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Background: Lung adenocarcinoma (LUAD) is the leading cause of canceelated
mortality worldwide. Molecular characterization-based rathods hold great promise for
improving the diagnostic accuracy and for predicting treanent response. The DNA
methylation patterns of LUAD display a great potential as apeci ¢ biomarker that will
complement invasive biopsy, thus improving early detectim

Method: In this study, based on the whole-genome methylation datasts from The
Cancer Genome Atlas (TCGA) and several machine learning rhetds, we evaluated the
possibility of DNA methylation signatures for identifyingmph node metastasis of LUAD,
differentiating between tumor tissue and normal tissue, ahpredicting the overall survival
(OS) of LUAD patients. Using the regularized logistic reggsion, we built a classi er based
on the 3616 CpG sites to identify the lymph node metastasis oEUAD. Furthermore, a
classi er based on 14 CpG sites was established to differenate between tumor and
normal tissues. Using the Least Absolute Shrinkage and Setéon Operator (LASSO)
Cox regression, we built a 16-CpG-based model to predict theOS of LUAD patients.

Results: With the aid of 3616-CpG-based classi er, we were able to idatify the lymph
node metastatic status of patients directly by the methyladn signature from the primary
tumor tissues. The 14-CpG-based classi er could differenaite between tumor and
normal tissues. The area under the receiver operating chacgeristic (ROC) curve (AUC)
for both classi ers achieved values close to 1, demonstratig the robust classi er effect.
The 16-CpG-based model showed independent prognostic vale in LUAD patients.

Interpretation:  These ndings will not only facilitate future treatment deisions based
on the DNA methylation signatures but also enable additioi@nvestigations into the
utilization of LUAD DNA methylation pattern by different nthine learning methods.

Keywords: LUAD, DNA methylation, regularized logistic regr
regression, metastasis

ession, recursive feature elimination, LASSO Cox
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INTRODUCTION tissue. Cross-validation was applied to prevent over ttingeTh
LASSO Cox regression model was used to evaluate the patients'

Lung cancer is the leading cause of cancer-related mortalios. Risk scores from the LASSO Cox model were combined with

globally, causing over a million deaths a ye@e(iome Atlas other clinicopathological risk factors to generate a nonamgr

Research Network., 2014; Jemal et al., P0THere are two to predict the prognosis and help the doctors to manage

clinical types, one is the aggressive subtype small cell amget  |LUAD patients.

and the other is non-small cell lung cancétgnkey et al., 1999

Non-small cell lung cancer is histologically classi edarfour M ETHODS

major subtypes by pathological and molecular charactesistic

adenocarcinoma, large cell lung cancer, squamous cell luddata Source

cancer, and other typeg(tinger et al., 2070 Adenocarcinoma The DNA methylation les and patients' information were

is the most common histological subtype of non-small celbbtained from Xena (https:/xenabrowser.net/). Complete

lung cancer. Tobacco smoking is the major cause of lunglinical, molecular, and histopathological data-sets aeglalvie

adenocarcinomaToh et al., 2006 However, with the decrease atthe TCGA website (https:/portal.gdc.cancer.gov/).

in the number of smokers in many countries, the occurrence o . .
LUAD in non-smokers has increaseénome Atlas Research I:eature Selection for DNA CpG Sites

Network., 2013 We formulate critical methylation identi cation as a feawur

An accurate diagnosis of LUAD is one precondition to achieve""elgc'[ion pr()lb]em. E%Ch Cth,SEef is treated as a featuref here
a better treatment e ect. Although the Mayo Clinic stage, size@Nd our gol? s 1o nd out which features are important for
grade, and necrosis (SSIGN) score, as well as the Universﬂﬂ/erent tasks.

of California Integrated Staging System can help improve th‘%/ariance Based Filtering

accuracy of the pr.ogn03|§ll'|(z';1V|s et al., 20.1)1_ the oqtcomes Variance is the squared deviation of the data from its mean,
of patients with s_,lml_lar clinical characterlstl_cs_ or mtaged showing the spread of numbers. It is an important characterist
systems scores still di er. Molecular characteristics mayjfe that re ects the distribution and discriminability of a feare.

an indication for predicting the LUAD prognosis and reSpoNSery . variance of an observed sample sequence of a given
to therapy, thus o ering great potential for improving individil

treatment. Moreover, _moleculgr characterizationjbaseﬂp(ds Iﬁzt:;if;rggﬂi' ere):mlce (-)}ZAA%LSV(;(IDSLDIL:? et:\)q/ezvneraglng across
do not generally require bulk tissue samples, which can img@rov

the patients' tolerance and reduce unnecessary operatiqs.ste P Xi /2

Among all the molecular characteristics, DNA methylatioh o ’D NS

CpG sites plays a crucial role in epigenetic regulation by reduc P X

the activity of a DNA segment and repressing gene transcriptio D N '

(Jones, 2012; Du et al., 2015; Schibeler,)2DNA methylation

is associated with carcinogenesis by repressing the expmessin general, a larger variance means a wider distributed and
of the tumor suppressor gene and promoting the expression ghore separable feature space, which facilitates trainingaica
oncogenesHerman et al., 1995; Schubeler, 2015; Vizoso et atg nd class boundaries. On the other hand, varianceis
2015; Klutstein et al., 20).6Hence, the cancer tissues have gositively correlated with information entroplf, meaning that
distinct DNA methylation pattern compared to normal tissues.more information could be obtained with a larger variance
More importantly, unlike somatic genetic mutations in tumor  When is small, all the data is compressed and provides
tissues, DNA methylation patterns are inherently reversiblensu cient information for a classi er, so that we would avoid

changes and can therefore be promising targets for drugeatures with a small variance by setting a minimum thregtiol
treatments Ramchandani et al., 19p9Jsing DNA methylation  |ter out the indiscriminate features.

signatures can help us make a better prognosis and predict the Z
treatment response, thus prolonging the patients' survival. ED P.x/ logP.x/dx
Machine learning is a novel method to learn concept

from data, which will help researchers discover the hidderh larized Loaistic R . Model
insights. Based on DNA methylation patterns, machine leagni egularized Logistic regression viode

techniques are developed and used to design models for precis@distic regression is a widely applied and useful statisticak n
classi cation and accurate prediction in medicine. In thtedy, ~In€&r model for predicting a binarized outcome based on a
we evaluated the possibility of DNA methylation signaturess€duence of independent features. Assuming we have a general
in identifying LUAD lymph node metastasis, di erentiating Near regression model which satis es

between tumor tissue and normal tissue and predicting the OS W

of LUAD patients by applying TCGA whole-genome methylation yD
datasets to several machine learning methods. Our results

showed robust classi er e ects with the AUC of both classi ers

achieving values close to one for identifying lymph nodewherex; stands for tha-th feature and ; is the correspondent
metastasis and di erentiating between tumor tissue and narm coe cient. Since there is no constraint on the range gfandx;,

iXi
iDO
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there is no maximum or minimum limit fory,i.e.,y2 [1 ,1].
Consider a standard logistic function

1

f.xXD-——+
X 1Ce X

Cox Regression

Cox regression, also called Proportional Hazards Regressian
survival analysis model. It can be used to analyze relationships
between dierent features and the survival time. The Cox
model is based on the proportional hazards condition, which

assumes that features have a proportional relationship to the
This could map an input space from an innittl ,1 ]toa exponential change of hazard. Thus, the model is formulated a
nite [0, 1. By combining the linear regression model with the 3 multiplication of a baseline hazard function with a sole ¢im
logistic function, we obtain the logistic regression model variablet, and an exponential function of the linear combination
of all of the features as an input. Given a setroBamples

yD 4%”7 {X,Yi,s/ jO i n, i 2 Rg whereX; D (X0, Xi1,:::,Xik)
1Ce b1 iX and stands for thei-th sample of all thek features,Y; is
the observation time and; is the survival status, the hazard
By thresholding y with threshold t, we obtain the fynctionis
binarized output. .
H; .t/ D Hg.t/ g
ly t
oD 0y<t D(o, 1,:::, k) is the coecient vector weighing the

contribution of the features. The partial likelihood of alleh
Note that, regularization term can be compounded with aS@mplesis

logistic regression model, to force the learned coe ciems y

be sparser and more resistant to over tting, which is highly L. /D Li. /

bene cial for feature selection as well. We term the logisti iD1

regression model with regularization term as “Regularized Ny HOViiX/

logistic regression model.” p p OIAL
ip1 iy v Hi YiEX

Recursive Feature Elimination v 7

Recursive feature elimination (RFE) adopts a brute-force and D PliT

recursive way of undermining important features. Given a pre- iDL .y, v, &

de ned model, which weighs all the features internally, RFE
recursively uses the set of features to train the model asckdld
features that are the least important for the model (e.g.,Ilsm
weights) and repeats the training with the remaining feature | ASSQO Regularization

This operation keeps repycling until certain expectations arg  ggo (Least Absolute Shrinkage and Selection Operator) is an
reached, such as the maximum number of expected feag@S  jmportant regularization in many regression analysis metho
The process is describedArgorithm 1. The concept behind LASSO is that an L1-norm is used to penalize
the weight of the model parameters. Assuming a model has a set
of parameteréwg, wy, :::, wnhg the LASSO regularization can be
written as

aBy penalizing -logl(. /), the optimal could be uncovered.

Algorithm 1: Recursive Feature Elimination.
INPUT: a set of featureSD ffq,fo,:::,fi,: 11, fh,g expected
feature numbeNexp
OUTPUT: a set of kept features iDO
SpestD ffs, T, 100, 05,000, 15,0
WHILE size © > Nexp DO

X
kWi kl

It can be also expressed as a constraint to the targeted
objective function
1 Train a model with the set of features$ X

2 Getthe coe cients for the features learned from the
classi cation model

Y Y 5+ St. kwiky < t

An important property of the LASSO regularization term is
that it can force the parameter values to be 0, thus generating
a sparse parameter space, which is a desirable character for
feature selection.

3 Prune features with small coe cienSon important
4 Update feature S@D S Sion important

END WHILE

Keep the nal set of features as the set of most important
featuresSestD S

Work ow of the Coding Process
When it came to selecting the methylation features for the
metastasis and tumor identi cation problems, we rst used
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variance-based Itering to eliminate some of the least infpot  con guration, and averaged the weights of selected feature
CpG sites, and to decrease the computation for the followingcross di erent set as the nal coe cients. Furthermore, the
Regularized Logistic Regression Model and RFE. To avoid modwsletastatic probability of each sample were calculated by the
over tting and bias in the feature selection, cross validatvas coe cients of kept methylation CpG sitesF{gure 1F and
used in the following stages. The dataset was evenly divid&upplementary File . The AUC for the classier achieved
into 5-folds, and further feature selections were condddby values close to lin all of the 5-fold cross-validation, dading
applying Logistic Regression Model and RFE, following théhe robust classi er e ect. The tumor tissues in total datase
standard pipeline of cross validation. were divided into high metastatic risk score and low metista

When predicting the OS of LUAD patients, we built risk score groups, respectively, using 0.5 as the cuto. The
the Cox proportional hazard regression model with LASS(patients in the low metastatic risk score group have a longer O
regularization. 5-fold cross-validation was applied to dvitie  than those in the high metastatic risk score group in the ftota
over tting. We plotted the plots in R software (R Foundation datasetsg{< 0.0001Figure 1G) as well as in the separated 5-fold
for Statistical Computing, Vienna, Austria. Version 3.4.3)training and validation set(< 0.05,Supplementary Figure L
and Python (Python Software Foundation. Python Languag®#/e assessed the prognostic accuracy of the 3616-CpG-based
Reference, version 3.7). classi er metastatic classier with a time-dependent ROC
analysis at varying follow-up times (500, 1,000, 1,500, 2,000
RESULTS 2,500, 3,000 daysp@pplementary Figure 2 The accuracy was

all around 66%, indicating that the 3616-CpG-based classoer f

Preparation of LUAD DNA identifying metastasis could also work well for predicting ®8
Methylation Datasets of LUAD patients.

LUAD DNA methylation data and corresponding clinical dataldenti cation of 14-CpG-Based Signature

were downloaded from Xena (https://xenabrowser.net)ire . .

et al., 201p After removing samples without a survival statusto Recognize Tumor and Nom.”a' Tissues .

and normalization, a total of 478 samples were analyzed in th 34’015_ feature_s were kept by variance t_hregholdmg_ (0.01).
present study$upplementary File ). The datasets included 409 egul_arlzed Lpg|st|c regression and cross-valldatlon appéed
samples for the recognition of metastasis, 428 samples for the weigh the importance of ea}ch featurg as mentioned above.
recognition of tumor from normal tissue, and 446 samples foﬁgtifggr?:%’ng flrgr%%lzatrc]) izsgisﬁgu?:r;i;/egrrgrntﬂritr)]:rmobfer of
the prediction of OS [Bupplementary Files 2(4]. kept features with regard to the di erent thresholding valwess

. . shown in Figure 2B Recursive feature elimination with cross-
ld_entl cation of 3616_CpG__,Based validation was tested and the result indicated that an aacyr
Signature for the Recognition of 100% can be achieved when the kept feature numbers reached
of Metastasis 14 (Figure 20). 14 CpG sites were kept: cg25774643, cg03502002,
Variance-based selection was applied to Iter featuresgl4789818, cg23479922, cg04864807, cg07915921, 6420146
(methylation CpG sites). Features with small variances tendg08862830, cg01016533, cg19191888, cg08094098, 6§@1912
to be less discriminative, so we ltered out features with acg10707110, cg24103195. The value of kept methylation CpG
standard variance smaller than 0.01 and 135,094 methglaticsites was shown iRigure 2D. We then calculated the probability
signatures were selected. Regularized logistic regressidn of being tumor for each sample by the coe cients of kept
cross-validation were then applied to weigh the importance ofmethylation CpG sites Supplementary File 6and Figure 2B

each feature. The 428 LUAD samples were randomly assignédthe same tradition as of the recognition of metastasis. The
to a test set or a validation set by the cross-validation meth accuracy of the 14-CpG-based classi er was assessed by nieans o
In short, ve rounds of cross-validation were performed ugin ROC analysisRigure 2F). The results showed that the accuracy
di erent partitions and the validation results were combined reached 100% in all 5-fold cross-validation, indicating thigh
over ve rounds to overcome over tting. By varying the value sensitivity and speci city of the 14-CpG-based classier in
of the coe cient threshold, we obtained a di erent number of di erentiating between LUAD tumor tissues and corresponding
features that could be kept. When we used those kept featuresitormal tissues. Furthermore, we applied the 14-CpG-based
regress the linear Logistic model by 5-fold cross-valaatthe classi er on an external dataset to con rm the accuracy of th
mean accuracy trend was as followsgure 1A). The number 14-CgG-based classi eFigure 2G). The AUC value was 98.4%

of kept features with regard to the di erent values of coe cien for di erentiating the tumor and normal tissue${gure 2H). The
thresholds was shown iRigure 1B. The best performance was analysis before showed the regularized logistic model we applie
achieved at the threshold value 0.05 with 6,198 featuresiigpt worked well in di erent datasets.

a 5-fold cross-validation. Recursive feature eliminatiathvhe . . .

same cross-validation con guration was tested and the Itesuldenti cation of 16-CpG-Based Signature

indicated that the kept features were the optimum minimal seto Predict the OS of LUAD Patients

of all the featuresKigure 1Q. The value of kept methylation We used a LASSO Cox regression to build a prognostic model,
CpG sites was shown iRigure 1D. We assessed the accuracywhich selected 16 methylation CpG sites from the CpG sites
of the 3616-CpG-based classi er for detecting metastadis wiidentied by the DNA methylation 450k chip: cg00161124,

a ROC analysisHgure 1B with the same cross-validation ¢g01105229, cg03923535, cg10976778, cg12141052, 8§82240
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FIGURE 1 | Linear logistic classi er using a 5-fold cross-validationdr the metastatic analysis and the ef ciency for the 3616-CpGbased classi er. (A) The mean
accuracy trend for the number of features and mean accuracyol the cross-validation.(B) The methylation features with regard to the different valgeof coef cient
thresholds. (C) Recursive feature elimination with a cross-validation tés(D) Unsupervised hierarchical clustering and heat map assodied with the methylation pro le
(according to the color scale shown) to recognize metastasiin LUAD.(E) ROC curves for 5-fold cross-validation showing the high sesitivity and speci city of the
classi er in predicting metastasis.(F) The metastatic probability of each sample calculated by cdecients of the methylation signature.(G) Kaplan-Meier survival
analysis for LUAD patients, which are divided into low-risknd high-risk groups using a cutoff value of 0.5. LNM: lymph ade metastasis.
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€g13297560, cgl14139311, cgl4184729, cg18140857, €91941prognostic accuracy of the nomogram was further accessed by
€g20268054, cg23146197, cg25229048, cg26709300, 89270%Bne-dependent ROC curveds-igure 5D). The results showed
(Figures 3A,B. The values of the 16 methylation CpG sites forthat the AUC values were all around 0.7 at varying follow-up
each patient were shown Iigure 3B. A formula was derived to times (500, 1,000, 1,500, 2,000, 2,500, 3,000 days),tinditze
calculate the risk score for every patient based on theividdial  high e ectiveness of the nomogram in predicting the prognostic
16 methylationb values Supplementary File 7. The risk scores OS of LUAD patients.
of tumor samples were calculated by the coe cients of the kept
methylation CpG sitesKigure 3C). The patients were divided
into high risk score and low risk score groups, respectivelih wi DISCUSSION
a cuto of 054. Kaplan-Meier survival analysisigure 3D)
showed that the survival probability of patients in lower riskThe present study demonstrates the potential of using DNA
score was signi cantly better than in high risk score grolggé ~ methylation signatures to identify the lymph node metastasi
rank test, allp < 0.0001). We assessed the prediction accuragyrimary LUAD tissues, to di erentiate between the LUAD tumor
of the 16-CpG-based model by means of time-dependent RO@nd normal tissues, and to predict the OS of LUAD patients.
analysis at varying follow-up times. The AUC values for 500lnvasive biopsy is the gold standard for the validation of tum
1,000, 1,500, 2,000, 2,500, and 3,000 days were 0.688, 0.684ues and identi cation of histological subtypes. Howeve
0.697, 0.685, 0.738, and 0.758, respectively, which cod thee  the collection of bulk tissue samples for immunohistocheahic
e ectiveness of the 16-CpG-based model to predict the OS dfHC) staining may cause secondary damage to patients. An
LUAD patients figure 3B. inadequate tissue yield or quality also creates barriergtfer
According to their clinicopathological conditions, like histological diagnosis. Besides, it may be dicult to idént
epidermal growth factor receptor (EGFR) mutation, K-raslymph node metastasis during operation. Nowadays, molecular
or Ki-ras (KRAS) mutation, lymph node metastatic (LNM) characterization methods provide new insights in patholabic
condition, and AJCC stage, LUAD patients were divided upiagnosis (sou et al., 2007; Selamat et al., 2012; Zhang et al.,
into several subgroups to validate the independent diagoost?013; Ogino et al.,, 20).6Since the global change of DNA
value of the methylation signature. EGFR mutation showed anethylation takes place at the beginning of carcinogene$igy D
striking correlation with LUAD patient characteristics, igh ~ methylation has been considered a promising biomarker fer th
were correlated with the clinical treatment response anchtheearly detection and diagnosis of cancefsaco et al., 2008;
a ected the OS of LUAD patients. The Kaplan-Meier curvesHatano et al., 2015; Wu and Ni, 20]%which can complement
regarding EGFR mutation and wildtype groups were showrthe pathological IHC staining. Moreover, DNA methylation
in Figures 4A,B Patients with low risk scores generally hadanalysis does not require bulk tissue samples. Small amounts of
signi cantly better survival than those with high risk sesrin  tissue are enough for DNA extraction and methylation-chip or
both groups p< 0.0001). Similarly, patients with low risk scoresmethylation-seq analysis, which will reduce the patients sng
had a signi cantly longer OS than those with high risk scoresHundreds of thousands of the DNA methylation CpG sites can
in both KRAS mutation and wildtype subgroup and both LNM be identi ed through genome-wide DNA methylation detection
positive and negative group&igures 4C—F p < 0.0001). For by DNA methylation chips or methylation-seq. Discovering a
the patients in AJCC stage | and AJCC stage lI-1V, the survivglotential panel of DNA methylation-based biomarkers from
probability of patients with low risk scores was higher thanthe large DNA methylation les can be bene cial for the early
those with low risk scoresF{gures 4G,H. The strati cation diagnosis of cancer initiation and metastasis. Severahrelse
analysis above revealed that the 16-CpG-based model coudtuidies have shown the potential of utilizing DNA methylation
e ectively predict the OS of patients regardless of the patientgro les to help the diagnosis of di erent cancer®i@gz-Lagares
clinicopathological properties, and provide prognostic power teet al., 2016; Zhang et al., 2017; Sandanger et al.).ZDAé study
complement the clinical stage and SSIGN scores. applied an unsupervised clustering method on DNA methylation
Lastly, the risk scores were applied to the Cox regressigomro les to nd potential subtypes of childhood B-cell acute
model with the clinicopathological risk factors to perform lymphoblastic leukemia. The patients were allocated into two
multivariable survival analysis, thereby generating a agram  subgroups by the unsupervised hierarchical clustering of DNA
to predict patients' survival probability for 3 and 5 yearsmethylation pro les, which showed a signi cant association
(Figure 5A). In the multivariable survival analysis, we includedbetween DNA methylation and disease-free survidr(doval
age, gender, EGFR status, AJCC stage, and risk scores from @6 al., 2013a Another study also utilized a similar strategy
CpG-based model. The nomogram was further veri ed withto nd the association between DNA methylation signatures
calibration plots Figure 5B). The results showed that the and the recurrence-free survival in non-small-cell lung @an
nomogram fared well with the ideal mode for 3 and 5 yearssamples $andoval et al., 2018bin our study, we applied
indicating the nomogram worked well in predicting the OS of supervised learning strategy (regularized logistic resjpe3 to
LUAD patients. According to the risk scores from the nomogram nd the prognostic CpG cites in LUAD primary tissues. The
patients were divided into high risk and low risk group. Kaplan-RFE helped to eliminate the unnecessary features in regressio
Meier survival analysis showed that the survival probabiity which constrained the numbers of key CpG sites for prognosis.
patients with low risk score was signi cantly higher than eo Besides, LASSO Cox regression was useful to reduce theefeatur
with high risk score Figure 5C log-rank testp < 0.0001). The numbers in the COX survival analysis. One study built a
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FIGURE 2 | Linear logistic classi er using a 5-fold cross-validationd differentiate between LUAD tumor tissues and correspondpg normal tissues, and the ef ciency
for the 14-CpG-based classi er. (A) The mean accuracy trend for the number of features and mean awracy for the cross-validation.(B) The methylation features
with regard to the different values of coef cient thresholds(C) Recursive feature elimination with a cross-validation tés(D) Unsupervised hierarchical clustering and
heat map associated with the methylation pro le (accordinga the color scale shown) to differentiate between LUAD tumatissues and corresponding normal tissues.
(E) The probability of being tumor for each sample calculated bthe coef cients of methylation signatures.(F) ROC curves showing the high sensitivity and speci city
in differentiating between LUAD tumor tissues and normalssues. (G) The work ow of model construction, internal validation and &ternal validation.(H) ROC curve
showing the high sensitivity and speci city in differentiang between LUAD tumor tissues and corresponding normal tsues on an external dataset.
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FIGURE 3 | Lasso Cox analysis to predict the OS of LUAD patientgA) The selection ofl value for Lasso Cox regression(B) Unsupervised hierarchical clustering
and heat map associated with the methylation pro le (accordig to the color scale shown) to predict the OS of LUAD patients(C) The risk scores of each sample
calculated by the coef cients of methylation signatures frm Lasso Cox analysis.(D) Kaplan-Meier curves of LUAD patients with a low or high riskfaleath, according
to risk scores from the 16-CpG-based classi er.(E) Time-dependent ROC analysis at varying follow-up times (80 1,000, 1,500, 2,000, 2,500, 3,000 days). We used
AUC values at 500, 1,000, 1,500, 2,000, 2,500, 3000 days to asess the prognostic accuracy.

prognostic signature by LASSO Cox regression to predict thexhibited strong association with all-cause mortality. Eaver,
progression-free survival of LUAD patients and demonstratedne recent study used blood-derived DNA methylation and
the potential biological signi cance of DNA methylation in gene expression pro les to identify CpG lung cancer markers
the etiology of LUAD Bjaanees et al., 20)L6Another study prior to diagnosis. They emphasized the di erence of prognostic
built a mortality risk score by LASSO Cox regressiaingng CpG sites in smoking and non-smoking lung cancer patients
et al., 201y The signature based on ten selected CpG sitgSSandanger et al., 20)L8n this study, based on the methylation
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FIGURE 4 | Kaplan-Meier survival analysis for LUAD patients accordirto the 16-CpG-based classi er. Patients were classi ed accading to clinicopathological risk
factors. (A,B) EGFR status;(C,D) KRAS status; (E,F) lymph node metastatic (LNM) status{G,H) AJCC stage | and II-IV. The patients were divided into low-risknal
high-risk groups. P-values were calculated using the log-rank test.
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FIGURE 5 | The nomogram to predict the risk of death in 3 and 5 years of LUB patients. (A) The nomogram to predict the risk of death in 3 and 5 years of LUB
patients. (B) Plots depict the calibration of each model in terms of agreemnt between predicted and observed 3- and 5-year outcomes. Fie dashed line represents
the ideal line of a perfect match between nomogram-predictd and observed OS. The blue and red line indicate the perfornrece of the proposed nomogram for 3
and 5 years, respectively(C) Kaplan-Meier survival analysis for the OS of LUAD patientseording to the risk scores from the nomogram.(D) Time-dependent ROC
curves from the nomogram for overall survival in 3 and 5 years

pro les of LUAD patients, we performed regularized logisticof LUAD a ects the OS of LUAD patients dramatically, we
regression and LASSO Cox regression to identify the lymplenodapplied the metastatic classi er to check whether the model ca
metastasis, to di erentiate between tumor and normal tissaled  be used to predict the OS of LUAD patients. The time-dependent
to predict the OS of LUAD patients. From the primary LUAD ROC curves showed the e ectiveness of the metastatic classi er
tumor tissues, 3616 methylation CpG sites were kept to build & predicting the OS of LUAD patients at varying follow-up tisie
classi er to identify LUAD lymph node metastasis. ROC curvedAs expected, the patients in the high metastatic risk scoragro
showed the high sensitivity and speci city of the 3616-CpG-have a signi cantly worse OS than those in the low metastatic
based classi er in identifying lymph node metastasis from CpGscore group.

sites of primary tumor tissues. All the samples came from the Tumor tissues are heterogeneous tissues that include cance
primary tumor tissues, which means that the metastatic biglav cells (epithelial cells), cancer stem cells, vascular epithallls

can be identi ed even without extracting tissues from lymphand so onReyaetal., 2001; Marusyk et al., 20More than 70%
nodes. Therefore, it would work as a biomarker to predict theof the tumor tissues are cancer cells. The heterogeneity obtum
diagnosis of lymph node metastasis. Since the metastatavieh tissues may in uence the accuracy of the diagnosis. We compared
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the heterogeneous tumor tissues with the normal tissuegiwh  The independent prognostic values of the 16-CpG-based
also include the vascular epithelial cells and other cell gypemodel were validated by multivariable survival analysisictv
Considering the heterogeneous tumor tissues and heteemen integrated other clinicopathological risk factors for thes @f
normal tissues as a whole for each, we tried to eliminate theUAD patients. The Cox regression risk scores were applied
in uence brought about by heterogeneity.i(et al., 201)% In  together with age, gender, EGFR status, AJCC stages aatordic
this study, to di erentiate between tumor and normal tisspyesto generate a nomogram to predict the 3- and 5-year survival
we concluded that 14 CpG methylation sites were enough fgorobability. We veri ed the performance of the nomogram by
the diagnosis. To check the over tting potential, we appliedcalibration plots. The predicted OS of LUAD patients by the
5-fold cross-validation. The e ciency of the model above sva nomogram was highly consistent with the observed 3- and 5-yea
tested by a ROC curves in ve di erent training and validation OS of LUAD patients. Log-rank test and time-dependent ROC
datasets, which showed the high e ciency and speci city ofcurves at vary follow-up times further con rmed the nomogram
the 14-CpG-based classi er in di erentiating between LUAD Thus, the nomogram could provide an accurate and simple
tumor tissues and the normal tissues. Furthermore, we alsprognostic prediction for LUAD patients.
validated our regression model on the external dataset fooe In previous studies, MRNA expression leBder et al., 2002
study Bjaanaes et al., 20)Ll&Results showed an AUC value of the mutation of key geneslékano et al., 2008; Kosaka et al.,
98.4% to di erentiate the tumor and normal tissues by the ROC2009, long no-coding RNA expression&{saka et al., 2009;
analysis. The external dataset further con rmed the accyra Huarte, 2015; Zhou et al., 2016and histone modi cations
of the regularized logistic model which we applied to build the(Seligson et al., 2009; Zhou et al., 208fiowed the prognostic
both classi ers above. From the two classi ers, we obtaiaad potential for di erent types of cancer. Here, we emphasized
overlap cluster of CpG sites: cg03502002 and cg07915921. That the methylation patterns could also be a meaningful
information for cg07915921 is not clear. cg03502002 is en thtool for the prognosis of LUAD patients. Some studies have
CpG island of the promotor region of the GALR1 gene. Theidenti ed that multiple CpG sites are di erentially methylated
methylation status of the GALR1 promoter and the level ofin lung cancer compared to normal tissue&gnome Atlas
GALR1 gene expression have been correlated in alarge numberésearch Network., 2014; Poirier et al., 2015; Hao et al.,
head and neck squamous tumor specimersgwa et al., 2008 2017. The key for methylation pattern-based early diagnosis
Ectopic expression of GALR1 suppresses tumor cell proliferatiois the identi cation of crucial CpG sites in LUAD. The use of
through Erk1/2-mediated regulation of cyclin-dependentdse supervised machine learning methods allowed us to integrate
inhibitors and cyclin D1 Kanazawa et al., 20090ne study all methylation CpG sites identi ed by the methylation chip
revealed that hypermethylated GALRL1 plays important roles itnto one model, which improved the prognostic accuracy
smoking-associated LUADén et al., 2013 over that of a single CpG site alone. Our ndings show
We also built a model to predict the OS of LUAD patientsthat three DNA CpG signature-based models can e ectively
by means of methylation CpG sites. The LASSO Cox regressidtentify lymph node metastasis by the CpG sites from primary
model generated risk score for each patient. When we assesgathor tissues, di erentiate between tumor and normal tissue
the survival status and distribution of risk scores, patewith and predict the OS of LUAD patients. The tissues would be
low risk scores generally had a better OS than those with higtollected by preoperative biopsy or at surgery. The classi ers
risk scores. The model will help guide individualized folloy- for identifying lymph node metastasis and dierentiation
schedules for LUAD patients. The high-risk patients have poobetween tumor and normal tissues would help the preoperative
OS prediction. This could be the basis of a future clinicaltri diagnosis. The Lasso Cox model would be helpful for adjuvant
The LASSO Cox regression results were further con rmed byreatment and prognostic planning. Therefore, the 3 methglati
the time-dependent ROC analysis. When we compared the timesignatures could be of great value in assessing the status,
dependent ROC from the OS-prediction model and metastasigredicting prognosis and achieving individualized treatriseof
prediction classi er, the OS-prediction model turned out te b LUAD patients.
more precise in the long-term survival prediction while the The limitations of our study should be mentioned. The
metastasis-prediction classi er worked better in the sherim  methylation 450k chip did not identify as many CpG sites
survival prediction. One explanation could be that when theas the methylation 850k chip or methylation sequencing. The
LUAD patients were accompanied by lymph node metastasispethylation CpG site candidates identi ed here did not repnes
the tumor progressed and the patients had a poorer prognosithe complete CpG sites in the genome of LUAD patients.
The OS expectation of patients with lymph node metastasis In conclusion, we built three DNA CpG signature-based
was shorter than those without lymph node metastasis. Hencejodels to identify LUAD lymph node metastasis by the
the metastasis-prediction classi er would work better foret CpG sites from primary tumor tissues, di erentiate between
short-term prediction. tumor tissue and normal tissue, and predict the OS of LUAD
To further utilize the risk scores from the Cox regressionpatients, which highlight the relationship between clinical
model, we classi ed patients into several subgroups accgrdirresults (metastasis, survival) and methylation biomarkiers
to the clinicopathological risk factors (EGFR mutation, KRA LUAD patients. The nomogram comprising LASSO Cox risk
mutation, LNM status and AJCC stages). The 16-CpG-basestores and clinicopathological factors may help predict the
classier still showed clinical and statistical signics OS of LUAD patients and help individualized treatment of
regardless of the clinicopathological status of LUAD patent LUAD patients.

Frontiers in Genetics | www.frontiersin.org 11 April 2019 | Volume 10 | Article 349



Wang et al.

DNA Methylation Signatures in LUAD

AUTHOR CONTRIBUTIONS

Scholarship Council (CSC) for supporting the research andkwor
of SX, RS, and XB.

XB and RS conceived and designed the experiments. XB and

HD wrote the code (The Python code is available due ISUPPLEMENTARY MATERIAL
request). XB, YW, and SX wrote the paper. RS and KZ

reviewed the manuscript. All authors read and approved therhe Supplementary Material for this article can be found

nal manuscript.

ACKNOWLEDGMENTS

online at: https://www.frontiersin.org/articles/10.38&jene.
2019.00349/full#supplementary-material
Supplementary Figure 1| Kaplan-Meier survival according to risk scores from

the 3616-CpG-based classi er in the training, validation sts for 5-fold
cross-validation. (A, C, E, G, 1) The training sets 1-5.(B, D, F, H, J) The validation

We greatly thank Dr. Michael Rosemann and Prof. Dr. Michaelgs 1.5,

J. Atkinson for helpful discussions and suggestions. We shce

Supplementary Figure 2| Time-dependent ROC analysis at varying follow-up

thank Sino-German (CSC'DAAD) Postdoc Scholarship Pngfammes (500, 1,000, 1,500, 2,000, 2,500, 3,000 days) accordng to risk scores from
for supporting the research of YW, and greatly thank the Chinahe 3616-CpG-based classi er.

REFERENCES

Beer, D. G., Kardia, S. L., Huang, C.-C., Giordano, T. J., LAviN., Misek, D.
E., etal. (2002). Gene-expression pro les predict survival of pestieith lung
adenocarcinomaNat. Med.8, 816—824. doi: 10.1038/nm733

Bjaanaes, M. M., Fleischer, T., Halvorsen, A. R., Daunay, AsatBu F.,
Solberg, S., et al. (2016).

Kanazawa, T., Kommareddi, P. K., lwashita, T., Kumar, B., Mis&waJisawa,
Y., et al. (2009). Galanin receptor subtype 2 suppresses cell prolifeeatib
induces apoptosis in p53 mutant head and neck cancer @its.Cancer Res.
15, 2222-2230. doi: 10.1158/1078-0432.CCR-08-2443

Klutstein, M., Nejman, D., Greeneld, R., and Cedar, H. (2016).
DNA methylation in cancer and agingCancer Res76, 3446-3450.

Genome-wide DNA methylation analyses doi: 10.1158/0008-5472.CAN-15-3278

in lung adenocarcinomas: association with EGFR, KRAS and TP5Bosaka, T., Yatabe, Y., Onozato, R., Kuwano, H., and Mitsud@mi2009).

mutation status, gene expression and prognobisl. Oncol.10, 330-343.
doi: 10.1016/j.molonc.2015.10.021

Cline, M. S., Craft, B., Swatloski, T., Goldman, M., Ma, S., HauBs|et al. (2013).
Exploring TCGA pan-cancer data at the UCSC cancer genomics brossier.
Rep3:2652. doi: 10.1038/srep02652

Diaz-Lagares, A., Mendez-Gonzalez, J., Hervas, D., Saifiajdres, M. J., Garcia,
D., etal. (2016). A novel epigenetic signature for early diagrinsung cancer.
Clin. Cancer Re®2, 3361-3371. doi: 10.1158/1078-0432.CCR-15-2346

Du, J., Johnson, L. M., Jacobsen, S. E., and Patel, D. J..(B0IS)methylation
pathways and their crosstalk with histone methylatibiat. Rev. Mol. Cell Biol.
16, 519-532. doi: 10.1038/nrm4043

Ettinger, D. S., Akerley, W., Bepler, G., Blum, M. G., Chang, A.neneR. T., et al.
(2010). Non—small cell lung cancék.Natl. Compreh. Cancer N8t.740-801.
doi: 10.6004/jnccn.2010.0056

Franco, R., Schoneveld, O., Georgakilas, A. G., and Panagidid |. (2008).
Oxidative stress, DNA methylation and carcinogendSencer Lett266, 6-11.
doi: 10.1016/j.canlet.2008.02.026

Genome Atlas Research Network. (2014). Comprehensive molecular gyofin
lung adenocarcinomaNature511, 543-550. doi: 10.1038/nature13385

Hankey, B. F., Ries, L. A., and Edwards, B. K. (1999). The ilance,
epidemiology, and end results program: a national reso@e@cer Epidemiol.
Prev. Biomarker8, 1117-1121.

Hao, X., Luo, H., Krawczyk, M., Wei, W., Wang, W., Wang, J., eRall 7). DNA
methylation markers for diagnosis and prognosis of common cané&ce.
Natl. Acad. Sci. U.S.A14, 7414-7419. doi: 10.1073/pnas.1703577114

Hatano, Y., Semi, K., Hashimoto, K., Lee, M. S., Hirata, A., Tonhita et al.
(2015).
by inducing tumor cell
doi: 10.1093/carcin/bgv060

Herman, J. G., Merlo, A., Mao, L., Lapidus, R. G., Issa, J.-P. JdsbayN. E., et al.
(1995). Inactivation of the CDKN2/p16/MTS1 gene is frequemthsociated
with aberrant DNA methylation in all common human cancefancer Res.
55, 4525-4530.

Huarte, M. (2015). The emerging role of IncRNAs in canddat. Med. 21,
1253-1261. doi: 10.1038/nm.3981

di erentiation. Carcinogenesis36, 719-729.

Reducing DNA methylation suppresses colon carcinogenesi

Prognostic implication of EGFR, KRAS, and TP53 gene mutationslange
cohort of Japanese patients with surgically treated lung aderiocane. J.
Thorac. Oncol, 22—29. doi: 10.1097/JT0.0b013e3181914111

Li, X., Shi, Y., Yin, Z., Xue, X., and Zhou, B. (2014). An eightiNARignature as a
potential biomarker for predicting survival in lung adenocarana.J. Transl.
Med.12:159. doi: 10.1186/1479-5876-12-159

Marusyk, A., Aimendro, V., and Polyak, K. (2012). Intra-tumour hietgeneity:
a looking glass for cancerfat. Rev. Cancefi2, 323-334. doi: 10.1038/
nrc3261

Misawa, K., Ueda, Y., Kanazawa, T., Misawa, Y., Jang, |.,8réng., et al. (2008).
Epigenetic inactivation of galanin receptor 1 in head and necicea Clin.
Cancer Red4, 7604-7613. doi: 10.1158/1078-0432.CCR-07-4673

Ogino, S., Nishihara, R., VanderWeele, T. J., Wang, M., Nishil.échhead, P.,
et al. (2016). The role of molecular pathological epidemiology in theystu
of neoplastic and non-neoplastic diseases in the era of precisioricmed
Epidemiolog®7, 602—611. doi: 10.1097/EDE.0000000000000471

Poirier, J. T., Gardner, E. E., Connis, N., Moreira, A. L., De Gta, E., Hann,
C. L., etal. (2015). DNA methylation in small cell lung cancer de dissinct
disease subtypes and correlates with high expression of E@h@gen&4,
5869-5878. doi: 10.1038/0onc.2015.38

Ramchandani, S., Bhattacharya, S. K., Cervoni, N., and Szy{1999). DNA
methylation is a reversible biological signBtoc. Natl. Acad. Sci. U.S.96,
6107-6112. doi: 10.1073/pnas.96.11.6107

Reya, T., Morrison, S. J., Clarke, M. F., and Weissman, I. L. (288 cells,
cancer, and cancer stem ceNsture414, 105-111. doi: 10.1038/35102167

Sandanger, T. M., Ngst, T. H., Guida, F., Rylander, C., Campa|lajuller,

D. C., et al. (2018). DNA methylation and associated gene expreissblood

prior to lung cancer diagnosis in the Norwegian Women and Cancéocd

Sci. ReB:16714. doi: 10.1038/s41598-018-34334-6

Sandoval, J., Heyn, H., Méndez-Gonzalez, J., Gomez, A., Mor&Bgiet, M.,
et al. (2013a). Genome-wide DNA methylation pro ling predicts relapse in
childhood B-cell acute lymphoblastic leukaenia.J. Haematoll60, 406—-409.
doi: 10.1111/bjh.12113

Sandoval, J., Mendez Gonzalez, J., Nadal, E., Chen, G., CarmdnaS&yols, S.,
et al. (2013b). A prognostic DNA methylation signature for stagen+small-

Jemal, A., Miller, K. D., Ma, J., Siegel, R. L., Fedewa, S. A., Istangt al.
(2018). Higher lung cancer incidence in young women than young mehe Schibeler, D. (2015). Function and information content of DNAthyation.
United StatesN. Engl. J. MedB78, 1999-2009. doi: 10.1056/NEJM0al1715907  Nature517, 321-326. doi: 10.1038/nature14192

Jones, P. A. (2012). Functions of DNA methylation: islandst sites, gene bodies Selamat, S. A., Chung, B. S., Girard, L., Zhang, W., Zhang, Y., @ampa
and beyondNat. Rev. Genel3, 484-492. doi: 10.1038/nrg3230 M., et al. (2012). Genome-scale analysis of DNA methylation in lung

cell lung cancerd. Clin. Oncol31, 4140-4147. doi: 10.1200/JC0.2012.48.5516

Frontiers in Genetics | www.frontiersin.org 12 April 2019 | Volume 10 | Article 349



Wang et al. DNA Methylation Signatures in LUAD

adenocarcinoma and integration with mRNA expressi@enome Re®2, Vizoso, M., Puig, M., Carmona, F. J., Maqueda, M., Velasque@dmez, A., et al.

1197-1211. doi: 10.1101/gr.132662.111 (2015). Aberrant DNA methylation in non-small cell lung cancer-asa®ed
Seligson, D. B., Horvath, S., McBrian, M. A., Mah, V., Yu, H., T3e, broblasts.CarcinogenesB6, 1453—-1463. doi: 10.1093/carcin/bgv146

et al. (2009). Global levels of histone modications predict progadsi  Wu, Q., and Ni, X. (2015). ROS-mediated DNA methylation pattern

di erent cancers.Am. J. Pathol174, 1619-1628. doi: 10.2353/ajpath.2009. alterations in carcinogenesis.Curr. Drug Targets 16, 13-19.

080874 doi: 10.2174/1389450116666150113121054
Takano, T., Fukui, T., Ohe, Y., Tsuta, K., Yamamoto, S., No&jhH., et al. ~ Zhang, J.-X., Song, W., Chen, Z.-H., Wei, J.-H., Liao, Y.-J,, leet al.
(2008). EGFR mutations predict survival bene t from ge tinib patients with (2013). Prognostic and predictive value of a microRNA signatureages||
advanced lung adenocarcinoma: a historical comparison of patieetted colon cancer: a microRNA expression analykencet Oncoll4, 1295-1306.
before and after ge tinib approval in Japad. Clin. Oncol26, 5589-5595. doi: 10.1016/S1470-2045(13)70491-1
doi: 10.1200/JC0.2008.16.7254 Zhang, Y., Wilson, R., Heiss, J., Breitling, L. P., Saum, K.-U{t®en B.,
Tan, Q., Wang, G., Huang, J., Ding, Z., Luo, Q., Mok, T., et aD182. et al. (2017). DNA methylation signatures in peripheral blood stronglyljote
Epigenomic analysis of lung adenocarcinoma reveals novel DNA méthyla all-cause mortalityNat. Commun8:14617. doi: 10.1038/ncomms14617
patterns associated with smokingOnco. Targets. Ther6:1471-1479. Zhou, M., Xu, W., Yue, X., Zhao, H., Wang, Z., Shi, H., et al. (2(R@&ppse-related
doi: 10.2147/0TT.S51041 long non-coding RNA signature to improve prognosis prediction of lung
Toh, C.-K., Gao, F., Lim, W.-T., Leong, S.-S., Fong, K.-Wp, ®&-P., et al. adenocarcinomadncotarge?, 29720-29738. doi: 10.18632/oncotarget.8825

(2006). Never-smokers with lung cancer: epidemiologic evideotea

distinct disease entityd. Clin. Oncol24, 2245-2251. doi: 10.1200/JC0O.2005.Con ict of Interest Statement: The authors declare that the research was

04.8033 conducted in the absence of any commercial or nancial relatigps that could
Travis, W. D., Brambilla, E., Noguchi, M., Nicholson, A. G., Gajsin K. be construed as a potential con ict of interest.

R., Yatabe, Y., et al. (2011). International association Her study of lung

cancer/american thoracic society/european respiratory societyniatienal Copyright © 2019 Wang, Deng, Xin, Zhang, Shi and Bao. This is araopess

multidisciplinary classi cation of lung adenocarcinomé. Thorac. OncoB,  article distributed under the terms of the Creative Commtribution License (CC

244-285. doi: 10.1097/JT0O.0b013e318206a221 BY). The use, distribution or reproduction in other forumseisnitted, provided
Tsou, J. A, Galler, J. S., Siegmund, K. D., Laird, P. W., Turla, &enC the original author(s) and the copyright owner(s) are @ddind that the original

W., et al. (2007). Identication of a panel of sensitive and $pec publication in this journal is cited, in accordance withemted academic practice.

DNA methylation markers for lung adenocarcinomalol. Cancer6:70.  No use, distribution or reproduction is permitted whichsdua comply with these

doi: 10.1186/1476-4598-6-70 terms.

Frontiers in Genetics | www.frontiersin.org 13 April 2019 | Volume 10 | Article 349



