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Abstract

Background: DNA methylations in critical regions are highly involved in cancer
pathogenesis and drug response. However, to identify causal methylations out of
a large number of potential polymorphic DNA methylation sites is challenging.
This high-dimensional data brings two obstacles: first, many established
statistical models are not scalable to so many features; second, multiple-test and
overfitting become serious. To this end, a method to quickly filter candidate sites
to narrow down targets for downstream analyses is urgently needed.

Methods: BACkPAy is a pre-screening Bayesian approach to detect biological
meaningful clusters of potential differential methylation levels with small sample
size. BACkPAy prioritizes potentially important biomarkers by the Bayesian false
discovery rate (FDR) approach. It filters non-informative sites (i.e.
non-differential) with flat methylation pattern levels accross experimental
conditions. In this work, we applied BACkPAy to a genome-wide methylation
dataset with 3 tissue types and each type contains 3 gastric cancer samples. We
also applied LIMMA (Linear Models for Microarray and RNA-Seq Data) to
compare its results with what we achieved by BACkPAy. Then, Cox proportional
hazards regression models were utilized to visualize prognostics significant
markers with The Cancer Genome Atlas (TCGA) data for survival analysis.

Results: Using BACkPAy, we identified 8 biological meaningful clusters/groups
of differential probes from the DNA methylation dataset. Using TCGA data, we
also identified five prognostic genes (i.e. predictive to the progression of gastric
cancer) that contain some differential methylation probes, whereas no significant
results was identified using the Benjamin-Hochberg FDR in LIMMA.

Conclusions: We showed the importance of using BACkPAy for the analysis of
DNA methylation data with extremely small sample size in gastric cancer. We
revealed that RDH13, CLDN11, TMTC1, UCHL1 and FOXP2 can serve as
predictive biomarkers for gastric cancer treatment and the promoter methylation
level of these five genes in serum could have prognostic and diagnostic functions
in gastric cancer patients.

Keywords: DNA methylation; BACkPAy; LIMMA; Bayesian model

Background
DNA methylation is a biochemical process of adding a methyl group at the 5’ car-

bon of the cytosine ring in a nucleotide. It is an epigenetic modification in which

chemicals tag DNA and regulate gene expressions. Promoter DNA methylation is

associated with genes silencing, which contributes to the development of diseases,
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especially cancers. An active research field is to detect probes associated with differ-

ential methylation levels under contrasting conditions (e.g., sex and tissue types).

However, the dimensionality of the problem makes it much harder. The number of

features (probes) in methylation dataset is typically at least on the order of sev-

eral thousand, whereas the number of samples may be few, presenting challenges in

multiple hypothesis testing as well as overfitting.

In DNA methylation analysis, β value is a quantitative indicator of the methyla-

tion level. The formula is shown below

β =
Max(M, 0)

Max(M, 0) +Max(U, 0) + 100
, (1)

where Max(M, 0) is the intensity of methylated allele, while Max(U, 0) is the in-

tensity of unmethylated allele[1]. β value varies between 0 and 1, which represents

the degree of DNA methylation in a sample. Generally, “zero” indicates there is no

DNA methylation in CpG sites of the sample; “one” means that the focal CpG site

in all the cells of the sample is methylated. Additionally, we used 0.2 and 0.8 as

the thresholds of hypomethylation and hypermethylation. Alternatively, a β value

could be transformed to a M-value by the following formula

M = log2
β

1− β
. (2)

We can see the M-value and β-value are related through a log2 ratio transfor-

mation. However, the range of M-value is from -inf to +inf, which is larger than

β value. In this case, “zero” indicates the sample is half-methylated. And positive

values mean a methylation rate greater than 50% while negative values suggest a

methylation rate less than 50%.

It is quite hard to obtain meaningful results by applying traditional statistical

methods like t-test to compare methylation levels among different groups when we

have an extremely small sample size in each group. For instance, the ATM group

defined in [4] only contains one female and two male samples. To this end, our

novel method BACkPAy ([1]) is a suitable choice, which is developed to identify

features (probes) that are differentially expressed in varying conditions for down-

stream analyses[1]. By applying this method, we could filter potentially significant

probes by Bayesian FDR method and also obtain several biologically meaningful

clusters/groups (eg. UpUp-UpDown, UpDown-UpUp) of probes. Clusters of probes

represent the different patterns of methylation levels among groups. For instance,

according to UpUp-UpDown cluster, UpUp means there is a significant increase in

methylation levels from ATM to CAM and from CAM to NTM for male. On the

other hand, UpDown represents a significant increase from ATM to CAM while a

significant decrease from CAM to NTM for female.

In Figure 1, we provide an example of significant probes with UpUp-UpDown

cluster we aim to detect. The figure shows that five potentially significant probes

with differential methylation levels among three groups based on different tissue

types have been filtered. On the one hand, we could indicate that the methylation

levels between male and female samples in NTM group are different for selected
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five probes. On the other hand, for both male and female samples, these five probes

have differential methylation levels among three groups.

In this paper, we filtered significant CpG sites with p-values less than 0.05 by

ANOVA at first. Then, 15,504 probes passing this critical value were used to detect

the methylation differences among three groups comparing male to female samples

by two statistical methods: LIMMA and our innovative Bayesian method (BACk-

PAy). After filtering potentially significant probes combined with TCGA data by

BACkPAy, we further fitted a Cox model in order to obtain several significant genes

as biomarkers for cancer identification.

In Section 2, we introduced statistical methods in details. In Section 3, we com-

pared the results of two methods through methylation data of gastric cancer. The

filtered significant probes by BACkPAy were separated into clusters with differen-

tial methylation levels. We also detected significant genes with prognostic function

in gastric cancer by Cox model based on TCGA data relevant to potential signifi-

cant probes filtered by BACkPAy and summarized some methylation biomarkers in

different gastric groups (ATM, CAM and NTM). By the analysis of changes in DNA

methylation and corresponding RNA gene expression, the effects of hypomethyla-

tion or hypermethylation among different gastric groups in terms of these biomark-

ers have been discussed. Finally, we concluded with a brief discussion in Section

4.

Methods
Datasets

In this work, we used a dataset with very small sample size and a large number

of features, which is available from the National Center for Biotechnology Infor-

mation (NCBI) Gene Expression Omnibus (GEO) public functional genomics data

repository with GEO number GSE97686 and GSE107161 [4]. They are originated

from the Illumina Infinium HumanMethylation450 BeadChip arrays with 424,383

probes and obtained from 9 blood samples with gastric stromal myofibroblasts. Sex

and tissue type are treated as experimental and independent variables respectively.

There are three different tissue types: primary gastric cancer-associated myofibrob-

lasts (CAM), patient-matched adjacent tissue myofibroblasts (ATM) and unrelated

normal tissue myofibroblasts (NTM). Each tissue type contains 3 samples. Before

analyzing methylation data, we pre-processed the original β values in GSE97686 by

logit transformation to get M-values that are more statistically valid for the differen-

tial analysis of methylation levels [3]. Similarly, GEO GSE107161 gene expression

data contains total RNA with 47312 genes obtained from gastric stromal myofi-

broblasts, including 3 CAMs, 3 ATMs and 3 NTMs, and hybridised to theIllumina

HumanHT-12v4 Expression BeadChip.

Some preliminary processing steps have been applied to the two datasets: (1)

we remove genes with missing expression values for GSE107161; (2) and applied

ANOVA to filter probes/genes with significant differences among tissue types (P-

value<0.05). BACkPAy and LIMMA were applied to the remaining 15504 probes

and 738 genes for the DNA methylation and gene expression datasets respectively.

In this manuscript, we also used the survival data of gastric cancer from TCGA-

STAD dataset, The Cancer Genome Atlas Stomach Adenocarcinoma. TCGA-STAD
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level-3 mRNA expression data contains 238 sample subjects with 26,540 mRNA

markers.

BACkPAy

BACkPAy [1] is a recently released software that implements a Monte Carlo Markov

chain (MCMC) algorithm for the detection of omics patterns. BACkPAy is one of

the few statistical methods that is able to detect omics patterns while identifying

differential omics features between experimental conditions when sample sizes are

extremely small. Here, we provide a general overview of the method. Additional

details on the BACkPAy architecture as well as on the software can be found in [1].

The method relies on a constrained Bayesian mixture model for clustering that

groups omics features (e.g., proteins) into biologically meaningful clusters. Patterns

of differentially features in varying conditions are obtained as combinations of these

clusters. In particular, by applying BACkPAy to the dataset, our aim is to group

methylation probes based on their methylation profile over the three different tissue

types for male and female samples.

Overall, the methylation data is encoded as Y = (ys, j = 1, ..., p; s = 1, 2), where

yjs = (yjs1, yjs2, ..., yjsns
) is a vector in which each element yjsi represents the M-

value of probe j in sample i = 1, ..., ns of type s, s = 1 if the sample is male and

s = 2 if female. Then, we assume that yjs comes from a mixture of a finite number

H of components. Given the h’th component (cluster) of the mixture, the model is

written as

yjsi = ajh + xsi1βh1 + xsi2βh2 + ǫjsih, ǫjsih ∼ N(0, σ2

h), (3)

where ajh is the probe-specific random effect of probe j within cluster h, xsi1 = 1

(i.e. k = 1) if sample i of type s (male or female) is from ATM group, and 0

otherwise; and xsi2 = 1 (i.e. k = 2) if sample i of type s is from NTM group,

and 0 otherwise. Finally, (βh1, βh2) is the vector of slopes that measures the tissue

type group effects. Through prior distributions of the slopes, we defined H = 9

clusters with respect to the signs of the coefficients βsh1 and βsh2. For instance,

cluster 1 (DownUp) is characterized by features with decreasing methylation level

from ATM group to CAM group and increasing methylation level from CAM group

to NTM group (β11 > 0 and β12 > 0), and cluster 2 (FlatUp) is characterized by

features with constant methylation level from ATM to CAM group and increasing

methylation level from CAM group to NTM (β21 = 0 and β22 > 0), etc. Patterns

of probes can be obtained by combining those clusters with respect to variable

Sex. For instance, pattern of features DownUp-FlatUp is a group of probes that

belong to clusters DownUp and FlatUp for male and female samples respectively.

We would be interested in 8 patterns illustrated in Figure 2 to find out significant

probes showing different methylation levels in each group and in each sex. The 8

patterns show differential methylation for 3 tissue types between males and females.

Among these pattern plots, N represents the number of significant probes filtered

with threshold=0.5 in each kind of pattern. We can analyze differential methylation

from two angles: (i) the differential methylation profile among three groups for both

male and female samples. (ii) DNA methylation based on the change or no change

in levels between male and female samples at a specific group.
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We studied the performance of BACkPAy on both simulated and proteomic cell

line data with extremely sample sizes in each experimental condition (e.g. 1 or 2

samples per condition). We also shown that BACkPAy outperforms other meth-

ods designed to detect proteins differentially expressed such as LIMMA (linear

model approach with robust hyperparameter estimation,[10]), EDGE (Extraction

and analysis of Differential Gene Expression,[11]) and MB-statistic (multivariate

empirical Bayes statistic, [12]). LIMMA is one of the most popular method for de-

tecting differential features in particular when the sample size is small. However, in

contrary to BACkPAy, the method cannot be applied to a dataset with only one

sample in each experimental condition. We also applied LIMMA to our GEO data,

whose details are presented below.

LIMMA

LIMMA is an R/Bioconductor software package using linear models with robust

hyperparameter estimation to assess differential methylation levels in several (more

than 2) groups. It is a popular package. We fitted a linear model using lmFit

function in R to estimate βj, the differences among three groups for the j’th probe.

Let yT
j = (yj1 , ..., yjn) define the DNA methylation level (M-value) for three groups

with n = n1 + n2 + n3 for the j’th probe. The expected value of yj is defined

as E(yj) = Xαj , where X is a design matrix providing a representation of the

different DNA methylation targets that have been hybridized to the arrays, αj is

a vector of coefficients. βj = CTαj , where C is a contrast matrix. Thus, the null

hypothesis for testing the DNA methylation differences between male and female

in each group is H0 : βjt = 0 for probe j = 1, ..., n and t = 1, 2, 3 representing three

groups of tissue type. The test statistic for testing H0 is the moderated t-statistic,

based on a Bayesian approach, defined by

t̃jt =
β̂jt

s̃j
√
vjt

. (4)

The p-value for testingH0 is calculated from the t distribution with dj+d0 degrees

of freedom. More information on s̃j , vjt, dj and d0 could be found in the reference[1].

If the p-value of t̃jt is less than 0.05, we could reject the null hypothesis H0, i.e.

there is a significant difference between male and female for probe j in group t.

Conversely, If p-value is larger than 0.05, that means there is no difference between

male and female for probe j in group t.

Results
Gene expression profiling with TCGA data

From the result of BACkPAy shown in Figure 2, we have selected 181 significant

probes with 8 patterns. These significant probes were selected by q-value with a

threshold of 0.05, which indicates that these probes are likely to have differential

methylation levels between males and females (95%). To further investigate probes

of interest found using BACkPAy, we analysed TCGA-STAD data that contains

approximately 238 cancer patients. We focused on mRNA expression and the over-

all survival time of those patients. From TCGA data, we identified the mRNA
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expression of genes relative to the identified probes. We then fitted univariate Cox

proportional hazard models for each gene [13]. Table 1 presents five genes that were

found to be associated with survival time (adjusted P-value<0.05). Those genes are

RDH13, CLDN11, TMTC1, UCHL1 and FOXP2. Complete results for all genes are

presented in the Supplementary material.

For each of the 5 genes, i) we created two groups of samples that have low and

high mRNA expressions as described in Figures 4-8; and ii) related those two groups

to the overall survival time of gastric cancer patients. The corresponding Kaplan

Meir survival curves of the two groups for each gene were generated in Figures 4-8.

For gene RDH13, high expression is associated with decreased survival time while

for the other genes, CLDN11, TMTC1, UCHL1 AND FOXP2, high expression is

associated with increased survival time.

Figure 3 describes the circular plot of DNA methylation of significant probes

identified by BACkPAy and corresponding gene expression profiling. In Figure 3,

genes with the same color belong to the same pattern (e.g., genes written in blue

indicate that important methylation probes from those genes belong to pattern

UpUp-UpDown). As these genome regions show distinct DNA methylation patterns

in myofibroblast populations, it is possible that these methylation patterns have

significant influence on the growth or discovery of gastric tumors.

From Figure 3, we can observe that genes in chromosomes 6, 15 and 20 have

similar methylation patterns, DownUp-UpUp or DownUp-DownDown. That means

genes in these chromosomes show identical methylation pattern (DownUp; decrease

from ATM to CAM and increase from CAM to NTM) for males while they have

two different patterns for females (UpUp and DownDown). On the other hand, the

two genes, CHMP4C and TRAPPC9 in chromosome 8, show the same methylation

pattern (DownDown) for females while the methylation pattern for males is totally

different between the two genes (DownUp pattern in CHMP4C, UpDown pattern

in TRAPPC9). This indicates that, for gastric cancer, Sex shows a strong effect on

the methylation pattern in chromosomes 6, 8, 15 and 20.

Additionally, in the third track from Figure 3, we illustrate that ARHGAP29,

GNA13, TRPPAC9, EGFR, CDH23, ANKRD11, ARID3A and MYH9 are all hy-

pomethylated (i.e., an increase in the proportion of unmethylated cytosines in a

specific sequence that is normally methylated) in 9 samples with gastric cancer.

Among them, gene ARHGAP29 and ARID3A are from UpDown-UpUp cluster, gene

GNA13 is from UpUp-UpDown, MYH9 is from DownDown-UpDown and the re-

maining four genes (TRPPAC9, EGFR, CDH23, ANKRD11) are all from UpDown-

DownDown pattern. It implies that hypomethylation of these genes is likely to have

a predictive function for gastric cancer and different type of patients (male or fe-

male with different tissue type) would have differential hypomethylated probes in

details.

Differentially probes/genes using BACkPAy and LIMMA

In addition of detection patterns, BACkPAy is also able to identify non-differentially

probes i.e probes that do not have a significant change between tissue types for

male and female samples. Those probes actually belong to group FlatFlat-FlatFlat.
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Using our GEO methylation data, BACkPAy identified 11834 (out of 15504) po-

tential differential probes (Bayesian q-value<0.05) while we got only 1080 differ-

ential probes using LIMMA (p-value with F distribution<0.05). We note that in

the presence of extremely small sample sizes (one or two samples per experimen-

tal condition), BACkPAy can be considered as a “pre-screen” method that screens

out non-differential probes and keeps potential differential probes but not neces-

sary important ones. On the other hand, for gene expression data (GSE107161),

the number of potential differential genes filtered by BACkPAy is 10 out of 738,

which is smaller than genes we got by LIMMA (34 out of 738). For these 10 genes,

they have no overlap with those filtered obtained from methylation dataset. For

both DNA methylation and gene expression datasets, after adjusting the p-values

obtained by LIMMA with the Benjamin-Hochberg approach [14], we were not able

to find any significant probes/genes (p-value<0.05).

Methylation profiling of gastric tumors purified from different tissue type and

different sex in each group

Table 1 lists prognostics probes with their corresponding groups/patterns and ad-

justed p-values while relating genes to survival time. For gene RDH13 (or probe

cg18743287), there is no significant difference between male and female in both

CAM and ATM groups (Up-Up) while the difference can be seen in NTM group

(Up-Down). Similarly, we can get the methylation levels between male and female in

NTM group are significantly different in gene UCHL1. In addition, the methylation

levels between different sex in CAM group have significant differences in CLDN11,

TMTC1 and FOXP2. And the last column in Table 1 implies the effect of genes

on gastric cancer survival time. Positive represents high expression of this gene as-

sociated with better survival time while negative represents high gene expression

combined with poorer survival time for gastric cancer.

Promoter hypomethylation induces RDH13 expression in gastric cancer groups

Figure 9 shows that the RDH13 promoter is hypomethylated in ATM tissue group,

which means that its methylation level is lower in ATM than the other two tissue

types (CAM and NTM). However, the gene expression among tissue types confirms

that RDH13 is significantly upregulated in ATMs compared to the other two tissue

types, especially in NTM group. On the other hand, using TCGA data, Figure 4

shows that gastric cancer patients with low RDH13 expression have a better sur-

vival than those with high expression. Collectively, these results provide a strong

indication that RDH13 expression may be induced by cancer-induced reprogram-

ming, resulting in RDH13 promoter hypomethylation within gastric ATM group. In

summary, the hypomethylation of gene RDH13 may provide a proxy or biomarker

for gastric identification in ATMs.

Promoter hypermethylation represses CLDN11 expression in gastric ATM and

CAM group

For gene CLDN11, Figure 10 shows DNA methylation levels in each tissue type

are NTM>ATM≈CAM, whereas the gene expression plot indicates that CLDN11

is upregulated in ATM and CAM tissue types compared with NTMs. But all of
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the methylation levels in three tissue types are commonly hypomethylation. Inter-

estingly, gastric cancer patients with low CLDN11 expression level are associated

with poorer overall survival time (Figure 5). Hence, we can conclude that the hy-

pomethylation can enhance CLDN11 expression levels and further inhibit the de-

velopment of gastric tumors. On the contrary, the hypermethylation of CLDN11 are

more likely to accelerate tumor growth. Collectively, all of the results above illus-

trate that CLDN11 expression may be repressed by hypermethylation in promoter

region, which induces the gastric cancer.

Promoter hypermethylation induces TMTC1 expression in non-cancer group

In order to investigate the cancer-induced change in TMTC1 expression, as the

previous two genes, we extracted the survival data of TMTC1 using TCGA data,

and the gene expression data of 9 samples in GSE107161 across the three tissue

types. These data indicate that the level of TMTC1 promoter DNA methylation

gradually changes in gastric cancer with low level in ATM and CAM tissue types

and high level in NTM group which its β value is about 0.8, hypermethylation,

in Figure 11. In addition, the gene expression showed that TMTC1 expression is

almost the same among three tissue types. Figure 6 also shows that gastric cancer

patients with high TMCTC1 expression have better survival than low expression.

In conclusion, these data might provide strong evidence that TMTC1 expression

have a repressive influence on gastric cancer, further proving TMTC1 promoter

hypermethylation in NTMs will repress gene expression in gastric cancer.

Promoter hypermethylation represses UCHL1 expression in gastric cancer

group

Based on 9 samples, the plots of means of beta-value and gene expression among

three groups confirm that these methylation trends represent a negative correlation

with UCHL1 expression patterns (Figure 12). Especially, UCHL1 is significantly

downregulated in ATMs, the tissue group of gastric cancers. Moreover, patients with

high UCHL1 expression have longer survival time than patients with low expression

(Figure 7). We can conclude that promoter UCHL1 hypermethylation is associated

with the repression of UCHL1 expression in gastric cancer group.

Promoter hypomethylation induces FOXP2 expression in non-cancer group

For the gene FOXP2, we found that the methylation levels in ATM and CAM sam-

ples are quite similar while the level in NTMs is lower. However, FOXP2 expression

level is upregulated in NTMs compared with other two tissue types (Figure 13).

Moreover, patients with high gene expression have better survival time as shown

in Figure 8. Thus, the upregulation of FOXP2 expression in NTMs and the better

survival time in high-expressed group confirm that hypomethylation have a signifi-

cantly positive effect on FOXP2 expression in non-cancer group.

Association of genes RDH13, CLDN11, TMTC1, UCHL1 and FOXP2 with

previous cancer studies

Here, we identify and report the relationship between the five genes and previous

cancer disease studies. It is known that RDH13 shares the greatest sequence similar-

ity with RDH11, RDH12 and RDH14, which are integral membrane proteins of the
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endoplasmic reticulum and its subcellular localization in prostate cancer LNCaP

cells, which express endogenous RDH13 at high levels. The protein expression pat-

tern of RDH13 is in agreement with the presence of RDH13 transcripts in at least

32 adult tissues, as well as in embryonic and cancer tissues, as reported in the

Expressed Sequence Tag GenBank database [15]. Gene CLDN11 (claudin-11) has

been shown to be silenced in gastric cancer via hypermethylation of its promoter

region, and this hypermethylation is significantly correlated with downregulation

of CLDN11 expression versus normal tissues [16]. It has also be shown that dur-

ing the treatment of gastric cancer, differentially downregulated TMTC1 protein is

identified in human gastric carcinoma cells [17], and TMTC1 is also found to be

correlated with breast cancer at the functional level [18].

Gene UCHL1, Ubiquitin C-terminal hydrolase-L1 (UCHL1) is a de-ubiquitinating

enzyme. As pointed out in [19], its function is controversial in different types of

cancer diseases as it can be an oncogene (i.e. causes cancer) or a tumor suppressor.

It’s an oncogene in cancer disesases such as non-small lung cancer, lymphoma, etc.

On the other hand, it is also reported that the expression of gene UCHL1 inhibits

the growth in silenced cell lines, which indicates that UCHL1 is a kind of tumor

suppressor in gastric and other digestive cancers [19].

For gene FOXP2, several researches have also reported the roles of FOXP2 as a

tumor suppressor in gastric cancer and other diseases like osteosarcoma and hepa-

tocellular carcinoma. It is revealed that FOXP2 expression was associated with the

regulation of microRNAs in cancer cells. With the similar function of UCHL1 as a

tumor suppressor in some cancers, FOXP2 could inhibit the growth of cancer cells

by suppressing a series of cancer stem cell associated factors [21, 22].

Conclusion
Gastric cancer is the third leading cause of cancer death worldwide and it is gen-

erally accepted that promoter methylation is an epigenetic mechanism playing an

important role in regulating gene expression. Broadly, it has been frequently ob-

served in almost all types of human malignancies such as gastric cancer. As a result,

the detection of methylated DNA in the serum could provide a promising method

for the prognosis and noninvasive diagnosis of gastric cancer. Additionally, we in-

vestigated novel serum methylation markers which have diagnostic or prognostic

value in patients with gastric cancer.

To demonstrate the utility of BACkPAy, we chose a dataset with very small sample

size. It was shown that the Bayesian hierarchical clustering approach in BACkPAy

is advantageous for data with high-dimensional but very small sample sizes. In this

paper, we identified 181 differential probes that belong to 8 distinct patterns. On the

other hand, comparing male to female samples, we conclude that the probes within

UpUp-UpDown, UpDown-UpUp, DownUp-DownDown and DownDown-DownUp

clusters have significant difference between female and male samples in NTM group,

whereas, the probes from UpUp-DownUp, UpDown-DownDown, DownUp-UpUp

and DownDown-UpDown clusters have differential methylation level comparing

male to female samples in CAM group. The result of patterns was visualized in

3D plots (Figure 2).

Further, we identified 5 prognostic genes (RDH13, CLDN11, TMTC1, UCHL1 and

FOXP2) in gastric cancer. Except for RDH13, genes CLDN11, TMTC1, UCHL1 and
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FOXP2, have been reported as tumor suppressors due to the inactivation of gene

expression in gastric cancer ([4]). Conversely, our analysis implies that the overex-

pression of gene RDH13 raises the probability of gastric cancer. Specifically, DNA

hypomethylation may lead to induce the RDH13 expression in gastric ATM group,

whereas DNA hypermethylation is able to cause decreasing expression of UCHL1

in ATMs. Promoter hypermethylation will repress the expression of CLDN11 and

FOXP2 in both ATMs and CAMs while DNA hypermethylation have repressive

effect on the TMTC1 expression in gastric NTM group.

In summary, we indicated that DNA methylation level in the serum has the poten-

tial to serve as prognostic and diagnostic biomarkers for cancers. In this manuscript,

we revealed that RDH13, CLDN11, TMTC1, UCHL1 and FOXP2 can serve as pre-

dictive biomarkers for gastric cancer treatment and the promoter methylation level

of these five genes in serum could have prognostic and diagnostic functions in gastric

cancer patients.
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Figure 1 Example of probes with differential expression pattern, UpUp-UpDown, among three
groups when comparing male (red – UpUp trajectory in this example) to female (green –
UpDown trajectory in this example) samples.

Tables

Table 1 Significant genes for diagnosis of gastric cancer by Cox model.The first four columns list
prognostics probes filtered by BACkPAy, their related, corresponding groups/patterns of methylation
levels and adjusted p-values calculated by Benjamin-Hochbergapproach, respectively. The last column
shows the effect of genes on gastric cancer survival time. + indicates high gene expression associated
with better survival time while - indicates high gene expression with poorer survival time

probe gene name pattern adjusted p-value sign
1 cg18743287 RDH13 UpUp-UpDown 0.0325 -
2 cg17078427 CLDN11 UpUp-DownUp 0.0325 +
3 cg05471616 TMTC1 DownUp-UpUp 0.0325 +
4 cg09921610 UCHL1 DownUp-DownDown 0.0325 +
5 cg20050108 FOXP2 UpDown-DownDown 0.0338 +
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Figure 2 Three-dimensional patterns of differential methylation levels. there are eight different
patterns for three groups (CAM, ATM and NTM) comparing male to female samples
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Figure 3 Circular plot of DNA methylation levels of significant genes in stromal
myofibroblasts.The outermost ring represents human ideograms, i.e. genome positions by
chromosomes. The black lines are cytobands. The labels outside the ring are the names of
significant genes selected by BACkPAy. Different colors of these gene labels represent the
differential methylation patterns significant genes belong to among ATM (adjacent tissue-derived
myofibroblast), CAM (cancer-associated myofibroblast) and NTM (normal tissue-derived
myofibroblast) groups comparing male to female samples. The first track shows the adjusted
p-value of these significant genes with the survival data in TCGA package. (red: pvalue¡0.05, blue:
¿0.05). The second track represents the DNA methylation level of corresponding CpG sites from
significant genes in nine samples. (red: M value¿2, hypermethylated loci, blue: M value¡2,
hypomethylated loci).

Figure 4 Survival analysis in RDH13. The left panel depicts the histogram of gene expression,
we set 6 as the threshold. The right panel is Cox proportional hazard regression analysis of overall
survival in gastric cancer patients according to the degree of gene expression
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Figure 5 Survival analysis in CLDN11. The left panel describes the histogram of gene expression,
we set 0.5 as the threshold. The right panel is Cox proportional hazard regression analysis of
overall survival in patients with gastric cancer according to the degree of gene expression

Figure 6 Survival analysis in TMTC1. The left panel depicts the histogram of gene expression,
we set 2 as the threshold to divide overall expression into two groups. The right plot is the overall
survival plot in gastric cancer patients according to the degree of gene expression by Cox model

Figure 7 Survival analysis in UCHL1. The left panel depicts the histogram of gene expression, we
set 2 as the threshold to divide overall expression into two groups. The right plot is the overall
survival plot in gastric cancer patients according to the degree of gene expression by Cox model

Figure 8 Survival analysis in FOXP2. The left panel depicts the histogram of gene expression,
we set 1 as the threshold. The right panel is Cox proportional hazard regression analysis of overall
survival in gastric cancer patients according to the degree of gene expression
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Figure 9 The overall methylation and gene expression levels of the RDH13 promoter region.

Figure 10 The overall methylation and gene expression levels of the CLDN11 promoter region.

Figure 11 The overall methylation and gene expression levels of the TMTC1 promoter region.

Figure 12 The overall methylation and gene expression levels of the UCHL1 promoter region.
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Figure 13 The overall methylation and gene expression levels of the FOXP2 promoter region.



Figures

Figure 1

Example of probes with differential expression pattern, UpUp-UpDown, among three groups when
comparing male (red { UpUp trajectory in this example) to female (green { UpDown trajectory in this
example) samples.



Figure 2

Three-dimensional patterns of differential methylation levels. there are eight different patterns for three
groups (CAM, ATM and NTM) comparing male to female samples



Figure 3

Circular plot of DNA methylation levels of signi �cant genes in stromal myo broblasts. The outermost ring
represents human ideograms, i.e. genome positions by chromosomes. The black lines are cytobands. The
labels outside the ring are the names of signi� cant genes selected by BACkPAy. Different colors of these
gene labels represent the differential methylation patterns signi cant genes belong to among ATM
(adjacent tissue-derived myo broblast), CAM (cancer-associated myo broblast) and NTM (normal tissue-
derived myo broblast) groups comparing male to female samples. The  rst track shows the adjusted p-
value of these signi� cant genes with the survival data in TCGA package. (red: pvalue<0.05, blue: >0.05).
The second track represents the DNA methylation level of corresponding CpG sites from signi �cant genes
in nine samples. (red: M value>2, hypermethylated loci, blue: M value<2, hypomethylated loci).



Figure 4

Survival analysis in RDH13. The left panel depicts the histogram of gene expression, we set 6 as the
threshold. The right panel is Cox proportional hazard regression analysis of overall survival in gastric
cancer patients according to the degree of gene expression

Figure 5

Survival analysis in CLDN11. The left panel describes the histogram of gene expression, we set 0.5 as the
threshold. The right panel is Cox proportional hazard regression analysis of overall survival in patients
with gastric cancer according to the degree of gene expression



Figure 6

Survival analysis in TMTC1. The left panel depicts the histogram of gene expression, we set 2 as the
threshold to divide overall expression into two groups. The right plot is the overall survival plot in gastric
cancer patients according to the degree of gene expression by Cox model

Figure 7

Survival analysis in UCHL1. The left panel depicts the histogram of gene expression, we set 2 as the
threshold to divide overall expression into two groups. The right plot is the overall survival plot in gastric
cancer patients according to the degree of gene expression by Cox model

Figure 8

Survival analysis in FOXP2. The left panel depicts the histogram of gene expression, we set 1 as the
threshold. The right panel is Cox proportional hazard regression analysis of overall survival in gastric
cancer patients according to the degree of gene expression



Figure 9

The overall methylation and gene expression levels of the RDH13 promoter region.

Figure 10

The overall methylation and gene expression levels of the CLDN11 promoter region.

Figure 11

The overall methylation and gene expression levels of the TMTC1 promoter region.



Figure 12

The overall methylation and gene expression levels of the UCHL1 promoter region.

Figure 13

The overall methylation and gene expression levels of the FOXP2 promoter region.
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