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Monitoring methylation-driven genes as prognostic
biomarkers in patients with lung squamous cell cancer
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Abstract. Aberrant DNA methylations have been reported
to be significantly associated with lung squamous cell cancer
(LUSC). The aim of this study was to investigate the DNA
methylation-driven genes in LUSC by integrative bioinfor-
matics analysis. In the present study, methylation-driven genes
in LUSC were screened out, and survival analysis related to
these genes was performed to confirm their value in prog-
nostic assessment. Gene expression and methylation data were
downloaded from The Cancer Genome Atlas (TCGA), and the
MethylMix algorithm was used to identify methylation-driven
genes. ConsensusPathDB was used to perform Gene Ontology
and pathway enrichment analysis of methylation-driven genes.
Survival analysis was performed to investigate the correlation
with prognosis. In total, 52 differentially expressed methyla-
tion-driven genes were identified in LUSC and adjacent tissues.
Survival analysis showed that DOQX1, GPR75, STX12, and
TRIMG61 could serve as independent prognostic biomarkers.
In addition, the combined methylation and gene expression
survival analysis revealed that the combined expression level
of the genes ALGIL, DQX1, and ZNF418 alone can be used as
a prognostic marker or drug target. Methylation of four sites of
gene ZNF418,four sites of ZNF701,two sites of DQX1, and four
sites of DCAF4L2 was significantly associated with survival.
The present study provides an important bioinformatic and
relevant theoretical basis for subsequent early diagnosis and
prognostic assessment of LUSC.

Introduction

Lung cancer is a common malignant tumor, and is the
leading cause of cancer-related death in the United States and
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worldwide (1). The cancer occurs below the bronchi, and there
are no typical clinical symptoms in the early stage. According
to the characteristics of pathological tissues, lung cancer can
be classified into two major categories: Small cell lung cancer
(SCLC) and non-small cell lung cancer (NSCLC). NSCLC is the
most common subtype, accounting for >80% of all lung cancer
cases (2). The lung squamous cell cancer (LUSC) subtype
accounts for 25-30% of all lung cancers, and is mainly presented
as central lung cancer (3). Studies have shown that squamous
cell carcinoma is associated with smoking, and is common in
men (1,2). However, not all smokers develop lung cancer. Only
10-20% of smokers develop lung cancer in their lifetime, which
may be due to genetic differences in susceptibility (4). In recent
years, great progress has been made in molecular targeted
therapy for LUSC; however, further research is required.
Unfortunately, some patients do not benefit from conventional
chemotherapy and radiotherapy due to drug resistance and toxic
effects. Studies have shown that changes in neoplasms at the
molecular level occur earlier than various clinical features (5,6).
Therefore, research focusing on the molecular level may be
more conducive to the early diagnosis and treatment of cancer to
improve the prognosis. New diagnostic markers and therapeutic
targets are urgently needed to further improve the diagnosis and
treatment of LUSC, and to reduce the fatality rate.

Although progress continues to be made in the treatment of
non-squamous NSCLC, the needs of patients with squamous
NSCLC remain unmet. With regard to targeted chemotherapy
drugs, there has been a focus on non-squamous cell disease in
terms of most regulatory approvals for advanced NSCLC, and
updates to clinical practice guidelines. Although the progress
that has been made with the therapeutic strategies of squamous
NSCLC is limited, the identification of more effective treatments
for this patient group is gaining momentum. Therefore, further
research on LUSC will provide new directions for treatment.

With the use of the current advanced DNA methylation
and RNA sequence research methods, great progress has also
been made in research on the relationship between DNA meth-
ylation and gene expression during the onset and infiltration
of neoplasms. In a study of the integrative analysis of DNA
methylation and mRNA expression, Shi et al (7) revealed the
function of epigenetic changes on LUSC. However, the mecha-
nism contributing to oncogenesis is unclear, and in view of
this, Gevaert (8) developed MethylMix, a new computational
algorithm implemented in R software, to identify abnormal
methylated genes and predict changes in transcription. The
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Figure 1. Heatmap of methylation-driven genes. The red color represents hypermethylation, whereas the blue color represents hypomethylation.

Cancer Genome Atlas (TCGA) (9), a well-known database on
the cancer genome, provides a large amount of genetic infor-
mation and clinical data, which can assist in understanding the
clinical characteristics of molecular information.

In the present study, LUSC-related genes with abnormal
methylation were identified in the TCGA database, and asso-
ciated differential genes of abnormal methylation in LUSC
were determined. Gene expression and abnormal methylation
gene data of LUSC samples from the TCGA database were
analyzed. Four candidate genes [DQX/ (DEAQ-box RNA
dependent ATPase 1), GPR75 (probable G-protein coupled
receptor 75), STXI2 (syntaxin 12), and TRIM61 (putative
tripartite motif-containing protein 61)] were identified from 52
methylation-driven genes (P<0.05), which may be independent

prognostic biomarkers. Furthermore, the genes ALGIL (ALG1
chitobiosyldiphosphodolichol beta-mannosyltransferase like),
DQX1, and ZNF418 (zinc finger protein 418) were confirmed
to meaningfully predict prognosis by integrative survival
analysis. In addition, a significant association between site
methylation and survival was found.

Materials and methods

Data acquisition and preprocessing. Methylation and mRNA
expression data of LUSC patients were downloaded from the
TCGA database (https://portal.gdc.cancer.gov/) (accessed
March, 2019) (10). The methylation data were obtained from
573 samples, including 69 normal samples and 504 cancer
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Figure 2. Distribution map of methylation states of selective genes. Mixture models of ALGIL (A), ZNF418 (B), ZNF701 (C), DQXI1 (D) and
DCAFAL2 (E) are presented. The horizontal axis represents the methylation level, the vertical axis represents the number of samples, the histogram represents
the methylation states in the tumor group, and the curve represents the methylation distribution trend of the tumor group. The black line at the top represents

the methylation state in the non-tumor group.

samples, and the mRNA expression data were obtained from
551 samples, including 49 normal samples and 502 LUSC
samples. Clinical survival data were also included. The
LIMMA 3.40.6 package (http://www.bioconductor.org/pack-
ages/release/bioc/html/limma.html) (11) in R language was
employed to identify aberrant methylated genes and differen-
tially expressed genes between lung cancer and normal tissues.

Identification of methylation-driven gene. The
MethylMix (http://www.bioconductor.org/packages/
release/bioc/html/MethyIMix.html), an algorithm imple-
mented by R 3.5.2 software (http://www.rproject.org/) was
used to analyze the correlation between gene methylation and
gene expression and to screen methylation-driven genes. The
following three data files are required: DNA methylation data
for normal group; DNA methylation data from cancer group;
and matched gene expression data for cancer group. Based on
the MethylMix algorithm, the correlation between the level of
methylation and gene expression was calculated. Next, genes
significantly associated were identified and the hypomethyl-
ation and hypermethylation genes were also determined by
the f-mixed model. Finally, methylation-driven genes were
identified (8,12). P<0.05 and Cor<0.3 were the selected criteria
for screening.

Gene Ontology (GO) enrichment analysis. ConsensusPathDB
(http://cpdb.molgen.mpg.de/CPDB, version 34) is an online
software integrating interaction networks in Homo sapiens,
including binary and complex signaling, gene regulatory
and drug-target interactions, as well as biochemical path-
ways (13,14). The methylation-driven genes list was submitted
following the instructions on the website, the submit list was
clicked and the data were downloaded. Finally, the GOplot R
package was used to plot the enrichment results. P<0.05 was
set as the cut-off criterion for GO enrichment analysis.

Pathway analysis. ConsensusPathDB was also used to
perform pathway enrichment analysis of methylation-driven
genes (14,15). The pathway enrichment analysis of methyla-
tion-driven genes was performed using the Kyoto Encyclopedia
of Genes and Genomes (KEGG) database (http:/www.
genome.ad.jp/kegg/). The pathways were selected with P<0.05
as the cut-off criterion.

Survival analysis of driver genes and methylated sites. The
methylation levels of driver genes were extracted, followed
by Kaplan-Meier analysis using the survival analysis package
in R software to compare the effects of different methyla-
tion levels of driver genes on survival (16). The P-value was
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Figure 3. Correlation between the expression level of selective genes and the degree of methylation. (A-E) Pearson's correlation analysis revealed a negative
correlation between gene expression and methylation for (A) ALFIL, (B) ZNF418, (C) ZNF701, (D) DQX1 and (E) DCAF4L2. The abscissa represents the
methylation level, and the ordinate represents gene expression. Cor represents the correlation coefficient of Pearson's analysis.

obtained using the long-rank test. The level of gene methyla-
tion was then combined with gene expression data to analyze
the combined effect on survival, which was also performed
using the survival R package. In addition, the methylation
information on the related sites of the methylation-driven
genes was extracted, based on the downloaded methylation
and clinical data of squamous cell carcinoma from the TCGA
to further determine the value of the methylation-driven genes
for prognostic evaluation. The survival curve was drawn using
the survival R package. P<0.05 was considered to indicate a
statistically significant value.

Results

Screening of methylation-driven genes. A total of 52 meth-
ylation-driven genes were identified by comparing the levels
of methylation in tumor and normal tissues, and the genes
were visualized using a heatmap (Fig. 1). The methylation
level of 44 genes in the cancer group was higher compared
with that in the normal group, and the methylation level of
8 genes was lower compared with that of the normal group.
Five methylation-driven genes with the smallest P-values were
selected to plot a distribution map of the degree of methylation
(Fig. 2A-E). The distribution of the remainder of the genes is
shown in Fig. S1.

Correlation analysis between gene methylation and expression.
A correlation analysis between the methylation level of 52 meth-
ylation-driven genes and their expression was performed, which

indicated that the level of methylation was negatively correlated
with the respective expression of these genes. Five genes were
selected to generate their scatterplots, and to estimate the corre-
lation coefficient. These genes were the first 5 with the smallest
P-values in the correlation test (Fig. 3A-E).

GO enrichment analysis. GO enrichment analysis was
conducted using the ConsensusPathDB online software.
Methylation-driven genes were enriched in ‘intracellular
membrane-bounded organelle’, ‘Smc5-Smc6 complex’, and
‘SUMO ligase complex’ (Fig. 4).

Pathway analysis. The pathway enrichment analysis is shown
in Fig. 5, and was conducted in ConsensusPathDB online. In
total, 13 pathways were enriched. These genes were signifi-
cantly linked to ‘BARDI signaling events’, ‘Nicotine Pathway
(Dopaminergic Neuron)’ and ‘Pharmacodynamics’ (Fig. 5).

Survival analysis of methylation-driven genes in LUSC.
Survival analysis was statistically significant when the P-value
was <0.05. By analyzing the degree of gene methylation, it
was found that the genes DOXI, GPR75, STX12, and TRIM61
significantly affected the survival and prognosis of lung
cancer patients (Fig. 6). Taking genes methylation and expres-
sion as comprehensive factors, it was confirmed that the genes
ALGIL, DQOX]I, and ZNF418 were closely related to prognosis
(Fig. 7). The methylation levels of multiple sites of ZNF418,
ZNF701, DOX1 and DCAF4L2 were found to be correlated
with patient survival (Fig. 8).
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Figure 4. GO enrichment analysis of methylation-driven genes. Genes are on the left, pathways are on the right, and different pathways are presented in different
colors. The color for each pathway is annotated below the ring diagram. Genes and their corresponding pathways are linked together. GO, Gene Ontology.

Discussion

LUSC, which usually has a poor prognosis, is one of the major
subtypes of lung cancer, and is difficult to treat as patients tend
to be older and have a higher incidence of comorbidities (17,18).
The occurrence of lung cancer is an intricate biological
process involving multiple steps and factors, and is closely
related to changes in genetic information. Epigenetic changes
are involved in important aspects of lung cancer development,
and its regulatory mechanisms mainly involve DNA methyla-
tion, and non-coding RNA expression regulation and histone
modification (19).

In recent years, significant advances have been made in the
molecular biological mechanisms of LUSC, early diagnostic
evaluation markers, as well as specific genetic alterations.
DNA methylation is an epigenetic mechanism that leads
to tumorigenesis, and has attracted a lot of attention from

researchers. DNA methylation abnormalities have been found
at the genome level in the majority of tumors, including lung
cancer (20,21), and the frequency of CpG island hypermeth-
ylation in tumor cells is much higher compared with that of
gene mutation (22). Abnormalities in DNA methylation often
occur in the early stages of cancer, and persist throughout
the development of the cancer. Methylation or demethylation
may lead to tumor gene activation or inactivation of cancer
suppressor genes. DNA methylation is considered to be a
vitally important mechanism that causes cells to change from
a normal to malignant state (23), and is the possible cause of
tumor treatment tolerance (24). However, some studies have
found that differentially methylated genes serve as potential
cancer driver genes (25,26).

Previous research findings have verified that enhanced
expression of genes caused by hypomethylation, and decreased
expression caused by hypermethylation, serve an important
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role in the regulation and development of malignant carci-
noma (27,28). Methylation is a major epigenetic modification of
genomic DNA, and an important means of regulating genomic
function. Although epigenetic modifications are reversible,
they have great potential as effective therapeutic targets (29).
Therefore, the detection and treatment of DNA methylation as
a target will result in new strategies for the diagnosis and treat-
ment of lung cancer. For example, Sugimoto et al (30) found
that patients benefit from aberrant methylation of GRWDI
(glutamate rich WD repeat containing 1) in tumor develop-
ment, due to activity of the GRWDI gene being inhibited by
its own methylation in tumor cells, whereas expression of
the GRWDI gene can benefit tumor cell growth. In contrast,
Chen et al (31) found that hypermethylation of the AGTRI
promoter is more common in patients with LUSC. Ni er al (32)
showed that the methylation of gene SHOX2 (short stature
homeobox 1) is more pronounced in lung cancer, especially
in LUSC, and is a potential non-invasive biomarker of lung
cancer. A study by Guo et al (33) found that the hypermethyl-
ated state of WIF-1 gene, commonly found in NSCLC, is not
only more likely to occur in squamous cell carcinoma, but its
expression was also correlated with poor clinical prognosis.
In a study on tumor and corresponding non-malignant lung

tissue specimens, Kim et al (34) demonstrated that high meth-
ylation of the Wrap53a promoter predicts a worse prognosis in
patients with borderline significance. Zhang et al (35) reported
that PAX6 gene hypermethylation is an independent prognostic
indicator, and is significantly correlated with an overall low
survival rate of NSCLC, which may therefore be a potentially
attractive biomarker for prognostic assessment in NSCLC
patients. Thus, comprehensive functional and survival analysis
of methylation-driven genes is able to provide a deeper under-
standing of their underlying mechanisms, and to identify novel
strategies for lung cancer therapy.

In the present study, our aim was to investigate methyla-
tion-driven genes in patients with LUSC by analyzing data on
gene methylation downloaded from TCGA, and to assess their
relationship with prognosis. Fifty-two methylation-driven
genes were identified via the MethylMix package of R software.
Enrichment analysis was performed to investigate cellular
functions and pathways significantly associated with these
genes, and to further reveal the biological mechanism of these
methylation-driven genes. Functional enrichment analysis
revealed that these genes are mainly associated with ‘intracel-
lular membrane-bounded organelle’, ‘Smc5-Smc6 complex’,
and a variety of other functions, such as ‘SUMO ligase
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Figure 7. Survival curves related to the combination of gene expression and methylation level. (A) ALGIL; (B) DQXI; and (C) ZNF418.

complex’. These genes were found to be involved in ‘BARDI1
signaling events’, the ‘Nicotine Pathway (Dopaminergic
Neuron)’, and ‘Pharmacodynamics’ by enrichment pathway
analysis. These analyses revealed the function of these genes,

and their relationships with each other.

Survival analysis confirmed that methylation of the genes
DXQI, GPR75, STX12 and TRIM61 is closely related to prog-
nosis. Survival analysis for combined gene expression and
methylation indicated that ALGIL, DQX1, and ZNF418 could

serve as markers to predict prognosis, and may even be targets



HAN et al: METHYLATION-DRIVEN GENES IN LUNG SQUAMOUS CELL CANCER

A Survival curve { P=4.00x10"} B Survival curve { P=0.00x10") C Survival curve ( P=1.10x10") D Survival curve { P=3.90x10)
-] == cQIEISE0B1 Hypemsethylation 2 == cg21444693 Hypermethylation 2 = cQUBBASTZT Hypemethylaticn 21 ~ = cQIBETINNT Hypamathylation
eve CIBISE06T Mypomelhylaton <o cpZ1444693 hypomethytation «nee gOBBAETT hypomethylason “ee+ cgiBETIITT hypomethylation
1 \ iy
) N \\ N \ N \\
i 53-\n‘ R Nt ig'\\
- '\* E .
" v
i; §;- A 3 ha o, 3
E o h
- +
o o A wl 0 Tha s maees o
© ° gy e R TP @
2 R 2 S
T T T T T T T T r T T T T T T T T T T T T — T T T T T
o z 4 & 8 w0 12 w o 2z 4 6 8 w0 12 ° 4 8 8 W 12 o z 4 & &8 10 12
Timw (year) Time (yoar) Time (year) T (year)
E Survival curve ( P=2.30x10%) F Survival curve { P=2.70x10) G Survival curve { P=2.80x10 ) H Survival curve [ P=4.40x104)
a a
o | 2 == cg18TE5463 Hypermethylaton BN == cg10458142 Hypermethylaton 24 == cgO7528613 Hypemmethylation
- == 21902754 Hypermthylation "
\ o cgaienarss cg18TES463 hypomethyiation ©g 10458142 hypomethylason ==+ cgOT528613 hypomethylation
b = = @
| A\ ] N a
o o . o
§ 2 \‘; g3 ", s L is ;
3 "’._ ES ’-v‘_‘m . ‘:‘ai 3 ’..'“f‘\t—
.y - | %, . “sdaey 5 . .
I *h' - = ‘tl: ’._. = L, @ b‘-k, .
Ly b Myt R S,
i - edeodly M=oy . % - ey Sy
g L bemms E TR PR " ey
bt 'H__': ot | i i Cls i
| i H
1 o | o I s i
R I B — & — s —— 1
o 2 & & 8 10 12 1 o oz 4 & 8 W 17 W o 2z 4 & & W 12 W 6 2 4 8 8 W 12 W
S Time (year) Tiene (year) Tiewws (year)
I Survival curve (P-3.70x10°) J Survival curve  P=5.00x104) K Survival curve ( P=4,00x10") L Survival curve (P=2.90x107)
=1 3 - 3 T - Hypermethylation 2 4 i
= == cp24544108 Hypermethylation ﬁ::::g i mﬁ o - == opi8543993 Hypermwihylation
“re cgR4544108 hypomethylation Ppomethyl Pypomethyis “ee €g18543993 nypomethylaten
LR 3 31 o 3
- s w© s w e
£ 2 B ° ‘\%‘ ’S’& - \ " $ 31
B s "y
E ; . : 1 v
N - B S TNy
° (. - -, ° e
T * bt ) N
o ks R - e | 1. - —-— ~ o L PR
o4 L e -4?'_ ] = iy J & t. ==
H ' Herennee + ' - H
] i -l
. 2 AR E IIEE -
s T T T T T T T T T T T T T T T T T T T T T < T T T T T T T
6 3 4 & 4 W 4 o z 4 & 8 10 12 1 oz 4 & 8 10 12 u o 2z 4 & 8 1w 12 14
Tiene (year) Time (year) Time (year) Time (year)

M Survival eurve (P=1.40x10" ) N Survival curve (P=3.40x10°)
Bl g0y " 2 == cglO013196 Hypermethylation
- o e enen wre cqUOBIIIBE hypomethyiason
= 4
34 =
e,
g2 W § 3 \ ™
3 - -k
T
Wy, % - Wy Y
- i S g
° s W=y, __
e e g
3 W e R - .
...... . ' -y
- ' g4
= T T T T T T T T T T T T T T
o 2 4 1] 8 10 12 14 o 2 4 L) L 1w 12 "
Time (year) T (year)

Figure 8. Survival curves related to methylation sites. (A-D) ZNF418; (E-H) ZNF701; (I and J) DQX1; and (K-N) DCAF4L2.

in future targeted therapy of LUSC. The methylation levels
of multiple sites were shown to be correlated with patient
survival.

A previous study found that ZNF418 is expressed in
a variety of tissues, such as lung, pancreas, muscle, and
heart (36). ZNF418 is significantly down-regulated in gastric
carcinoma tissues (37). In the present study, integrated survival
and gene expression and methylation analysis revealed that
the gene ZNF418 tends to predict a poor prognosis in patients
with LUSC. This suggests that ZNF418 may be involved in the
mechanism of progression in LUSC. DCAF4L2 is a member
of the WD-repeat domain-containing protein family, which
is an intermediary of protein-protein interaction. The levels
of DCAF4L2 have been previously reported to be elevated in
lung cancer and in human colorectal cancer, leading to worse

clinical staging, involving lymphatic and distant metastases.
These findings confirm its oncogenic role (38). GPR75, a
G protein-coupled receptor, is significantly hypermethyl-
ated in colorectal neoplasia (39). Consistently, the present
study also showed that it is hypermethylated in LUSC, and
this hypermethylation is associated with infaust outcome of
LUSC. STX12 is a member of the syntaxin family of soluble
N-ethylmaleimide-sensitive factor attachment protein recep-
tors (SNARES). A previous study reported that STX12 is able
to mediate tumor cell invasion (40). The present study has
revealed that the expression of STX/2 is negatively correlated
with methylation, and hypermethylation of STX/2 is associ-
ated with favorable clinical results in LUSC. These results are
theoretically consistent with LUSC; however, further valida-
tion of our findings is needed in future studies.



ONCOLOGY LETTERS 19: 707-716, 2020

The study of methylation-driven genes has important
clinical significance for the early diagnosis and prognosis
of lung cancer. Methylation-driven genes are expected to be
identified as novel tumor markers for clinical application in the
future. It is plausible that our study provides credible potential
targets for the biological mechanism and clinical management
of LUSC. However, further research is required to confirm our
findings.
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