD, Hung RJ, Han Y, Zong X, Carreras-Torres R, Christiani DC,
Caporaso NE, Johansson M, Xiao X, Li Y, et al. Large-scale association
analysis identifies new lung cancer susceptibility loci and heterogeneity
in genetic susceptibility across histological subtypes. Nat Genet. 2017;
49(7):1126-32.

Weissfeld JL, Lin Y, Lin HM, Kurland BF, Wilson DO, Fuhrman CR, Pennathur
A, Romkes M, Nukui T, Yuan JM, et al. Lung cancer risk prediction using
common SNPs located in GWAS-identified susceptibility regions. J Thorac
Oncol. 2015;10(11):1538-45.

Qian DC, Han Y, Byun J, Shin HR, Hung RJ, Mclaughlin JR, Landi MT,
Seminara D, Amos Cl. A novel pathway-based approach improves lung
cancer risk prediction using germline genetic variations. Cancer Epidemiol
Biomarkers Prev. 2016,25(8):1208-15.

Cheng Y, Jiang T, Zhu M, Li Z, Zhang J, Wang Y, Geng L, Liu J, Shen W,
Wang C, et al. Risk assessment models for genetic risk predictors of lung
cancer using two-stage replication for Asian and European populations.
Oncotarget. 2017,8(33):53959-67.

Liloglou T, Bediaga NG, Brown BR, Field JK, Davies MP. Epigenetic
biomarkers in lung cancer. Cancer Lett. 2014;342(2):200-12.



Yu et al. Clinical Epigenetics

36.

37.

38.

39.

40.

42.

43.

44,

45,

46.

47.

48.

49.

50.

(2020) 12:89

Zhang Y, Schottker B, Ordonez-Mena J, Holleczek B, Yang R, Burwinkel B,
Butterbach K, Brenner H. F2RL3 methylation, lung cancer incidence and
mortality. Int J Cancer. 2015;137(7):1739-48.

Hong Y, Choi HM, Cheong HS, Shin HD, Choi CM, Kim WJ. Epigenome-
wide association analysis of differentially methylated signals in blood
samples of patients with non-small-cell lung cancer. J Clin Med. 2019:8(9).
Baglietto L, Ponzi E, Haycock P, Hodge A, Bianca Assumma M, Jung CH,
Chung J, Fasanelli F, Guida F, Campanella G, et al. DNA methylation
changes measured in pre-diagnostic peripheral blood samples are
associated with smoking and lung cancer risk. Int J Cancer. 2017;
140(1):50-61.

Yu H, Guan Z, Cuk K, Brenner H, Zhang Y. Circulating microRNA
biomarkers for lung cancer detection in Western populations. Cancer
Med. 2018;7(10):4849-62.

Yu H, Guan Z, Cuk K, Zhang Y, Brenner H. Circulating microRNA
biomarkers for lung cancer detection in East Asian populations. Cancers
(Basel). 2019;11(3):415.

Zhang Y, Wilson R, Heiss J, Breitling LP, Saum KU, Schottker B,
Holleczek B, Waldenberger M, Peters A, Brenner H. DNA methylation
signatures in peripheral blood strongly predict all-cause mortality.
Nat Commun. 2017;8:14617.

Kalousova M, Levova K, Kubena AA, Jachymova M, Frankova V, Zima T.
Comparison of DNA isolation using salting-out procedure and
automated isolation (MagNA system). Prep Biochem Biotechnol. 2017;
47(7):703-8.

Anderson CA, Pettersson FH, Clarke GM, Cardon LR, Morris AP, Zondervan
KT. Data quality control in genetic case-control association studies. Nat
Protoc. 2010;5(9):1564-73.

Chang CC, Chow CC, Tellier LC, Vattikuti S, Purcell SM, Lee JJ. Second-
generation PLINK: rising to the challenge of larger and richer datasets.
Gigascience. 2015;4:7.

Teschendorff AE, Yang Z, Wong A, Pipinikas CP, Jiao Y, Jones A, Anjum S,
Hardy R, Salvesen HB, Thirlwell C, et al. Correlation of smoking-associated
DNA methylation changes in buccal cells with DNA methylation changes
in epithelial cancer. JAMA Oncol. 2015;1(4):476-85.

Joehanes R, Just AC, Marioni RE, Pilling LC, Reynolds LM, Mandaviya PR,
Guan W, Xu T, Elks CE, Aslibekyan S, et al. Epigenetic signatures of
cigarette smoking. Circ Cardiovasc Genet. 2016;9(5):436-47.

Houseman EA, Accomando WP, Koestler DC, Christensen BC, Marsit CJ,
Nelson HH, Wiencke JK, Kelsey KT. DNA methylation arrays as surrogate
measures of cell mixture distribution. BMC Bioinformatics. 2012;13:36.
Molinaro AM, Simon R, Pfeiffer RM. Prediction error estimation: a
comparison of resampling methods. Bioinformatics. 2005;21(15):3301-7.
Leening MJ, Vedder MM, Witteman JC, Pencina MJ, Steyerberg EW. Net
reclassification improvement: computation, interpretation, and
controversies: a literature review and clinician’s guide. Ann Intern Med.
2014;160(2):122-31.

Kerr KF, McClelland RL, Brown ER, Lumley T. Evaluating the incremental
value of new biomarkers with integrated discrimination improvement.
Am J Epidemiol. 2011;174(3):364-74.

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Page 11 of 11

Ready to submit your research? Choose BMC and benefit from:

e fast, convenient online submission

o thorough peer review by experienced researchers in your field

 rapid publication on acceptance

o support for research data, including large and complex data types

e gold Open Access which fosters wider collaboration and increased citations
e maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions




	Abstract
	Background
	Methods
	Results
	Conclusions

	Background
	Results
	Participant characteristics
	Individual associations of GRS and MRS with LC incidence
	Joint associations of GRS and MRS with LC incidence
	Individual and joint predictive performance of pack-years, GRS, and MRS for LC risk

	Discussion
	Conclusion
	Methods
	Study population and data collection
	Genotyping
	Methylation assessment
	Statistical analysis
	Genetic risk score (GRS)
	Methylation risk score (MRS)
	Associations of GRS and MRS with LC risk
	Predictive performance of pack-years, GRS, and MRS for LC incidence


	Supplementary information
	Abbreviations
	Acknowledgements
	Authors’ contributions
	Funding
	Availability of data and materials
	Ethics approval and consent to participate
	Consent for publication
	Competing interests
	Author details
	References
	Publisher’s Note

