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Abstract: Lung cancer remains the leading cause of cancer death. DNA methylation plays an essential role in car-
cinogenesis through regulating gene expression and gene alternative splicing. However, the role of methylation in
the tumorigenesis of lung squamous cell carcinoma (SCC) and its association with prognosis remains unclear. Here,
we used an integrative approach to evaluate the prognostic value of epigenetic processes in lung SCC by examining
the data provided by The Cancer Genome Atlas (TCGA). We found that the mean methylation level was significantly
decreased in lung SCC. We also identified methylation-driven genes which were associated with cancer-related path-
ways. The multivariate Cox regression analysis showed four methylation-driven genes, GCSAM, GPR75, NHLRC1,
and TRIM58, could be served as prognostic indicators for lung SCC. Validation on two external GEO datasets showed
consistent methylation alterations of the four genes. These findings may have important implications in the under-
standing of the potential therapeutic method for lung SCC.

Keywords: Methylation, lung squamous cell carcinoma, prognostic indicators, TCGA

Introduction

Lung cancer remains the leading cause of can-
cer death in both males and females around
the world [1]. The overall 5-year survival rate for
lung cancer patients remains low at about 17%
[2]. The two major histological classes of lung
cancer are non-small-cell lung cancer (NSCLC)
and small-cell lung cancer (SCLC). Non-small
cell lung cancer (NSCLC) can be further classi-
fied as non-squamous carcinoma and lung
squamous cell carcinoma (SCC), among which
the proportion of lung SCC was as high as near-
ly 40% [3]. For patients with NSCLC, the best
prognosis can be achieved by complete surgi-
cal resection of stage IA disease. However, this
requires early detection and accurate disease
prognosis prediction. Lung cancer can be
detected early by a computed tomography scan
in high-risk individuals, but this method has a
high false-positive rate that can lead to unnec-
essary treatment [4]. Therefore, more precise
prognostic indicators are urgently demanded.

As one of the critical epigenetic modifications,
DNA methylation, the addition of a methyl group
to DNA, plays a vital role in carcinogenesis

through regulating gene expression and gene
alternative splicing [5]. Aberrant change of
methylation level of genes is a common prob-
lem in cancer development. Previous studies
regarding methylation events of lung SCC sig-
nificantly improved our understanding of this
devastating disease, yet the exact role of meth-
ylation in the tumorigenesis of lung SCC and
association with prognosis remains largely
unknown. Advanced high-throughput technolo-
gies have been applied to identifying the epi-
genetic abnormalities in various diseases [6,
7]. However, many methylation events found to
be statistically significant using high-through-
put technologies are not correlated with gene
expression changes. Therefore, integrating da-
ta across multiple platforms to determine the
epigenetic events that are most likely to be
involved in lung SCC is needed.

The Cancer Genome Atlas (TCGA), a project
supported by the National Cancer Institute
(NCIl) and National Human Genome Research
Institute (NHGRI), has generated comprehen-
sive, multi-dimensional maps of the key genom-
ic changes in various types of cancers. In this
study, we used an integrative approach to eval-
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uate the prognostic value of epigenetic pro-
cesses and found four methylation-driven sig-
natures that could effectively predict patient
survival. We hope that these genes can be
used as a novel prognostic tool for lung SCC
and provide more insights into the molecular
mechanisms of this prevalent and devastating
disease.

Materials and methods

Lung SCC data acquisition from TCGA and pre-
processing

Clinical information of lung SCC patients and
lung SCC DNA methylation data based on the
lllumina Infinium Human Methylation 450 pl-
atform, including 370 tumor samples and 42
normal samples, were downloaded from TCGA
using the Data Transfer Tool provided by GDC
Apps (https://portal.gdc.cancer.gov/). The do-
wnloaded methylation data had already been
pre-processed via TCGA pipelines and con-
tained information of each probe’s beta-value,
chromosomal location with corresponding pre-
dictive genes. Probe-level data was condensed
to a summary beta value for each gene by cal-
culating average methylation value for all CpG
sites associated with a gene in each sample.
Next, all data were normalized in the R comput-
ing environment using the limma package [8].
Differential methylation analysis was conduct-
ed using TCGAbiolinks [9]. Gene expression
quantification data (502 tumor samples and 49
normal samples) was also obtained by the
same approach and processed by edgeR [10].

Integrative analysis

Aberrant DNA methylation is an important
mechanism that contributes to oncogenesis.
Although many algorithms exist that exploit this
vast dataset to identify hypo- and hypermethyl-
ated genes in cancer, few are capable of identi-
fying differentially methylated genes that are
also predictive of transcription. The R package
MethylMix was designed to perform an analysis
integrating methylation data and gene expres-
sion data [11]. There are three steps to the
MethyIMix analysis: first, genes are filtered to
identify methylation events that result in gene
expression changes; second, a univariate beta
mixture modeling is used to define a methyla-
tion state across a large number of patients;
and third, Wilcoxon rank sum test is conducted
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to compare DNA methylation level in tumor tis-
sues vs. normal tissues. In this present study,
correlation coefficient < -0.3 (adjusted p-value
< 0.05) between DNA methylation and matched
gene expression was considered significant
(minus signifies negatively correlated). No
methylation fold change cut-offs were imple-
mented so that a gene whose methylation level
change is dramatically related to expression
would not be excluded even if this change is
rather slight.

Enrichment analysis

Gene ontology (GO) and pathway analysis were
performed with ConsensusPathDB to identify
in which aspect these methylation-driven genes
are involved in the development and progres-
sion of lung SCC. ConsensusPathDB is a data-
base that integrates different types of function-
al interactions to assemble a more complete
and a less biased picture of cellular biology.
The database content is updated every three
months. For our analysis, GO level 2, 3, 4, and
5 categories were included (p-value < 0.01).
For pathway analysis, the following pathway
databases were selected for our study: Re-
actome, Inoh, Pid, Biocarta, Netpath, Human-
cyc, Kegg, Wikipathways, Smpdb, Pharmgkb,
Ehmn, and Signalink. We used the default set-
tings: minimum overlap and the p-value cutoff
of 0.01.

Multivariate Cox proportional hazard regres-
sion analysis

The prognostic value of the methylation-driv-
en genes was first assessed by the univariate
Cox proportional hazards regression analysis.
These methylation-driven genes with a p-value
< 0.05 were regarded as prognostic methyla-
tion-driven genes. These prognostic methyla-
tion-driven genes were then used for prognos-
tic model construction. To evaluate the relative
contribution of these prognostic methylation-
driven genes to lung SCC survival prediction,
they were fitted into a multivariate Cox regres-
sion analysis. A methylation-based prognostic
risk score model was constructed by the linear
combination of the methylation levels of the
methylation-driven genes with the multivariate
Cox regression coefficient (B) as the weight.
The risk score formula was as follows: risk
score = methylation of gene, x B, gene, + meth-
ylation of gene, x B, gene, +..methylation of
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Figure 1. Clinical information of lung SCC DNA methylation samples queried from TCGA. A. Overall mean DNA
methylation level alteration in tumor tissues (n = 370) vs. normal tissues (n = 42), the tumor tissues of TCGA cohort
shows global lower methylation level compared to normal tissues (p-value < 0.05). B. DNA methylation level distribu-
tions concerning different stages of cancer and smoking history (p-value > 0.05).

gene x B gene . This prognostic model could
divide the lung SCC patients into high- and low-
risk groups. The time-dependent receiver-oper-
ating characteristic (ROC) curve was performed
using the survival ROC package on the R pl-
atform to evaluate the predictive accuracy. To
comprehensively assess our prognostic model,
univariate and multivariate Cox regression an-
alyses were conducted to determine the inde-
pendence of our prognostic model in survival
prediction with other clinical variables in lung
SCC.

Validating the methylation-related signature

To assess whether the prognostic model relat-
ed methylation-driven genes exist consistent
methylation alterations in other lung SCC pa-
tients, two external datasets (GSE39279 and
GSE75008) from Gene Expression Omnibus
(GEO) (https://www.ncbi.nlm.nih.gov/geo/) we-
re used as the validation datasets [12, 13].
GSE39279 contains 122 lung SCC samples,
GSE75008 contains 40 normal lung samples
and 16 lung SCC samples. All these samples
were hybridized to the lllumina Infinium 450k
Human Methylation Beadchip. We integrated
these two datasets to significantly improve the
number of samples and ended up having 40
normal samples vs. 138 tumor samples. The
batch effect was removed using sva package
[14]. Probe-level data was condensed to a sum-
mary beta value for each gene by calculating
average methylation value for all CpG sites
associated with a gene in each sample.

On the other hand, a least absolute shrinkage
and selector operation (LASSO) algorithm was
used to further substantiate the accuracy of
the four-methylation-driven-gene model [15,
16]. The LASSO analysis was performed using
the glmnet package.

CpG site methylation analysis of the four meth-
ylation-driven genes

To further investigate the methylation level
alterations of the CpG sites related to the four
methylation-driven genes, we extracted infor-
mation of all CpG sites associated with these
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four genes. Differentially methylation analysis
was conducted using limma package in R envi-
ronment (|beta-value| > 0.10, p-value < 0.05).
We then calculated the correlation coefficient
between each site and its corresponding gene
expression. To promote the reliability of our
analysis, we validated our results in MEXPRESS
(http://mexpress.be). MEXPRESS is a web tool
for the integration and visualization of the ex-
pression, DNA methylation and clinical TCGA
data on a single-gene level. The data of this tool
was downloaded from the TCGA ftp site: level 3
per-gene RNA-seq v2 expression data (UNC
IluminaHiSeq_RNASeqV2), level 3 DNA meth-
ylation data (JHU_USC HumanMethylation450)
and clinical data (both clinical patient and
tumor sample data).

Results

Mean DNA methylation level alteration in tu-
mor tissues

Analysis of TCGA data showed an altered DNA
methylation level in lung SCC relative to corre-
sponding normal tissues. The mean methyla-
tion level was significantly lower in primary
tumors (n = 370) than normal tissues (n = 42)
(Figure 1A, p-value < 0.05). However, there
was no significant difference in mean methyla-
tion level among tumor stages (Figure 1B,
p-value > 0.05). We performed the differential
methylation analysis on the probe level to find
that there were 19,553 dys-methylated sites
(A|beta-value| > 0.25, p-value < 0.05 consid-
ered significant). The corresponding chromo-
somal locations of these methylation sites
were visualized as a heat-map (Figure 2).
Chromosome mapping revealed chromosome
distribution and relative methylation level
changes, with chromosomes 2 and 7 contain-
ing the highest number of dys-methylated sites
in lung SCC, of 1825 and 1716 sites respec-
tively and chromosome Y containing the least
(Supplementary Table 1).

Methylation-driven genes in lung SCC

The analysis of DNA methylation-driven genes
using MethylMix was based on a significant
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Figure 2. Visualization of chromosomal positions of dys-methylated loci in lung SCC. Red indicates hypermethylation

and blue indicates hypomethylation.

predictive effect on gene expression in cancer
[17]. As the heatmap shown (Figure 3A), a total
of 182 differentially methylated-driven genes
(136 hypermethylated and 46 hypomethylated)
were found based on 370 tumor samples and
42 normal samples in lung SCC (adjusted p-val-
ue < 0.05). Here, we exhibited the top 10 hyp-
ermethylated (left), and hypomethylated gen-
es (right) (Figure 4), which displays the Methy-
IMix model showing the low methylation state
matches the normal methylation and the high
methylation state corresponds to hypermeth-
ylation for hypermethylated genes, and the hi-
gh methylation state matches the normal meth-
ylation, and the low methylation state corre-
sponds to hypomethylation for hypomethylated

2001

genes. Figure 5 showed the inverse correlation
between DNA methylation and matched gene
expression of these 20 genes. Among these
182 methylation-driven genes, ALG1L is the
most hypomethylated gene (correlation coef-
ficient: approximately -0.44), whereas ZNF382
is the most hypermethylated gene (correlati-
on coefficient: about -0.43). The most signifi-
cant effect of DNA methylation on gene expr-
ession goes with MKRN3 (around -0.70) (Su-

pplementary Table 2).

To further investigate the biological functions
of methylated-driven genes in lung SCC, path-
way and function analyses were performed
with ConsensusPathDB. The methylation-driv-
en genes were mainly involved in pathways of
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Figure 3. Identification of methylation-driven genes in lung SCC as well as function and pathway analyses. A. Heat-
map showing the methylation changes of 182 methylation-driven genes in tumor vs. normal tissues, purple indicates
hypermethylation and green indicates hypomethylation. B. Pathways enriched for 182 methylation-driven genes (p-
value < 0.01). Horizontal axis demonstrates the number of genes enriched in their corresponding pathways; the
vertical axis represents the significantly enriched pathways. C. Bubble plots showing GO annotation results (p-value
< 0.05) for genes that were hypermethylated (left) or hypomethylated (right), respectively.

hydroxycarboxylic acid-binding receptors, gen-
eric transcription pathway, RNA Polymerase |l
Transcription, Nuclear Receptors Meta-Path-
way, Class A/1 (Rhodopsin-like receptors), and
NRF2 pathway (Figure 3B). The bubble plots
show GO enrichment data for methylated genes
(Figure 3C). For hypermethylated genes (left),
they were predominantly associated with DNA

2002

binding transcription factor activity, RNA bio-
synthetic process, regulation of RNA metabolic
process, regulation of biosynthetic process and
regulation of gene expression. For hypomethyl-
ated genes (right), they were mainly involved in
cornification, intermediate filament, Notch sig-
naling pathway, antibiotic catabolic process,
and intermediate filament-based process.
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Figure 4. Summary of top 10 hypermethylated (A) and hypomethylated genes (B). The histogram indicates the dis-
tribution of methylation across all tumor samples. The black bar above represents the distribution of methylation

values across normal samples.

Construction of prognostic signature based on
methylation-driven genes

The univariate Cox regression analysis results
suggested that there were 24 methylation-driv-
en genes gained significant prognostic value
for lung SCC with a p-value less than 0.05
(Supplementary Table 3). Next, the multivariate
Cox regression analysis was conducted to ev-
aluate the relative contribution of these pro-
gnostic methylation-driven genes in survival
prediction. We ended up having four methy-
lation-driven genes, GCSAM, GPR75, NHLRC1,
and TRIM58, as independent prognostic indica-
tors (p-value < 0.05). Individual survival analy-
sis of these four genes was performed. GCSAM
and NHLRC1 were hypomethylated in lung SCC
whereas GPR75 and TRIM58 were hypermeth-
ylated. Patients with low methylation levels of
GCSAM and GPR75 had longer survival times
while patients with high methylation levels of
NHLRC1 and TRIM58 had longer survival times
(Figure 6A). A prognostic prediction model was
constructed based on these four genes. Each

2003

patient was assigned with a risk score (Supp-
lementary Table 4). Survival analysis showed
that patients with high-risk scores had a short-
er survival time than those with low-risk scores
(Figure 6B). Time-dependent ROC analysis with
the survival ROC package demonstrated that
prognostic model performed relatively well in
lung SCC overall survival prediction, and the
area under the curve (AUC) of the time-depen-
dent ROC curve was 0.717, 0.704, 0.708, and
0.707 for 2-, 3-, 4-, and 5-year survival (Figure
6C). To assess whether the survival prediction
ability of our prognostic model is independent
of other clinical or pathological factors of the
patients with lung SCC, Cox regression analysis
was performed. Selected variables included
gender, age, race, tumor stage, T stage, N
stage, cigarettes per day and our risk-score
model. The results showed that our risk-score
model (HR = 1.7773, 95% Cl 1.361954 to
2.3194, p-value = 2.29e-05) was an indepen-
dent prognostic factor for patients with lung

SCC (Table 1).
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Figure 5. The correlation coefficients between gene expression values and methylation values of the top 10 hy-
permethylated (A) and hypomethylated genes (B). The higher the correlation coefficient, the stronger interaction

between gene expression and methylation.

Verifying the signature

The methylation alterations of each of the four
genes, GCSAM, GPR75, NHLRC1, and TRIM58,
were evaluated on two GEO datasets (GSE-
39279 and GSE75008). Consistent with the
findings in TCGA cohort, GCSAM and NHLRC1

2004

were hypomethylated while GPR75 and TRIM58
were hypermethylated in tumor samples (Figure
7, p-value < 0.05).

Next, the four methylation-driven genes were

fitted into LASSO Cox regression analysis with
10-fold cross-validation. When the Log lambda
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Figure 6. Cox regression analysis showed four methylation-driven genes were significantly related patients’ overall
survival. A. Individual survival analysis of the four methylation-driven genes, GCSAM, NHLRC1, GPR75, and TRIM58,
in lung SCC. The dashed line represents 95% confident interval (Cl). The p-value, hazard ratio, and 95% CI of each
gene is shown at the left lower corner of each plot. Green indicates low methylation and brown means high methyla-
tion. The optimal beta value separating two groups is displayed above. B. The Kaplan-Meier curve drawn using the
four genes to divide patients into high- and low-risk groups, the high-risk group had shorted survival time compared
to low-risk group (p-value < 0.001). C. ROC curve showing the suggested area under the curve for 2-, 3-, 4-, and 5
years.

Table 1. Univariate and multivariate analyses for the risk-score model

Univariate analyses Multivariable analyses

HR 95% CI p-value HR 95% CI p-value
Gender 1.001 0.6923-1.448 0.995 1.3696 0.864064-2.1710 0.18079
Age 1.156 0.642-1.165 0.339 0.9818 0.667570-1.4440 0.9258
Race: Black or African American ~ 1.3979 0.3173-6.159 0.658 0.5106  0.083615-3.1180 0.46654
Race: White 0.8536 0.2098-3.473 0.825 0.2533  0.047230-1.3586 0.10909
Stage 1A 0.2867 0.08575-0.9586 0.0425" 0.1923  0.049213-0.7515 0.01775"
Stage 1B 0.3991  0.12307-1.2940 0.1259 0.2461 0.065297-0.9274  0.03833"
Stage Il 0.8914  0.14861-5.3469 0.8999 0.2801 0.020781-3.7761 0.33765
Stage IIA 0.369 0.10781-1.2631 0.1123 0.124  0.025754-0.5966  0.00921""
Stage IIB 0.4284  0.13019-1.4098 0.1631 0.1546  0.029807-0.8014  0.02618"
Stage Il 3.6471 0.72258-18.4086 0.1172 0.5492 0.031587-9.5507 0.6809
Stage IlIA 0.6239  0.18852-2.0647 0.4397 0.1708 0.021925-1.3305 0.09153
Stage IlIB 0.5712  0.12643-2.5803 0.4666 0.0524  0.003278-0.8374 0.03703"
Stage IV 1.957 0.43636-8.7771 0.3805 1.1504 0.196732-6.7269 0.87644
Tla 2.071 0.8549-5.017 0.1068 25952 1.006607-6.6908  0.04843"
Tib 1.319 0.5663-3.074 0.52063 1.5796  0.641007-3.8927 0.32044
T2 1.664 0.9160-3.023 0.09454 1.1918 0.434448-3.2692 0.7333
T2a 1.784 0.9268-3.434 0.0832 1.3041  0.465897-3.6506 0.61312
T2b 2.377 1.0291-5.488 0.04265" 2.687  0.762900-9.4641 0.12388
T3 2.591 1.3495-4.974 0.00423" 1.6748 0.398057-7.0463 0.48179
T4 3.184 1.3723-7.389 0.00700™  5.3926 0.898577-32.3619  0.06533
N2 1.699 1.0100-2.857 0.0458" 1.7326  0.380119-7.8977 0.47759
Cigarettes 1.026 0.9272-1.134 0.624 1.0628 0.950816-1.1880 0.28358
Risk Score 1.793 1.471-2.186 7.57e-09""  1.7773  1.361954-2.3194 2.29e-05"""

*: p-value < 0.05, **: p-value < 0.01, ***: p-value < 0.001.

value was set to -4.818, which corresponds to
four genes, the model has the lowest deviance
(Supplementary Figure 1A). Next, each of the
four genes was assigned with a LASSO index
with which the LASSO score of each patient can
be calculated (LASSO score = 3.279008786 %
methylation of GCSAM + 1.509542569 x
methylation of GPR75 +-2.084452271 x meth-
ylation of NHLRC1 + -1.698699597 x methyla-
tion of TRIM58). With LASSO score, lung SCC
patients were classified into high- and low-risk
group using survminer package to find the opti-
mal cut-off value. Consistent with our multivari-
ate Cox model, there are 112 high-risk patients
and 251 low-risk patients, and the former have
significantly shorter survival time (Supplemen-

2006

tary Figure 1C, p-value < 0.001). Decision curve
analysis was performed to predict the net ben-
efit that patients can receive with our prognos-
tic model [18]. It is evident that patients can
obtain the best net benefit from our LASSO
model, which is also the combination of the
four methylation-driven genes (Supplementary

Figure 1D).

CpG sites of the four prognostic-related meth-
ylation-driven genes

To further investigate which parts of the four
methylation-driven genes were methylated in
lung SCC, we performed differentially methyla-
tion analysis of all CpG sites associated with
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Figure 7. Methylation status of GCSAM, NHLRC1, GPR75 and TRIM58 in GEO datasets which contains 40 normal
samples and 138 lung SCC tumor samples. GCSAM and NHLRC1 were hypomethylated, GPR75 and TRIM58 were
hypermethylated in tumor samples of GEO data (p-value < 0.05).

these four genes. Validation of our results
though MEXPRESS turned out to be consistent
(Figure 8 and Supplementary Table 5). In gen-
eral, their methylation level alterations were
inversely correlated with their gene expres-
sions, but not associated with gender (p-value
> 0.05). There are two methylation sites of
GCSAM which were significantly related to the
gene expression, cg06510261 is located in the
promoter region, and its methylation level has a
dramatic inverse relationship with the expres-
sion (r =-0.713). For GPR75, cg1959227 is the
most predominant methylation site altered.

2007

Discussion

All cancers arise as a result of changes that
have occurred in somatic mutations, copy num-
ber alterations, DNA methylation, and gene
expression in genomes. Using systematic stud-
ies of cancer genomes to guide the develop-
ment and application of therapies in the clinic
might be the most effective means for cancer
treatment [19]. Mammalian DNA methylation
plays critical roles in genomic imprinting, cell-
fate determination, chromatin architecture or-
ganization, and regulation of gene expression.
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Figure 8. Detailed Methylation data of the four prognostic-related genes. From top to bottom, clinical data, the
expression values, and the methylation data, the samples are ordered by their expression value. The arrow on the
left indicates its direction. When the arrow points down, the gene is located on the + strand. If it points up, the gene
lies on the - strand. Thin blue lines connect the probes to their respective genomic locations. The height of the blue
lines indicates the beta value for a probe. The values on the far right represent the Pearson correlation coefficient
between the methylation values for a probe and the expression values. Probes highlighted indicate they are located

in a gene’s promoter region.

Genetic studies have revealed abnormal DNA
methylation in cancer disorders [20]. Chronic
cigarette smoke-induced time-dependent epi-
genetic alterations are associated with abnor-
mal DNA methylation, which may prime for
changing oncogene senescence to addiction
for a single key oncogene involved in lung can-
cer initiation [21]. Previous studies showed that

2008

cancer cells have a global decrease in DNA
methylation, but at specific genes, DNA meth-
ylation is increased in association with silenc-
ing of genes that control cell growth, often
including tumor suppressors [22]. Studies fr-
om TCGA have generated comprehensive ca-
talogs of cancer genes involved in tumorigene-
sis across a broad range of cancer types [19].
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Here, we found that lung SCC has a global
decrease in DNA methylation compared to nor-
mal control. However, there was no significant
difference among tumor stage |, tumor stage Il,
tumor stage Ill and IV.

Several previous studies have compared me-
thylation patterns of chromosome arms in tu-
mors. Epigenetic deregulation across chrom-
osome 2014.2 provides a regional panel of
novel DNA methylation cancer biomarkers [23].
In our present studies, we characterized CpG
island methylation and methylation patterns of
entire chromosome arms with chromosome
mapping. Dys-methylated sites at CpGs in lung
SCC are mainly represented on chromosomes
2 and 7 containing the highest number of dys-
methylated sites in lung SCC, of 1825 and 1716
sites respectively. The Y-chromosome is the
sex-determining chromosome in many species
and plays a critical role in tumor suppression.
Studies by Yao L et al. indicated that aberrant
DNA methylation on the Y-chromosome could
serve as a potential diagnostic biomarker with
high sensitivity and specificity in prostate can-
cer [24]. Furthermore, we found chromosome Y
contains the least dys-methylated sites in lung
SCC, which may be associated with Y chromo-
some inactivation.

Many previous studies on aberrant methylation
in lung SCC merely focused on epigenetic alter-
ations without excavating their effects on
expression. Therefore, it is entirely necessary
that we distinguish the epigenetic changes that
act as effectors from “passenger” alterations
with no biologic effect. Thus, we used MethylMiX
to identify those genes with aberrant methyla-
tion and linked these data to transcriptome
data reflecting gene expression. It has been
shown that MethylMix is capable of generating
consistent results with other tools but also to
produce novel and unique findings [25].

In our study, we identified a total of 182 methyl-
ation-driven genes. Some of these genes have
been previously reported to be candidates in a
variety of diseases, but there are a certain
number of genes to be considered associated
with lung SCC for the first time. Pathway and
function analyses allow us to define methyla-
tion-driven genes to cancer-associated path-
ways. A pathway-centric view highlighted the
methylation-driven genes are involved in many
relevant oncologic pathways, including hydroxyl

2009

carboxylic acid-binding receptors, generic tran-
scription pathway, and RNA Polymerase Il tran-
scription, and gene expression, which are ass-
ociated with canonical cancer-associated path-
ways. Hydroxyl carboxylic acid receptors res-
pond to organic acids. There is evidence that
these receptors can mediate anti-inflammatory
effects [26]. Merlo A et al. found that 5 CpG
island methylation is associated with transcrip-
tional silencing of tumor suppressor in human
cancers [27]. Sanford T et al. reported that dif-
ferential methylation exhibited better or worse
prognosis after in patients with cystectomy
[28]. Guo D et al. demonstrated that low ex-
pression resulting from hypermethylation of
the tumor suppressor gene Kelch-like ECH-
associating protein 1 (Keapl) promoter abro-
gates binding of the transcription factor Sp1 in
lung cancer cells. Hypermethylation of DNA
binding transcription factor may be a possible
gene silencing mechanism [29]. Here, GO an-
alysis showed hypermethylated genes were
involved DNA binding transcription factor activ-
ity, RNA biosynthetic process, regulation of RNA
metabolic process, regulation of biosynthetic
process, and regulation of gene expression in
lung SCC. RNA biosynthetic and RNA metabolic
process involved in the stability of RNAs, which
represents a crucial point for cell death and
aging [30]. Yu Q et al. reported that miR-142
hypermethylation promotes TGF-B-mediated
tumor growth and metastasis through loss-of-
function of miR-142 in hepatocellular carcino-
ma [31]. Cornification, a basic types of cell
death, is distinguished from necrosis, apopto-
sis, and autophagy [32]. Targeting programmed
cell death provides a series of possible targets
in cancer therapy [33]. The cytoskeleton is
involved in cell adhesion and cell cycle progres-
sion. The cytoskeleton plays an essential role in
tumor invasion and metastasis [34]. Notch sig-
naling engaged in the development and cell
fate determination, and it is deregulated in
solid tumors [35]. In our present studies, GO
analysis indicated hypomethylated genes were
involved in cornification, intermediate filament,
Notch signaling pathway, cytoskeleton, epider-
mis development, cell differentiation.

Even though lung SCC is a devasting cancer
subtype, prognostic tools for lung SCC are lim-
ited. If we could precisely predict the tumor
behavior in the initial stage, the prognosis of
patients with lung SCC would be dramatically
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improved. In the current study, we have devel-
oped a relatively accurate risk score model for
lung SCC prognosis prediction through a com-
prehensive survival analysis of the prognostic
signature. Patients can be divided into high-
and low-risk groups according to their risk
scores, and the clinical outcome of lung SCC
patients was significantly different between
high- and low-risk groups. ROC analysis also
suggested that this risk score model has rela-
tively good accuracy. GCSAM (Germinal center-
associated signaling and motility protein) is
reported to be associated with regulation of
lymphocyte motility in lymphoma, but it also
functions in the regulation of kinase activation
and B-cell signaling, indicating its potential role
in lung SCC [36]. GPR75 is a G protein-coupled
receptor and may play a role in the signaling
pathway involving the PI3, Akt and MAP kinas-
es, previous studies have identified it could be
a novel methylated gene in colorectal cancer
[37, 38]. NHLRC1 is a kind of ubiquitin-protein
ligase and is involved in the pathway protein
ubiquitination [39]. As for TRIM58, studies have
shown that its methylation was significantly
related to many prognostic genes in lung SCC
[40]. As a result, the methylation level of these
four genes may have potential prognostic and
therapeutic significance in lung SCC.

Our current study has identified numerous
novel and unique methylation-driven genes,
which could have potential value in lung SCC
diagnosis and prognosis. Validation on external
datasets showed consistent methylation alter-
ations of GCSAM, GPR75, NHLRC1, and TRI-
M58, which may suggest their values in poten-
tial clinical applications.

In summary, our results indicate lung SCC
exhibited a global decrease in DNA methyla-
tion. Methylation-driven genes are associated
with cancer-associated pathways. We further
developed a relative accurate risk score model
for lung SCC prognosis prediction through a
comprehensive survival analysis of the progn-
ostic signature. Moreover, we found four me-
thylation-driven genes, GCSAM, GPR75, NHL-
RC1, and TRIM58, as independent prognostic
indicators.
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Supplementary Figure 1. Validation on the prognostic model using LASSO Cox regression analysis. A. Partial likeli-
hood deviance for the LASSO coefficient profiles. A dashed vertical. line stands for the minimum partial likelihood
deviance (logy =-4.818). B. LASSO coefficient profiles of the four methylation-driven genes. A dashed vertical line is
drawn atthe value (y = 0.006708057) chosen by 10-fold cross-validation. C. The survival curve using the four genes
to divide patients into high- and low-risk groups, the high-risk group had shorted survival time compared to low-risk
group (p-value < 0.001). D. DCA curve showing the combination of the four genes can provide more benefits for

patients’ survival prediction.



