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Abstract 

Gastric cancer is one of the leading causes of cancer-related mortality worldwide, and DNA 

hypermethylation, particularly CDKN2A/p16 promoter hypermethylation, plays a critical role in 

tumor suppressor gene silencing during gastric carcinogenesis. DNA methyltransferase (DNMT) 

inhibitors have therefore been explored as epigenetic agents in gastric cancer; however, their 

biological effects and regulatory consequences remain incompletely understood. This thesis aimed 

to investigate how DNMT inhibition modulates DNA methylation, gene expression, and regulatory 

networks in gastric cancer, with a specific focus on CDKN2A/p16 and CDKN2A-associated gene 

networks under DNMT inhibitor treatment. 

To address this objective, multiple gastric cancer cell lines were used to evaluate the effects of 

three DNMT inhibitors, decitabine, RG108, and GSK3685032, on total DNA methylation, 

CDKN2A(p16) promoter methylation, gene expression, cell-cycle progression, and histone 

modification.  At low concentrations, DNMT inhibitors reduced total and promoter-specific DNA 

methylation and increased CDKN2A(p16) expression, resulting in cell-cycle arrest. In contrast, 

higher concentrations produced a paradoxical increase in DNA methylation at both total and gene-

specific levels, accompanied by reduced CDKN2A(p16) expression. These dose-dependent 

responses were associated with increased expression of DNMT3B and, in some cases, TET 

enzymes. These findings suggest that, if translatable to gastric cancer treatment, lower doses of 

decitabine and GSK3685032 may enhance CDKN2A(p16) expression, whereas higher doses may 

attenuate CDKN2A(p16)  expression and potentially reduce therapeutic effectiveness. 
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To extend these observations beyond individual gene responses, integrative multi-database 

analysis, bioinformatic analysis, and dynamic DNMT inhibitor dose validation were employed to 

define CDKN2A-centered regulatory networks in gastric cancer. From large public datasets, a 20-

gene CDKN2A-associated panel with clinical relevance and network support was identified and 

evaluated through network reconstruction and survival analyses. Dynamic dose-response 

validation of gene expression further supported TRIB3, GET4, and PDE4D as connected 

components within this network. Among these, TRIB3 emerged as the most consistently supported 

candidate, based on convergent clinical, network, and DNMT inhibitor–responsive expression 

evidence, indicating that TRIB3 is a tightly coupled component of the CDKN2A-driven network 

and a potential co-targeting candidate. 

Together, this work demonstrates that DNMT inhibitor responses in gastric cancer are shaped by 

coordinated, dose-dependent regulation within CDKN2A-centered gene networks rather than 

simple gene-level effects.  
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Chapter 1: Introduction 

Gastric cancer remains a significant global health challenge. In 2022, about 1 million people were 

diagnosed with gastric cancer and around 660,000 died from it, ranking it the fifth most common 

cancer in both incidence and deaths[1]. Despite declining incidence and mortality rates in many 

regions, East Asia, particularly China, Japan, and South Korea, continues to bear a disproportionate 

burden, contributing significantly to global gastric cancer cases and mortality[2,3]. The etiology 

of gastric cancer involves modifiable and non-modifiable risk factors, including Helicobacter 

pylori (H.pylori) infection, dietary habits, smoking, and genetic predispositions[4]. Recent 

advancements in early detection techniques and therapeutic strategies, including surgery, 

chemotherapy, and radiotherapy, have improved survival outcomes. Nevertheless, these benefits 

are unevenly distributed, and the prognosis remains poor for patients diagnosed at advanced stages. 

Compounding these challenges, gastric cancer often lacks distinctive early symptoms, resulting in 

late-stage diagnoses and consequently diminished survival rates.  Notably, an alarming trend of 

rising gastric cancer incidence among populations younger than 45 years has emerged in countries 

such as the United States and Canada, underscoring the critical need for targeted prevention and 

intervention efforts[2,3]. Thus, enhancing early detection methods and developing precise 

interventions during curable stages of the disease are essential to improving patient prognosis and 

survival. 

DNA methylation, which is catalyzed by DNA methyltransferases (DNMTs) is an epigenetic 

modification that helps to control gene expression. Aberrant DNA methylation, especially 

hypermethylation, plays a critical role in many cancers, including gastric cancer. DNA methylation 

is tissue-specific, occurs early in cancer development, and exhibits relative stability, making it 

especially suitable as a biomarker for early cancer detection[5–7]. Despite this, few promising 
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biomarkers have transitioned successfully into clinical use, primarily due to challenges in 

biomarker validation, inter-patient variability, and the stringent requirement for high sensitivity 

and specificity in detecting early-stage diseases.  

DNMT inhibitors have emerged as promising therapeutic candidates, particularly in combination 

with chemotherapy for gastric cancer treatment[8,9]. DNMT inhibitors can suppress tumor growth 

by reactivating the hypermethylated tumor suppressor genes[10]. Notably, nucleoside analog 

DNMT inhibitors, such as azacitidine and decitabine, have achieved clinical success in 

hematological malignancies like acute myeloid leukemia (AML) and chronic myelomonocytic 

leukemia (CMML), significantly advancing the field of DNMT-targeted therapeutics. Despite 

these advances, nucleoside analog inhibitors have notable limitations, including molecular 

instability, rapid metabolism, low bioavailability, and significant toxicity. Consequently, research 

has focused on developing new non-nucleoside DNMT inhibitors, can have enhanced specificity 

and reduced toxicity[11–13]. Although many non-nucleoside DNMT inhibitors lack sufficient 

selectivity and potency, recent medicinal chemistry and computational advances have provided 

valuable insights, laying a foundation for the next generation of highly selective inhibitors. 

In chapter 1, we comprehensively review the mechanisms and biological functions of DNMT and. 

We summarize recent advances in the identification of aberrantly methylated genes as diagnostic 

and prognostic biomarkers in gastric cancer, with particular emphasis on the impact of database-

driven methylomics on biomarker discovery. Finally, we discuss the development of DNMT 

inhibitors and the challenges encountered during their development. 

1.1  DNMTs 

DNA methylation is a covalent modification of cytosine, where a methyl group is added to the 5th 

carbon of the pyrimidine ring, forming 5-methylcytosine[14]. In mammals, DNA methylation 
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predominantly occurs at CpG sites and is catalyzed by DNMT1, DNMT3A, and DNMT3B. 

DNMT2 and DNMT3L are non-canonical DNMT that lack DNA methylation activity[15]. 

DNMT1 binds hemi-methylated DNA. It methylates newly synthesized strands of DNA during 

DNA replication using the parent methylated DNA strand as a template for adding methylation 

marks in the same CpG sites on the new strand a process called DNA methylation maintenance[14]. 

Although DNMT1 can also establishing new DNA methylation marks known as de novo 

methylation[16], this process is primarily carried out by DNMT3A and DNMT3B [16,17] and can 

be facilitated by DNMT3L, a regulatory factor that enhances the catalytic efficiency of DNMT3A 

and DNMT3B[18]. 

All DNMT utilize S-Adenosyl methionine (SAM) as a co-substrate methyl source for methyl-

transfer reactions. The other substrate is unmethylated or hemi-methylated DNA which combines 

with the appropriate DNMT to form a complex. The target cytosine flips out and rotates into the 

catalytic pocket of this enzyme. DNMTs catalyze cytosine methylation via a conserved cysteine in 

motif IV, which attacks the C6 position of cytosine, aided by a glutamic acid in motif VI. A methyl 

group from SAM as the methyl donor is then transferred to C5, followed by deprotonation to form 

5-methylcytosine. This involves covalent enzyme–DNA intermediate formation and subsequent 

methyl transfer (Figure 1.1A).  
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Figure 1. 1 Catalytic mechanism of DNMT and the mechanism of nucleoside DNMT inhibitor. 

(A) Catalytic mechanism of DNMT;  A basic residue, labeled as B in the figure—typically a histidine or lysine—

abstracts a proton from the C5 position, enabling cleavage of the covalent bond and release of the enzyme (B) 

nucleoside DNMT inhibitor mechanisms; Nucleoside analogs such as azacytidine and decitabine mimic cytosine and 

become incorporated into DNA during replication. 

1.1.1 The biological roles of DNMT 

The methylation of CpG islands in gene promoters, is an epigenetic mechanism for transcriptional 

repression by two principal mechanisms[19,20]. First, CpG islands methylation can directly 

interfere with transcription factor binding by sterically blocking their access to DNA. Second, 

methylated CpGs can recruit methyl-CpG-binding domain (MBD) proteins, such as MBD2 and 

MeCP2, which in turn associate with histone deacetylase (HDAC) complexes. The removal of 

acetyl groups from histones leads to the formation of compact heterochromatin, making the DNA 

inaccessible to the transcriptional machinery and effectively silencing the gene. 

Conversely, methylation in gene body regions is frequently associated with active transcription, 

although its specific role varies depending on the genomic context[21,22]. In addition to its 

presence in actively transcribed genes, gene body methylation also helps prevent spurious 
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transcription by suppressing inappropriate transcription initiation[23]. In repetitive regions, such 

as retrotransposons, methylation is essential for genomic stability by suppressing their 

transcription and mobility, thereby preventing genomic instability[14,24]. 

Through these distinct methylation mechanisms, DNMTs precisely regulate gene expression, thus 

influencing diverse developmental and cellular processes. Genetic studies using DNMT knockout 

models across multiple species underscore the critical importance of DNMTs in development, 

epigenetic inheritance, and cellular function (Table 1.1).  
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Table 1.1 The Roles of DNMTs in Knockout Models Across Different Species 

gene Species Study subject Effects of DNMT Deletion or Knockout Reference 

DNMT1 mice ES cells  
(Embryonic stem cells) 

1) Total DNA methylation reduction;  

2) Embryonic mid-gestation lethality;  

3) Developmental arrest;  

4) Imprinted X-chromosome inactivation 

defects;  

5) Dramatically increased intracisternal A-

particle transcription; 

6) Loss the capability of repression of long 

terminal repeats (LTRs). 

[25–28] 

mice Forebrain 1) Anxiolytic and antidepressant-like responses [29] 

mice Brain 1) Abnormal long-term hippocampal plasticity; 

2) Deficits in learning and memory; 

3) Significant decrease in neuronal DNA 

methylation. 

[30] 

mice smooth muscle cells 

(SMC) 

1) DNA hypomethylation in Embryonic SMC;  

2) Massive dysregulation of gene expression;  

3) Lethality in gastrointestinal smooth muscle. 

[31] 

rats cardiac-specific DNMT1 

knockout rat 

1) Restricted reprogramming of gene expression; 

2) Total hypomethylation. 

[32] 

human ES cells 1) Rapid reduction in total DNA methylation; 

2) Immediate lethality upon DNMT1 loss. 

[33] 

human HCT116 colorectal 

cancer cell lines 

1) Moderate activation of CG-X genes; 

2) Moderate hypomethylation. 

[34] 

DNMT3A mice Maternal 

and zygotic cell 

1) Loss of paternal and maternal methylation 

imprints; 

2) Embryonic mid-gestation lethality  

[35] 

mice ES cells 1) Failure in establishing maternal and paternal 

methylation imprints; 

2) Spermatogenesis defects;  

3) Gut malfunction. 

[17,36] 

human ES cells 1) Mild reduction in total DNA methylation; 

2) Rapid reduction in non-CpG methylation. 

[33] 

human hiPSC-derived 

cardiomyocytes 

1) Mitochondrial damage; 

2) Disruption of lipid and glucose metabolism. 

[37] 

DNMT3B mice ES cells 1) Minor satellite DNA hypomethylation;  

2) Neural tube defects;  

3) Embryonic lethality.  

[17] 

human ES cells 1) Mild reduction in total DNA methylation; 

2) Rapid reduction in non-CpG methylation. 

[33] 

DNMT3B human HCT116 colorectal 

cancer cell lines 

1) Strongly induction of gCG-X genes such as 

MAGE-A1, NY-ESO-1, and XAGE-1. 

[34] 

DNMT3A, 

DNMT3B 

mice ES cells 1) Failure in initiating de novo methylation after 

implantation; 

2) Developmental arrest; 

3) Dramatic reduction in total DNA methylation.  

[17,28] 

human ES cells 1) Significant reduction in total DNA 

methylation. 

[33] 

DNMT1, 

DNMT3A, 

DNMT3B 

mice zygotic cell and Embryos 1) Gastrulation arrest; 

2) Downregulation of gastrulation pathways in 

DNMT-null embryos. 

[38] 

  



 

7 

 

1.2  Hypermethylation biomarker in gastric cancer  

In gastric cancer, promoter CpG hypermethylation of tumor suppressor genes silences their 

expression facilitating tumor progression. Environmental factors, including aging, dietary patterns, 

smoking, alcohol consumption, chronic inflammation, and infection with pathogens such as H. 

pylori and Epstein-Barr virus (EBV), significantly influence DNA hypermethylation in gastric 

cancer[39].  

H. pylori, one of the most prevalent infectious pathogens, increases the risk of gastric cancer. 

Hypermethylation of genes including BARHL2, HUS1, GSTO2, TMEM190, and miR-129-2 has 

been identified as potential biomarkers for H. pylori-associated gastric cancer risk and 

prognosis[40,41].  EBV-associated gastric cancer is characterized by a significantly higher 

frequency of CpG island methylation. While EBV-associated gastric cancer accounts for an 

average of only 10% of all gastric cancers globally, more than 95% of adults are infected with 

EBV, which persists in a lifelong latent state[42]. In 2014, 216 genes were identified as 

downregulated by EBV-related CpG hypermethylation [43]. The Cancer Genome Atlas (TCGA) 

classified gastric cancer into four molecular subtypes: EBV-positive, microsatellite instability, 

genomic stability, and chromosomal instability[44]. EBV-positive gastric cancers are distinct from 

the other three subtypes in molecular, genetic, and epigenetic features[45]. Analyses of ~300 

gastric tumors revealed that EBV-positive tumors exhibit a CpG island methylator phenotype, 

leading to hypermethylation of ~19% of promoter CpG islands[46]. The EBV-encoded Latent 

Membrane Protein 1 recruits DNMT1 to RASSF10 leading to methylation and the suppression of 

its expression[47]. The scinderin gene (SCIN) that inhibits tumorigenesis is characterized by low 

expression and high methylation comparing EBV-positive to -negative gastric cancer[48]. EBV 
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also increases miR-124 promoter methylation and enhances EZH2 gene expression, further 

promoting gastric cancer progression[49]. 

Over 50 hypermethylated genes have been recognized as diagnostic biomarkers, and more than 10 

hypermethylated genes have been proposed as potential prognostic biomarkers for gastric cancer 

(Figure 1.2). Over 30 studies have identified p16 promoter hypermethylation as an epigenetic 

biomarker for diagnosis, prognosis, and therapeutic targeting in gastric cancer[50,51]. Notably, 

reducing p16 hypermethylation restores its expression and inhibits gastric tumor growth[52]. p16 

regulates the cell cycle by inhibiting cyclin-dependent kinases 4 (CDK4) and 6 (CDK6) which 

prevents phosphorylation of the retinoblastoma protein, thereby slowing the progression from the 

G1 to the S phase and preventing excessive cell proliferation[53,54]. Decreased p16 expression, 

mediated by promoter hypermethylation, is strongly associated with the development of primary 

gastric cancer[55–57].  

In 2024 more than 10 new hypermethylated genes were reported as potential biomarkers for early 

detection, diagnosis, prognosis, and potential treatment targets in gastric cancer. Among these, a 

study revealed PRKCB hypermethylation inversely correlated with its reduced mRNA expression 

by using the public database: GWAS (Genome Wide Association Studies) catalog, as verified by 

TCGA and GEO databases[58]. 

DNA hypomethylation can also supress the expression of long non-coding RNAs (lncRNAs), 

circular RNAs (circRNAs), and microRNAs (miRNAs). For example, the expression of Linc00472, 

H19, and miRNA-770 significantly decrease in gastric cancer due to CpG hypermethylation[59,60]. 
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Figure 1.2 The genes hypermethylated in gastric cancer that can be potential biomarkers for diagnosis and 

prognosis of gastric cancer[51,58,61–117] 

1.3  Methylomics in identifying abnormal methylation genes for gastric cancer 

Methylomics is the comprehensive study of DNA methylation across the genome, aiming to 

understand how methylation patterns influence biological processes, including cancer 

development. By analyzing genome-wide methylation changes. For instance, the DNA 

methylation landscape of a gastric cancer patient exhibited a characteristic bimodal distribution 
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pattern[58]. Moreover, methylomics studies have identified specific CpG sites as potential 

biomarkers, moving beyond the traditional focus on hypermethylated genes. For example, 

cg27284428, cg11798358, cg07880787, and cg00585116 were recognized as biomarker set for 

gastric cancer, demonstrating the unique advantages of this approach in broadening the scope of 

biomarker research[118]. Methylomics, leveraging whole-genome methylation sequencing and 

database analyses (e.g., TCGA, GEO, UALCAN)[44,119,120], has enhanced the efficiency and 

breadth of biomarker discovery. Incorporating machine learning techniques into methylomics 

analysis further strengthens its ability to identify specific biomarkers[121]. Incorporating machine 

learning into methylomics analysis enhances its ability to identify specific biomarkers. For 

instance, a study on stomach cancer used machine learning to analyze TCGA DNA methylation 

data, identifying 8 diagnostic probes. This approach demonstrates how machine learning can 

handle large datasets, select key features, and improve the accuracy of cancer biomarker detection, 

offering more reliable tools for clinical diagnosis and prognosis[121]. 

DNA methylation public databases are characterized by continuous data changes and updates so 

they can become outdated or inaccessible if they are not regularly maintained and updated (Table 

1.2). Moveover, inconsistent data annotations in public databases, variations in sample processing, 

and differences in analysis standards across labs uploading data result in a lack of 

reproducibility[122–124]. Machine learning models, while powerful, rely heavily on accurate 

high-quality, datasets, and these issues can affect lead to incorrect conclusions[121].  
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Table 1. 2 The Updated DNA Methylation-Related Databases 

Database Description Link 

GEO (Gene Expression 

Omnibus) 

Public repository for genomics 

data, including DNA methylation 

data 

https://www.ncbi.nlm.nih.gov/geo/  

TCGA (The Cancer Genome 

Atlas) 

Large-scale project providing 

comprehensive cancer genomics 

data, including DNA methylation, 

gene expression, and clinical data. 

https://portal.gdc.cancer.gov/  

EWAS (Epigenome-wide 

association studies) Open 

Platform 

Centralized platform for 

epigenome-wide association studies 

(EWAS) linking DNA methylation 

to diseases. 

https://ngdc.cncb.ac.cn/ewas  

MethBank 

Provides comprehensive genome-

wide DNA methylation maps 

across different species and tissues. 

https://ngdc.cncb.ac.cn/methbank/ 

MethMotif 

An integrative cell-specific 

database of transcription factor 

binding motifs coupled with DNA 

methylation profiles 

https://methmotif.org/ 

NGSmethDB 

a database of methylation data 

derived from next-generation 

sequencing data. 

https://bioinfo2.ugr.es/NGSmethDB  

UALCAN (The University 

of ALabama at 

Birmingham CANcer data 

analysis Portal) 

An interactive platform for 

analyzing cancer omics data, 

including DNA methylation and 

gene expression from TCGA. 

http://ualcan.path.uab.edu/ 

1.4  DNMT inhibitors 

The role of DNA methylation in cancer has inspired the development of DNA methylation 

inhibitors as promising novel anticancer agents. Through the understanding DNMT structure and 

mechanism, a series of DNMT inhibitors have been developed for cancer treatment, which are 

grouped into two classes the nucleoside analog and non-nucleoside inhibitors. 

1.4.1  Nucleoside DNMT inhibitors 

The first nucleoside DNMT inhibitor, 5-azacytidine (azacytidine) (discovered in the 70s) is 

incorporated into RNA and DNA, disrupting normal cellular processes[125,126]. The 2-deoxy 

analog, 5-aza-2′-deoxycytidine (decitabine) (Figure 1.3), was later synthesized to target DNA, 

resulting in improved DNMT inhibition and reduced off-target effects[127]. Azacytidine and 

decitabine are triphosphorylated and incorporated into DNA where DNMT bind to them in the 

https://www.ncbi.nlm.nih.gov/geo/
https://portal.gdc.cancer.gov/
https://ngdc.cncb.ac.cn/ewas
https://ngdc.cncb.ac.cn/methbank/
https://methmotif.org/
https://bioinfo2.ugr.es/NGSmethDB
http://ualcan.path.uab.edu/
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cytidine substrate binding site ultimately covalently trapping the enzyme on DNA and leading  to 

inactivation of DNMT1, DNMT3A and DNMT3B (Figure 1.1 B). Over successive replication 

cycles this leads to passive demethylation of DNA[126]. Azacytidine (Vidaza®) and decitabine 

(Dacogen™) received FDA approval in 2004 and 2006, respectively, for the treatment of AML 

and CMML[128,129]. However, their molecular structures are unstable and prone to rapid 

metabolism by cytidine deaminase, leading to low bioavailability and half-life[130,131]. Their 

non-selective incorporation into potentially any sequence with a cytosine base and non-selective 

DNMT inhibition results in toxicity[132]. A series of analogs and prodrugs have been designed to 

improve stability, enhance efficacy, and achieve better selectivity[133]. 

Zebularine is more stable decitabine and exhibits minimal cytotoxicity [134]. It selectively inhibits 

DNMT1 in human cancer cells[135] its clinical application is limited by its rapidly 

metaobolism[136]. 5-fluoro-2'-deoxycytidine, is currently in phase I clinical trials, but is similarly 

rapidly metabolized[137].  

SGI-110, a prodrug of decitabine, offers improved pharmacokinetics and metabolic stability 

compared to its parent compound due to a phosphodiester bond. SGI-110 effectively inhibits cell 

growth in hepatocellular carcinoma (HCC) cell lines and delays tumor progression in mouse 

xenotransplantation models[138]. Currently, SGI-110 is undergoing Phase II clinical trials for the 

treatment of myelodysplastic syndromes (MDS) and AML[139].  

The oral formulations for azacitidine and decitabine has greatly improved patient compliance. Oral 

azacitidine (CC-486) was approved for AML patients[140]. Oral decitabine ASTX727, combines 

decitabine with the cytidine deaminase inhibitor cedazuridine, preventing its rapid breakdownand 

has been approval for the treatment of MDS and AML in multiple countries[141,142]. 
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Figure 1. 3 Chemical structures of DNMT inhibitors classified by the inhibition mechanism. 

1.4.2  Non-nucleoside DNMT inhibitors  

At the same time, extensive efforts have been devoted to identifying non-nucleoside DNMT 

inhibitors, motivated by the multiple mechanisms through which DNMT activity can be inhibited, 

including: (1) incorporation into DNA and irreversible enzyme alkylation as described with 

decitabine and azacytidine (2) competition for the cytidine-DNA or S-adenosylmethionine (SAM)/ 
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S-adenosylhomocysteine (SAH) binding sites (3) targeting protein-protein interactions (Figure 4) 

and (4) allosteric inhibition [9].  

 

Figure 1. 4 The mechanism of non-nucleoside inhibitors. 

(A) Substrate competition: Inhibitors block DNMT activity by competing with natural substrates such as DNA, S-

adenosylmethionine (SAM), or the catalytic product S-adenosyl-homocysteine (SAH), thereby preventing methyl 

group transfer. (B) Allosteric inhibition: Small molecules bind to allosteric sites on DNMTs, inducing conformational 

changes that disrupt catalytic activity and DNA binding without occupying the active site. (C) Targeting protein–

protein interactions (PPIs): Inhibitors or regulatory proteins interfere with DNMT interactions with essential cofactors 

or regulatory partners, destabilizing the complex and impairing DNMT function. The red triangle represents non-

nucleoside DNMT inhibitors. 
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The selective DNMT1 inhibitor, RG108 was discovered by using virtual screening based on a 

comparative model of hDNMT1[143]. This knowledge helped in the design of inhibitors that target 

specific DNMT isoforms.  GSK3685032 is a highly selective, reversible dicyanopyridine inhibitor 

of DNMT1. It binds to the active site of DNMT1 intercalating into hemi-methylated DNA at CpG 

dinucleotide gaps, preventing the DNMT1 active-site loop from inserting into the DNA minor 

groove blocking methyl-transfer. GSK3685032 demonstrates high selectivity for DNMT1 over 

DNMT3A and DNMT3B, with significantly reduced toxicity compared to decitabine.  

Along with synthetic compounds, several natural products, including alkaloids, carotenoids, 

flavonoids, lignans, phenolic acids, polysaccharides, quinones, saponins, steroids, terpenoids, 

chalcones, and fatty acids, have been identified as DNMT inhibitors[144]. Examples include 

nanaomycin A [145],  and laccaic acid A [146]. However, these compounds do not directly target 

DNMT in cells, and their inhibitory activity is generally weak and non-selective [147] 

Dual-targeting DNMT and another epigenetic target can overcome resistance mechanisms, while 

being more effective at suppressing tumor growth. Current dual target combinations include 

HDAC/DNMT and G9a/DNMT inhibitors. (R)-23a, a first-in-class dual DNMT1/HDAC inhibitor, 

that has anti-tumor activity by reactivating silenced tumor suppressor genes It reshapes the tumor 

immune microenvironment, achieving a tumor growth inhibition of 98% in leukemia models with 

enhanced safety profiles compared to single-agent treatments[148]. The natural flavonoid 

dihydromyricetin was identified as a DNMT1 inhibitor that induces total DNA hypomethylation  

and shows potential for anti-aging applications[149]. CM-272 is a dual G9a/DNMT inhibitors that 

is being developed for cancers that overexpress both enzymes to drive gene silencing. induce 

immunogenic cell death and sensitize tumors to immunotherapy and chemotherapy.  
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Procainamide is an anti-arrhythmic, that inhibits DNMT[150,151]. It is believed that procainamide 

interferes with the DNA binding of DNMTs[151]. Hydralazine, an antihypertensive competitively 

binds to the DNMT cytidine substrate binding site and is being investigated as a DNMT 

inhibitor[150]. 

Two compounds that are structurally related pyrazolone (compound 1) and pyridazine (compound 

2) are allosteric DNMT3A inhibitors [152]. This novel mechanism inhibits DNMT3A activity 

without competing for the substrate cytosine DNA or SAM/SAH binding sites. Compound 2 shows 

significant therapeutic potential in AML by inducing myeloid differentiation, promoting apoptosis, 

and reducing total DNA methylation levels. The compound NSC232003 is incorporated into DNA 

and covalently binds to and irreversibly inhibits DNMT3A. Moreover, NSC232003 also binds 

ubiquitin-like with PHD and RING Finger Domains 1 (UHRF1) thereby reducing 

DNMT1/UHRF1 interactions thereby also targeting PPI[153]. 

1.5  Challenges in DNMT inhibitors development in gastric cancer 

In recent years, significant progress has been made in discovering DNA methylation biomarkers 

in gastric cancer and DNMT inhibitors, providing a solid theoretical foundation and promising 

clinical applications for cancer research. Despite these advancements, several challenges remain. 

For DNMT inhibitors, although many candidates are currently in clinical trials, only two 

nucleoside analogs (azacitidine and decitabine) have been approved by the FDA for blood-borne 

cancers. No non-nucleoside inhibitors have been approved for any clinical application. This 

highlights the urgent need to develop more effective and less toxic DNMT inhibitors suitable for 

gastric cancer therapy. A deeper understanding of DNMT inhibitor mechanisms and effects in 

gastric cancer is therefore essential to guide the design of improved therapeutic strategies. 
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1.6  Hypotheses and objectives 

We hypothesize that changes in the concentration of DNMT inhibitors will result in corresponding 

alterations in total genomic DNA methylation, p16 promoter methylation, and p16 expression in 

gastric cancer cells, with these changes varying across different gastric cancer cell lines. We focus 

on the dose-dependent response of (p16) expression to DNMT inhibitors and have designed an 

approach that utilizes this dynamic CDKN2A expression pattern. This approach aims to discover 

CDKN2A-associated network in gastric cancer and to identify potential genes that can be inhibited 

along with DNMT (co-targeting genes). 

This thesis consists of two main objectives: the first, addressed in Chapter 2, is to investigate the 

effects of three DNMT inhibitors, decitabine, RG108, and GSK3685032, on various gastric cancer 

cell lines, specifically examining changes in genomic DNA methylation, p16 promoter methylation, 

p16 expression, and cell cycle alterations. The second objective, discussed in Chapter 3, is to 

integrate multi-database network reconstruction with dynamic experimental validation, aiming to 

reconstruct p16-anchored gene networks using data from TCGA and protein-protein interaction 

databases, identify hub genes through network analysis, and validate co-targeting candidates via 

quantitative PCR in gastric cancer cell lines across dose-response experiments. 
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Chapter 2: Dose dependent paradoxical increases in DNA 

methylation, reductions in p16 expression, and changes in histone 

modifications in gastric cancer cells treated with DNMT inhibitors 

2.1 Introduction 

Methylation of DNA, especially five-methylcytosine (mdC) is often found in CpG sequences in 

gene promoters where it is associated with reduced or silenced gene expression, and is involved in 

embryonic development, and stem cell fate [154]. Abnormal DNA methylation plays a role in 

various cancers, including gastric cancer, where it can silence tumor suppressor genes via promoter 

CpG hypermethylation or trigger chromosomal instability through genomic DNA 

hypomethylation, ultimately promoting tumorigenesis[155–157]. The regulation of DNA 

methylation is a dynamic process involving DNA methyltransferases (DNMTs), which add 

methylation marks, ten-eleven translocation (TET) enzymes that remove methylation marks[158], 

and passive demethylation. Given the involvement of DNA methylation in cancer, DNMTs are 

promising targets for the development of cancer therapeutics[9,159]. A variety of DNMT inhibitors, 

including nucleoside and non-nucleoside inhibitors, have been developed. Despite significant 

differences in structure and mechanism, DNMT inhibitors are thought to exert their anti-cancer 

activities by preventing CpG promoter methylation on tumor suppressors that would otherwise 

suppress their expression, thereby restoring the expression of the tumor suppressors. This 

reactivation of tumor suppressors can lead to cell cycle arrest, differentiation, and/or cell death.  

The cytidine derivative nucleoside DNMT inhibitor, 5-aza-2'-deoxycytidine (decitabine), is 

currently approved in the USA for treating blood-borne cancers [9]. It is phosphorylated before 

being incorporated into DNA where the modified decitabine bases within DNA bind to DNMT1, 

DNMT3A or DNMT3B and irreversibly trap the enzyme in a covalent decitabine-DNA-DNMT 
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complex, leading to irreversible inhibition of the DNMT. Non-nucleoside DNMT inhibitors have 

no obvious structural similarities to nucleoside inhibitors and can inhibit DNMT through various 

mechanisms that are typically reversible, and they are not incorporated into DNA. RG108 is a non-

nucleoside DNMT inhibitor that is not currently under clinical investigation. GSK3685032, first 

reported in 2021, is a dicyanopyridine that can directly interact with the active site loop of DNMT1 

while intercalating into the minor groove of DNA. Consequently, it is a selective DNMT1 inhibitor, 

and it showed improved pharmacological properties and reduced toxicity compared with 

decitabine[160]. GSK3685032 and related dicyanopyridine-based non-nucleoside DNMT1 

inhibitors are being investigated as novel treatments for acute myeloid leukemia (AML) and other 

disorders having epigenetic etiologies[161–165].  

In 2022, approximately 1 million new cases of gastric cancer were diagnosed, with approximately 

660,000 deaths attributed to the disease, ranking it fifth among cancers with respect to incidence 

and mortality[1]. Several studies have reported that promoter hypermethylation of the tumor 

suppressor cyclin-dependent kinase inhibitor 2A (CDKN2A) (p16) and its decreased expression 

are linked to some gastric cancers[55,166–168]. In fact, p16 promoter methylation is considered a 

biomarker for certain gastric cancers, with potential applications in diagnosis as well as being a 

target for treatment[169–172]. DNMT inhibitors have the potential to restore the expression of 

tumor suppressor genes like p16. Decitabine has been approved for hematological malignancies 

[173,174]. However, it can also reduce p16 promoter CpG DNA methylation, upregulating p16 

expression, reducing gastric cancer cell viability [52,168]. Despite this, its efficacy in solid tumors, 

including gastric cancer, has not yet been clearly demonstrated. GSK3685032 increases p16 

expression in lung cancer and AML [160,165]. However, due to its recent discovery, studies on its 

effects on p16 expression in gastric cancer are lacking. Current data suggest that DNMT inhibitors 
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may be useful in gastric cancer. However, given that DNMT inhibitors may cause genome-wide 

DNA hypomethylation, it’s conceivable that they can alter the expression of many genes, which 

may complicate their use for gastric cancer. Therefore, examining how DNMT inhibitors affect 

DNA methylation, p16 and associated gene expression, and downstream regulatory responses is 

essential for defining their therapeutic relevance in gastric cancer. 

Here, we investigated the effects of three DNMT inhibitors, decitabine, RG108, and GSK3685032, 

on various gastric cancer cell lines. We evaluated alterations in total DNA methylation, p16 

promoter methylation, associated gene expression, cell cycle arrest, and histone modifications in 

gastric cancer cells treated with these DNMT inhibitors. We showed that at low concentrations, 

DNMT inhibitors decrease total and p16 promoter CpG DNA methylation to a minimum and 

increase p16 mRNA and protein. However, at higher concentrations, there was a paradoxical 

increase in total and p16 promoter CpG DNA methylation from the minimum experienced at low 

doses and this was accompanied by a concomitant decrease in p16 mRNA and protein, sometimes 

back to pre-treatment levels in the gastric cancer cell lines AGS and SNU719. For this manuscript, 

the term “paradoxical increase” refers to increased DNA methylation relative to the lowest 

methylation level induced by the DNMT inhibitors we tested, reflecting reduced efficacy of 

decreasing DNA methylation at higher DNMT inhibitor doses rather than a net increase in DNA 

methylation above that measured in the absence of DNMT inhibitors. This paradox of increasing 

then decreasing expression with increasing dose of DNMT inhibitors was also observed with other 

genes where their expression is controlled by promoter CpG methylation, showing that DNMT 

inhibitors work throughout the genome. This paradoxical increase in DNA methylation with high 

doses of DNMT inhibitors was attributed to increases in DNMT3B and in some cases, TET1 and 

TET2 mRNA and protein. Low doses of GSK3685032 and decitabine induced increases in 
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expression of cell cycle regulators p21 and p16, but to different extents. GSK3685032 increased 

p16 expression more than decitabine but decitabine increased p21 expression more than 

GSK3685032. As a result, GSK3685032 induces G0/G1 cell cycle arrest, whereas decitabine 

induces G2/M arrest in gastric cancer cells. Decitabine and GSK3685032 also reduced histone 

lysine acetylation and monomethyl-lysine in AGS cells. However, decitabine decreased dimethyl-

lysine, trimethyl-lysine, and asymmetric dimethyl-arginine. In SNU719 cells, decitabine reduced 

lysine acetylation and monomethyl-lysine, whereas GSK3685032 had minimal effects on histone 

modifications. If our results in gastric cancer cells can be extrapolated to the treatment of gastric 

cancer, they suggest that low doses of decitabine and GSK3685032 may increase p16 expression, 

making them potentially effective for treatment, whereas higher doses may decrease p16 

expression, making them potentially less effective. Together, these results highlight the dose-

dependent nature of DNMT inhibitor activity, and we emphasize the need to optimize dose to 

effectively reactivate p16 expression in gastric cancers caused by low p16 expression. 

2.2 Methods and Materials 

2.2.1 Cell culture and DNMT inhibitor treatments 

AGS (ATCC) and HEK293 (ATCC), SNU-719 and SNU-216 (Korean Cell Line Bank), and 

MKN45 (RIKEN BRC) cells were used in this study. The gastric cancer cell lines AGS, SNU-216, 

and MKN45 were derived from female patients, whereas SNU-719 was derived from a male 

patient. HEK293 is a human embryonic kidney-derived cell line of female origin and was used as 

a non-gastric control. SNU-719 is Epstein–Barr virus-positive, while MKN45 is derived from 

poorly differentiated gastric adenocarcinoma. All cell lines were used within 20 passages after 

thawing. Although established cell lines may not fully represent the heterogeneity and tumor 

microenvironment of primary gastric tumors, the selected cell lines exhibit distinct p16 statuses, 
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allowing comparison of responses across different p16 backgrounds. AGS and HEK293 cells were 

cultured in F-12K medium (Gibco BRL, USA) and EMEM medium (ATCC, USA), respectively, 

with 10% fetal bovine serum (FBS, Corning, USA). SNU719, SNU216, and MKN45 were grown 

in RPMI1640 (Gibco BRL, USA) and 10% FBS.  All cell lines were incubated at 37°C in 5% CO2. 

Cells were synchronized by 24-hour serum starvation[175], then treated with a series of 

concentrations of decitabine, GSK3685032 or RG108 for 72 h. Medium-containing decitabine was 

changed every 24 hours due to its instability in media[176]. 

2.2.2 Cell viability analysis 

Cell lines were seeded at 1×104 cells/well in a 96-well format and treated with decitabine, 

GSK3685032 or RG108 for 72 h. Cell viability (expressed as a percentage of the control group) 

was measured using the CellTiter 96® MTS assay (Promega, UK) according to the manufacturer’s 

instructions and a Synergy H1 microplate reader (BioTek Co., USA) at 490nm. 

2.2.3 qPCR gene expression analysis 

Total mRNA was isolated from cells using the PureLink RNA isolation kit (Life Technologies, 

USA), cDNA was synthesized using SuperScript VILO Master mix (Life Technologies, USA), and 

quantitative PCR (qPCR) performed using the Applied Biosystems QuantStudio 6 Flex Real-Time 

PCR System with TaqMan assays (Life Technologies, USA). PCR reactions were prepared in 

TaqMan fast universal master mix (Life Technologies, USA) following the manufacturer's 

instructions. Relative gene expression was quantified by comparative CT (ΔΔCT) to no treatment 

controls and normalized to glyceraldehyde-3-phosphate dehydrogenase (GAPDH) and beta-2-

microglobulin (B2M) (Life Technologies, USA)[177,178].  
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2.2.4 Total DNA methylation assay  

Treated cells were harvested, and DNA was isolated using QIAamp DNA Mini Kit (Qiagen, 

Germany) according to the manufacturer’s instructions. The DNA concentration was measured 

using a NanoDrop spectrophotometer and reconstituted in water to 400 g/mL, then stored at -

80°C. DNA samples were hydrolyzed with 250 U benzonase (E1014, Sigma-Aldrich, USA), 300 

mU phosphodiesterase I (P-3243, Sigma-Aldrich, USA), and 200 U alkaline phosphatase (P-7923, 

Sigma-Aldrich, USA), 5 mM MgCl2 in a 100 mM ammonium bicarbonate buffer (pH7.9). 10 L 

internal standards 5-methyl-2'-deoxycytidine-d3 (mdC-d3) for 5-methyl-2'-deoxycytidine (mdC) 

and 15N5-2'-deoxyguanosine for 2'-deoxyguanosine (dG) were added to 90 L of digested samples. 

A liquid chromatography tandem mass spectrometry (LC-MS/MS) was optimized to quantify mdC 

and dG. Briefly, the analytes and internal standards were separated using an Acquity BEH C18, 

1.7 μm, 2.1 × 100 mm column (Waters, USA) with a pH gradient in organic mobile phases 

(methanol containing 0.1% formic acid, 2 mM ammonium formate and 0.1 mM malic acid) and 

aqueous mobile phase (water containing 0.1% formic acid, 2 mM ammonium formate and 0.1 mM 

malic acid) using a Shimadzu Nexera UHPLC. Each analyte was measured in positive MRM mode 

using a Shimadzu LCMS 8040 mass spectrometer with DUIS ionization. Concentrations of mdC 

were normalized to total dG concentrations[179].  

2.2.5 DNA methylation measure at p16 gene promoter 

DNA extracted from AGS and SNU719 cells treated with different concentrations of decitabine or 

GSK3685032, was subjected to sodium bisulfite conversion using the Zymo Research kit 

according to the manufacturer’s instructions. The p16 promoter region was defined according to 

previously published literature [168,177], and promoter-specific primers were subsequently 

designed using the PyroMark Assay Design software, version 2.0 (Qiagen, Germany). Sequences 
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and positions of the analyzed 8 CpG sites are provided in Appendices 2A. The bisulfite-converted 

DNA (bcDNA) was amplified by PCR [180,181], and DNA methylation levels at p16 were 

analyzed using the Qiagen Q48 pyrosequencer. In parallel with experimental samples, we included 

duplicate DNA standards consisting of mixtures of fully methylated and unmethylated controls 

(Zymo Research, USA, standard curve of 0%, 25%, 50%, 75%, and 100% methylation). To 

account for any technical bias in measuring DNA methylation by pyrosequencing, raw 

measurements of percent DNAm per sample were scaled to the standard curve prior to statistical 

analysis. 

2.2.6 Histone modification analysis 

After treatment, cells were harvested, and histones were isolated using the EpiQuik (Epigentek, 

USA) kit with modifications according to the previously validated method[182,183] . Histone 

samples (10 μg) were either digested with pronase or hydrolyzed in the vapour phase using 6N 

HCl, followed by analysis of acetyl-lysine, methyl-lysines, and methyl-arginines via LC-MS/MS. 

The modified and unmodified amino acids from the histone hydrolysates were separated on a 

Primesep 200 (Sielc, USA) column using a pH gradient of acetonitrile and water on a Shimadzu 

Nexera UHPLC (Shimadzu, Japan). Each analyte was detected in positive MRM mode with a 

Shimadzu LCMS 8040 mass spectrometer using DUIS ionization. Quantification was done using 

standards for acetyl-lysine, mono-, di-, and trimethyl-lysine, monomethyl-arginine, asymmetric 

dimethyl-arginine, and symmetric dimethyl-arginine. Concentrations of analytes were normalized 

to total lysine concentrations to determine the percentage of analyte according to the previously 

reported method[182,183].  

2.2.7 DNMT, TET, p16, p21, ELISA assay 

After treatment, cells were harvested, and nuclear proteins were extracted using Nuclear Extraction 

Kit (Abcam, USA). DNMT, p16, and p21, concentrations were detected using DNMT, p16, and 
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p21 ELISA kits (Abcam, USA), and TET concentrations were detected by TET ELISA kit 

(MyBioSource, USA) according to the manufacturer’s instructions. 

2.2.8 Flow cytometry analysis  

Cells harvested following treatments were washed with cold phosphate-buffered saline (PBS), and 

then fixed in ice-cold 70% ethanol for 10 minutes. The fixed cells were rewashed in PBS and 

resuspended in 1 ml of propidium iodide staining solution (containing 4 mM sodium citrate, 0.1% 

Triton X-100, 75 μM propidium iodide, and 10 μg/ml RNase A) and incubated at 37°C for 10 

minutes. The percentage of cells with the G0/G1, S, and G2/M DNA content was determined by 

propidium iodide staining using Cytoflex LX flow cytometer (Beckman Coulter, USA). Data were 

processed and analyzed using the FlowJo software platform (Cell Cycle module, USA). Each stage 

of the cell cycle was gated and their percentages compared among groups. 

2.2.9 Statistical analysis 

Statistical analysis was performed using GraphPad Prism10 (GraphPad Software, USA) for most 

experiments, and RStudio (versions 3.6.1 and 4.2) for DNA methylation measurements at the p16 

gene promoter.  A t-test was conducted to compare the potency of GSK3685032 and RG108 within 

the same cell line. The one-way ANOVA was used to compare the difference between the different 

concentrations in one cell line treated with the same DNMT inhibitors (P-value <0.05 as a 

significant). When ANOVA indicated a significant difference, a Tukey's test was performed to 

determine which specific groups differed. Pearson correlation statistical analysis was used to 

investigate the relationship between p16 and other selected methylated-silenced genes as well as 

DNA methylation. Additionally, the correlation between p16, p21, and the percentage of DNA 

content was analyzed.   
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2.3 Results 

2.3.1 In vitro effects of DNMT inhibitors on gastric cancer cell line growth 

Decitabine, GSK3685032, and RG108, demonstrated varying capacity to reduce gastric cancer and 

control cell line viability. Decitabine concentrations of 50-500 µM for 72 hours could not reduce 

cell viability below 40% (Figure 2.1A), which is consistent with decitabine inducing cell cycle 

arrest [184,185]. GSK3685032 and RG108 reduced viability in the gastric cancer cell lines AGS, 

SNU216, SNU719, and MKN45, and the human embryonic kidney-derived HEK293 cell line, 

which was included as a non-gastric cancer control, with the IC50 values presented in Table 2.1 

and the viability curves in Figure 2.1B and 2.1C. Both GSK3685032 and RG108 were more potent 

and efficacious than decitabine in reducing cell viability across all tested cell lines. Although 

RG108 appears more potent than GSK3685032, the difference between the two drugs is only 

statistically significant when comparing their IC50 values in SNU719 cells. 
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Figure 2.1 Dose response curves for DNMT inhibitors in gastric cancer and control cell lines for 72 h.  

The percentage of viable cells was measured in control (HEK293) and gastric cancer cells (AGS, MKN45, 

SNU216, and SNU719) after 72 h of treatment with increasing concentrations of decitabine (A), 

GSK3685032 (B), and RG108 (C). Viability was assessed using the CellTiter 96® MTS assay. Values 

represent the mean of three measurements with error bars indicating standard deviation (SD). DAC: 

decitabine; GSK: GSK3685032. 
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Table 2.1 IC50 values for GSK3685032 and RG108 in gastric cancer cells AGS, SNU216, SNU719, MKN45 and 

control cells HEK293 

  IC50 (μM) 

Cell line  AGS MKN45 SNU216 SNU719 HEK 293 

GSK365032 29.00±17.92 303.6±294.81 18.21±5.33 128.3±3.04 8.22±5.18 

RG108 10.26±1.25 10.13±2.54 15.14±3.48 2.50±3.49 13.52±1.23 

P-value† 0.1451 0.1598 0.4505 0.0001 0.1598 

† Calculated using a t-test  

 

2.3.2 Total genomic DNA methylation and p16 expression changes in gastric cancer cells 

treated with DNMT inhibitors 

The gastric cancer cell lines AGS, MKN45, SNU216, and SNU719 exhibit low or no p16 

expression, in some cases due to CpG promoter hypermethylation, which in some cases can be 

reversed by decitabine, resulting in p16 expression [52,168,186]. To assess the effect of DNMT 

inhibitors decitabine, GSK3685032, or RG108 on total genomic (total) DNA methylation in these 

gastric cancer cells, we developed and validated an LC-MS/MS assay (Table S2.1- S2.3) to 

quantify mdC derived from DNA extracted from cells, then correlated this with p16 expression. 

HEK293, a non-gastric cancer cell line with relatively high p16 expression, was used as a 

control[187]. 

An initial maximum concentration of 5 µM decitabine was selected because our preliminary data, 

and previous studies showed that this concentration reduces DNA methylation across many cell 

lines[168,186] (Figure 2.2A). In AGS and SNU719 cells, an increase in decitabine concentration 

up to 5 µM resulted in a gradual decrease in total DNA methylation as represented by mdC 

concentration (Figure 2.2A), and a progressive increase in p16 expression (Figure 2.2B). 

Although DNA methylation decreased with increasing decitabine concentrations in MKN45 and 
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SNU216 cells, there was no change in p16 expression (Figure 2.2B). A dose-dependent reduction 

in total DNA methylation was observed with GSK3685032 in HEK293, SNU216, and MKN45 

cells, eventually reaching a minimum (Figure 2.2C). Low concentrations of GSK3685032 in AGS 

and SNU719 cells resulted in a decrease in total DNA methylation reaching a minimum, however, 

as drug concentrations increased, there was a paradoxical increase in total DNA methylation from 

the minimum produced by low concentrations, which was statistically significant (Figure 2.2C). 

Accordingly, low concentrations of GSK3685032 initially increased p16 expression in AGS and 

SNU719 cells; however, at higher concentrations, p16 expression significantly decreased 

sometimes to pretreatment levels, likely due to a paradoxical increase in total DNA methylation 

(Figure 2.2C, 2.2D). RG108 had no significant impact on total DNA methylation in any of the 

gastric cancer cell lines we studied, even at ~20-fold above its IC50 (200 µM) (Figure 2.2E). 

However, at the highest concentrations, RG108 resulted in a statistically significant 12-fold 

increase in p16 expression in SNU719 cells (Figure 2.2F). There was a strong negative correlation 

between p16 gene expression and total DNA methylation (Figure 2.2G, 2.2H) following treatment 

with decitabine and GSK3685032 in AGS and SNU719 cells. 
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Figure 2.2 The changes in total DNA methylation and p16 expression in gastric cancer  and control cell lines 

treated with DNMT inhibitors for 72 h.  

Shown are the changes of total DNA methylation measured by LC-MS/MS in gastric cancer cell lines (AGS, MKN45, 

SNU216 and SNU719) and  control cell lines (HEK 293) and the corresponding changes in p16 gene expression 

measured by qPCR (normalized using combination of B2M-GAPDH) treated with decitabine (A, B), GSK3685032 

(C, D), and RG108 (E, F), respectively. The missing mdC and p16 data are due to insufficient cell collection, resulting 

from reduced cell viability at the highest doses. In HEK293 and SNU216 cells, p16 expression changes were not 

significant (P-value > 0.05) with decitabine or RG108 (Supporting information Figure S2). A reduction in p16 
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expression was observed with 100 μM GSK3685032. A one-way ANOVA was used to compare the difference between 

the different concentrations in one cell line treated with the same DNMT inhibitors (P-value <0.05 considered 

significant). All statistically significant results for total DNA methylation and p16 expression across different cell lines 

and treatment concentrations of three DNMT inhibitors are provided in the supporting information Figure S1. Asterisk 

(*) indicates statistical significance (*P<0.05, **P< 0.01, ***P<0.001, ****P<0.0001). Values represent the mean of 

three measurements with error bars indicating SD. DAC: decitabine; GSK: GSK3685032. 

Since GSK3685032 paradoxically increased total DNA methylation and decreased p16 expression 

at the highest concentrations in AGS and SNU719 cells, we wanted to see if high concentrations 

of decitabine produce similar effects. AGS cells treated with >5 µM decitabine appeared to show 

an increase in total DNA methylation, but this was not statistically significant (Figure 2.3A). 

However, a significant decrease in p16 expression was observed at 10 µM or higher (Figure 2.3B). 

SNU719 cells treated with decitabine exhibited a significant increase in total DNA methylation 

beginning at 10 µM (Figure 2.3C), peak p16 expression at 1 µM and a reduction nearly back to 

baseline at 10 µM, correlating with the increase in total DNA methylation (Figure 2.3D).  

To determine if the paradoxical pattern of increasing total DNA methylation and decreasing p16 

expression observed with high-dose GSK3685032 and decitabine was particular to p16, we 

measured the effect of the drugs on the expression of tumor necrosis factor superfamily, member 

9 (TNS), Peptidylprolyl isomerase C (PPIC), and secernin 1 (SCRN1), which are silenced by 

promoter CpG methylation [188]. TNS encodes a protein that supports T-cell activation and 

survival, which is crucial in immune response and targeting tumors[189]. PPIC catalyzes the 

isomerization of proline residues, impacting cellular signaling and protein trafficking[190]. 

SCRN1 regulates exocytosis and plays a role in secretory processes, influencing immune response 

and cancer progression[191]. These genes are functionally distinct from p16, with no direct 

involvement of p16 in their associated pathways or expression. The mRNA expression of PPIC 

and SCRN1 mirrored the changes in p16 expression in AGS cells treated with decitabine, showing 

an increase followed by a decrease (Figure 2.3B). TNS followed a similar pattern of increase but 

no statistically significant decrease, and it required higher doses of decitabine to reach a maximum. 
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In SNU719 cells, decitabine produced an increase in expression of TNS, PPIC, and SCRN1 

reaching a maximum at 25 µM, a 25-fold higher dose than where peak expression is achieved with 

p16 (Figure 2.3D). At 50 µM and 100 µM decitabine, the expression of all three genes appear to 

be slightly reduced but these results are not statistically significant. 25 µM GSK3685032 yielded 

significant increases in total DNA methylation after the lows produced by 1-10 µM in AGS cells 

(Figure 2.3E). Accordingly, the expression of TNS, PPIC, and SCRN1 increased at 1-10 µM but 

significantly decreased at 25 µM (Figure 2.3F). SNU719 cells treated with GSK3685032 

exhibited a significant increase in total DNA methylation after the lows experienced at 10-25 µM 

in SNU719 cells (Figure 2.3G). Although p16 expression peaked at 10-25 µM and reduced to 

nearly zero at 50 µM (Figure 2.3H), the expression of TNS, and PPIC, progressively increased 

across all GSK3685032 concentrations with only SCRN1 appearing to decrease at 50 µM but this 

was not statistically significant. 

There was a negative correlation between the expression of all selected genes and total DNA 

methylation (Figure 2.3I). Following treatment with GSK3685032, the strongest negative 

correlation was observed between p16 expression and total DNA methylation in AGS (r = -0.768) 

and SNU719 cells (r = -0.745). In contrast, decitabine treatment yielded the strongest negative 

correlations between SCRN1 expression and total DNA methylation in AGS cells (r = -0.710) and 

between TNS expression and total DNA methylation in SNU719 cells (r = -0.582). Notably, the 

second strongest negative correlations between p16 expression and total DNA methylation were 

observed in AGS cells (r = -0.705) and SNU719 (r = -0.548) cells. 
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Figure 2.3 Correlation of total DNA methylation with CpG methylation-silenced genes in AGS and SNU719 

cells treated with decitabine and GSK3685032 for 72 h. 

 The mdC levels measured by LC-MS/MS and selected gene expression measured by qPCR (normalized using a 

combination of B2M-GAPDH) in AGS cells treated with decitabine (A, B), SNU719 cells treated with decitabine (C, 

D), AGS cells treated with GSK3685032 (E, F), and SNU719 cells treated with GSK3685032 (G, H). The mdC (E, G) 

and p16 expression (F, H) for these two cell lines treated with GSK3685032 were previously reported in Figure 2C 

and 2D. The heat map (I) displays the Pearson correlation coefficients (r values) obtained from the statistical analysis, 

illustrating the relationships between total DNA methylation levels and the expression of CpG methylation-silenced 

genes. A negative correlation between methylation-silenced genes and total DNA methylation was observed in both 

AGS and SNU719 cell lines following treatment with decitabine or GSK3685032. A one-way ANOVA was used to 

compare the difference between the different concentrations in one cell line treated with the same DNMT inhibitors 

(P-value <0.05 considered significant). The relative gene expression and all statistically significant results for 

methylation-silenced genes in AGS and SNU719 cells treated with decitabine or GSK3685032 for 72 h are provided 

in the supporting information Figure S2. Asterisk (*) indicates statistical significance (*P<0.05, **P<0.01, 

***P<0.001, ****P<0.0001). The method for normalizing methylation-silenced gene expression is to set the highest 

expression of each gene expression within the same treatment as 100%. Values represent the mean of three 

measurements with error bars indicating SD. TNS: Tumor necrosis factor superfamily, member 9; PPIC: 
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Peptidylprolyl isomerase C; SCRN1: secernin 1. DAC-AGS: AGS cells with decitabine; DAC-SNU: SNU719 cells 

with decitabine; GSK-AGS: AGS cells with GSK3685032; GSK-SNU: SNU719 cells with GSK3685032. 

2.3.3 Total DNA methylation aligned with p16 promoter methylation using decitabine and 

GSK3685032 in AGS and SNU719 cells 

Pyrosequencing was used to measure p16 promoter methylation in AGS and SNU719 cells treated 

with decitabine or GSK3685032, recapitulating the pattern of decreasing then increasing 

methylation sometimes back to pre-treatment levels with increasing dose. Decitabine at 1 μM 

induced a nearly 50% reduction, but 25 μM restored methylation close to pretreatment levels 

(Figure 2.4A, 2.4B and Figure S2.1). In contrast, 10 μM GSK3685032 induced a >50% reduction, 

but a small, statistically significant rebound in promoter CpG methylation at higher concentrations 

(Figure 2.4C, 2.4D and Figure S2.1). These changes in p16 promoter CpG methylation correlate 

with the changes in total DNA methylation and in p16 expression under treatment with 

GSK3685032 and decitabine (Figure 2.4E). 
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Figure 2.4 CpG methylation in the p16 promoter (pyrosequencing) and p16 expression across selected DNMT-

inhibitor doses. 

Assay 1 measured two CpG sites, and Assay 2 measured six CpG sites. For clarity, one representative CpG site per 

assay is shown, as results across sites were highly correlated (see supporting information Table S4, Figure S3, S4 for 

all sites). Decitabine reduced methylation <50% at 1 µM with frequent rebound to ~baseline at higher doses (A,B), 

whereas GSK3685032 cut methylation >50% at 10 µM with only a mild rebound and stronger effects in AGS (C,D). 

Methylation levels of (A, B, C, D) were calculated using a standard curve generated from methylation standards to 

correct for assay-specific variation. (E) Replot of p16 data from Figure 3B, 3D, 3F, and 3H, combining both cell lines 

to compare relative expression across all conditions. Within cell lines, p16 expression rose more with GSK3685032 

than with decitabine. Differences in methylation between drug concentrations and cell lines were tested by ANOVA 

followed by Tukey’s post hoc test for pairwise comparisons. Bars indicate significant comparisons (p < 0.01). The 

only non-significant comparison was between 0 µM and 25 µM Decitabine in both cell lines and assays. 

2.3.4 Decitabine and GSK3685032 increased DNMT3B and decreased TET in AGS cells 

and SNU719 cells 

Since the effects of decitabine and GSK3685032 are not restricted to any particular part of the 

genome, it is reasonable to expect that they could alter the expression of many genes and we 

already showed that this was the case with TNS, PPIC, and SCRN1. The most obvious genes that 

would produce the paradoxical increase in total and p16 promoter CpG DNA methylation would 

be the enzymes catalyzing DNA methylation addition and removal: the DNMTs and TETs 

[158,192]. We therefore measured DNMT1, DNMT3A, DNMT3B, TET1, TET2, and TET3 

mRNA and protein using qPCR and quantitative ELISA kits, respectively (Figure 2.5 and Figure 

2.2). 

Increasing decitabine concentrations increased the expression of DNMT3B on the mRNA level by 

as much as 50% (Figure 2.5A) and induced statistically significant increases in DNMT3B protein 

at 25 and 50 μM in AGS cells (Figure 2.5B). DNMT1 and DNMT3A mRNA also increased, but 

no corresponding change in protein levels was observed. Decitabine produced statistically 

significant decreases in TET1 mRNA but no apparent change in protein, and very small decreases 

in TET2 protein but not mRNA, in AGS cells. In SNU719 cells, decitabine similarly elevated 

DNMT3B expression on the mRNA and protein levels (Figure 2.5C, 2.5D). GSK3685032 

increased DNMT3B mRNA, but this was not reflected in a corresponding statistically significant 
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increase in DNMT3B protein in AGS cells. Reduced TET1 protein was also observed, but there 

was no corresponding statistically significant change in TET1 mRNA (Figure 2.5E, 2.5F). 

SNU719 cells treated with GSK3685032 induced significant increases in DNMT3B mRNA and 

protein (Figure 2.5G, 2.5H).  

 

Figure 2.5 Decitabine and GSK3685032 increased DNMT3B expression and/or decreased TET expression on 

the mRNA and protein levels in AGS and SNU719 cells after 72 h treatment. 

 Show is the DNMT 1 3A and 3B and TET1, 2, and 3 mRNA and protein concentration in AGS cells treated with 

decitabine (A, B, respectively), SNU719 cells treated with decitabine (C, D, respectively), AGS cells treated with 

GSK3685032 (E, F, respectively) and SNU719 cells treated with GSK3685032 (G, H, respectively. The amount of 

TET3 is below the lower limit of quantitation (0.78 ng/mL). In other figures, gene expression was normalized using a 

combination of B2M and GAPDH, however, in this figure, normalization was performed using GAPDH alone, as it 

more closely correlated with significant differences observed at the protein level via ELISA. Gene expression 

normalized using B2M and GAPDH, or B2M alone, are presented in Figure S5. A one-way ANOVA was used to 

compare the differences between the different concentrations in one cell line treated with the same DNMT inhibitor 

(P-value <0.05 considered significant).  Asterisk (*) indicates statistical significance (*P<0.05, **P<0.01, ***P<0.001, 



 

38 

 

****P<0.0001) compared with the control group (0 mM DNMT inhibitor). Values represent the mean of three 

measurements with error bars indicating SD. DAC-SNU: SNU719 cells with decitabine; GSK-AGS: AGS cells with 

GSK3685032; GSK-SNU: SNU719 cells with GSK3685032. 

2.3.5 Decitabine and GSK3685032 induce cell cycle arrest in AGS and SNU719 cell lines  

Since decitabine and GSK3685032 modulated p16 expression, we investigated if the drugs could 

influence the cell cycle using flow cytometry. Decitabine induced G2/M phase cell cycle arrest in 

AGS cells, producing a reduction of cells in the G0/G1 phase, an increase in cells in the G2/M 

phase (Figure 2.6A, 2.6B, 2.6I, 2.6K, 2.6M), but no statistically significant changes in the 

percentage of cells in the S phase, compared with untreated control. SNU719 cells treated with 

decitabine show no change in the number of cells in the G0/G1 phase, an accumulation of cells in 

the G2/M phase, and a decrease in S phase cells (Figure 2.6C, 2.6D, 2.6I, 2.6K, 2.6M), compared 

to untreated controls, suggesting arrest at the G2/M phase. AGS cells treated with GSK3685032 

exhibit a significant accumulation of cells in the G0/G1 phase at the highest dose, accompanied by 

a reduction in cells in the S and G2/M phases (Figure 2.6E, 2.6F, 2.6J, 2.6L, 2.6N). SNU719 cells 

treated with GSK3685032, show an increase in the number of cells in G0/G1 that was statistically 

significant at the 10 M level (Figure 2.6G, 2.6H), no apparent change in percentage of the cells 

in the G2/M and an approximately 56% reduction in the percentage of cells in the S phase at 10 

M but not at 50 M (Figure 2.6J, 2.6L, 2.6N). These results suggest that GSK3685032 induces 

G0/G1 cell cycle arrest. 

To better understand the mechanisms underlying cell cycle arrest induced by DNMT inhibitors, 

we measured mRNA and protein expression of the cell cycle regulators p21 and p16 using qPCR 

and quantitative ELISA assays (Figure 2.6 and Figure S2.3). AGS cells treated with decitabine 

exhibited a concentration-dependent increase in p21 mRNA expression (Figure 2.6O) and protein 

at 50 µM (Figure 2.6S). In SNU719 cells, p21 mRNA expression exhibited a concentration-

dependent increase in response to decitabine (Figure 2.6Q) and GSK3685032 (Figure 2.6R), with 



 

39 

 

a maximum 10.0- and 2.4-fold increase, respectively, at 50 µM. The increase in p21 mRNA 

induced by decitabine was >4-fold higher than that induced by GSK3685032. Accordingly, p21 

protein levels increased significantly with decitabine (Figure 2.6U) but not with GSK3685032 

(Figure 2.6V) in SNU719 cells. Lower concentration of GSK3685032 did not increase p21 protein 

or mRNA expression in AGS cells (Figure 2.6P, 2.6T). GSK3685032 induced greater maximal 

p16 mRNA expression at concentrations of 1 or 10 M than decitabine at 1 M in both cell lines 

(Figure 2.6P and 2.6R vs 2.6O and 2.6Q). GSK3685032 and decitabine induced significant 

increases in p16 protein in AGS cells (Figure 2.6S, 2.6T, S2.6A and S2.6B), but unexpectedly, 

GSK3685032 did not produce a significant increase in p16 protein in SNU719 cells (Figure 2.6V 

and S2.6D), whereas decitabine did (Figure 2.6U and S2.6C). 
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Figure 2.6 Induction of cell cycle arrest and the changes in p21 and p16 in AGS and SNU719 cells treated with 

decitabine or GSK3685032 for 72h. 

Histograms showing the relative DNA content in G0/G1(blue), S (brown) and G2/M (green) after treatment with 

decitabine or GSK3685032 for 72 hours. Shown are, AGS cells treated with 0 µM decitabine (A); AGS cells treated 

with 50 µM decitabine (B); SNU719 cells treated with 0 µM decitabine (C); SNU719 cells treated with 50 µM 

decitabine (D); AGS cells treated with 0 µM GSK3685032 (E); AGS cells treated with 25 µM GSK3685032 (F); 

SNU719 cells treated with 0 µM GSK3685032 (G); SNU719 cells treated with 10 µM GSK3685032 (H). The 

percentage of cells in different phases of cell cycle for AGS and SNU719 cells, which were determined by flow 

cytometry analysis, after exposure to various concentrations of decitabine (I, K, M) or GSK3685032 (J, L, N) for 72 

h. The cell cycle regulators p21 and p16 gene expression measured by qPCR (normalized using combination of B2M-

GAPDH) and protein level change (%) measure by Elisa in AGS and SNU719 cells treated with decitabine (O, Q and 

S, U) or GSK3685032 (P, R and T, V) for 72 h. p21 and p16 protein level measure by Elisa in these two cell lines are 

presented in Figure S6. A one-way ANOVA was used to compare the difference between the different concentrations 

in one cell line treated with the same DNMT inhibitors (P-value <0.05 considered significant). Asterisk (*) indicates 

statistical significance (*P < 0.05, **P<0.01, ***P<0.001, ****P<0.0001) compared with the control group (0 M 

DNMT inhibitor). Values in flow cytometry analysis represent the mean of two measurements with error bar indicating 

SD. Values for p21 and p16 expression and protein level changes represent the mean of three measurements with error 

bars indicating SD. 
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2.3.6 Changes in total histone modifications in AGS and SNU719 cells treated with 

decitabine and GSK3685032 

We investigated the effects on modifications to histones extracted from AGS and SNU719 cells 

treated with decitabine and GSK3685032, by quantifying mono-, di-, and tri-methyllysine (Kme1, 

Kme2, Kme3), acetyllysine (Kac), and mono- and symmetric and asymmetric di-methylarginine 

(Rme1, Rme2a, Rme2s) derived from hydrolyzed histones (Figure 2.7, Table 2.2) using methods 

we developed previously[193–195]. AGS cells treated decitabine showed a significant reduction 

in Kac, Kme and Kme2s. Arginine methylation remained relatively stable, except for Rme2a, 

which showed a small but significant decrease (Figure 2.7A). AGS cells treated with GSK3685032 

showed reduced Kac and Kme at the highest doses, but no other statistically significant changes 

in histone modifications (Figure 2.7B). Similarly, SNU719 cells treated with decitabine, exhibited 

significant decreases in Kac and Kme at the highest concentration, but no changes in other histone 

modifications (Figure 2.7C). SNU719 cells treated with GSK3685032 showed no changes in any 

modifications except a statistically significant increase in Rme2a at the highest concentrations 

(Figure 2.7D). AGS cells treated with decitabine exhibited a decrease in total arginine methylation 

and total lysine methylation, whereas no significant changes were observed in cells treated with 

GSK3685032 (Table 2.2). GSK3685032 increased total arginine methylation in SNU719 cells, but 

no other significant changes in histone modifications were observed (Table 2.2). 
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Figure 2.7 Changes in total histone modifications in AGS and SNU719 cells treated with decitabine or 

GSK3685032 for 72 h. 

 Histone modification changes measured by LC-MS/MS in AGS cells treated with the indicated concentrations of 

decitabine (A) or GSK3685032 (B); and in SNU719 treated with the indicated concentrations of decitabine (C) or 
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GSK3685032 (D).  The one-way ANOVA was used to compare the difference between the different concentrations in 

one cell line treated with the same DNMT inhibitors (P-value <0.05 considered significant). Asterisk (*) indicates 

statistical significance (*P < 0.05, **P<0.01, ***P<0.001, ****P<0.0001) compared with the control group (0  M 

DNMT inhibitor).  Values represent the mean of three measurements with error bars indicating SD. DAC-SNU: 

SNU719 cells with decitabine; GSK-AGS: AGS cells with GSK3685032; GSK-SNU: SNU719 cells with 

GSK3685032. Kac: Acetylation lysine; Kme1: Monomethylation lysine; Kme2: Dimethylation lysine; Kme3: 

Trimethylation lysine; Rme1: Monomethylation arginine; Rme2s: Symmetric dimethylation arginine; Rme2a: 

Asymmetric dimethylation arginine. 

Table 2.2 Summary of changes in histone modifications in AGS and SNU719 cells treated with decitabine and 

GSK3685032 for 72 h 

DNMT inhibitor Decitabine GSK3685032  

Cell line AGS  SNU719  AGS  SNU719  

Kac ↓↓ ↓ ↓ ─ 

Kme1 ↓↓ ↓ ↓ ─ 

Kme2 ↓↓ ─ ─ ─ 

Kme3 ↓ ─ ─ ─ 

Total K Methylated  ↓↓ ─ ─ ─ 

Total methyl group transferred to K ↓↓ ─ ─ ─ 

Rme1 ─ ─ ─ ─ 

Rme2s ─ ─ ─ ─ 

Rme2a ↓ ─ ─ ↑ 

Total R Methylated  ↓ ─ ─ ↑ 

Total methyl group transferred to R ↓ ─ ─ ↑ 

Total Methyl group transferred to K and R ↓ ─ ─ ─ 

─:  No significant change; ↑: Significant upregulation P<0.05 

↓: Significant downregulation P<0.05; ↓↓: Significant downregulation P<0.01. 

Kac: Acetylation lysine; Kme1: Monomethylation lysine; Kme2: Dimethylation lysine; Kme3: Trimethylation lysine; 

Rme1: Monomethylation arginine; Rme2s: Symmetric dimethylation arginine; Rme2a: Asymmetric dimethylation 

arginine. 

2.4 Discussion 

This study characterizes dose-dependent responses to DNMT inhibitors within the same gastric 

cancer cell lines. We show that DNMT inhibitor–induced reductions in DNA methylation do not 

follow a typical dose response relationship  since these reductions in DNA methylation become 

attenuated at higher doses paradoxically increasing methylation relative to the minimum DNA 

methylation levels produced by low doses.  We combine total and promoter-specific CpG DNA 

methylation with DNMT/TET/p16 gene regulation on the mRNA and protein levels, histone 

modifications, and changes in cell-cycle in gastric cancer cell lines. Comparison of mechanistically 

distinct DNMT inhibitors reveals drug class and dose dependent effects on p16 regulation and cell-
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cycle arrest. Together, these findings highlight the potential importance of dose optimization and 

inhibitor selectivity for effective therapy in gastric cancer. We uncover a dose‑dependent switch 

from p16 reactivation to re‑silencing that may have implications for dosing strategies in gastric 

cancer. 

It was expected that the DNMT inhibitors, decitabine and GSK3685032, would reduce total DNA 

methylation with increasing dose, and this was observed at low concentrations; however, at high 

concentrations, there was a paradoxical increase in total DNA methylation relative to the minimum 

levels of DNA methylation produced by low doses. Decitabine and GSK3685032 increased 

DNMT3B mRNA levels in both cell lines, corroborated by increases in DNMT3B protein (except 

for GSK3685032 in AGS cells) at doses consistent with the paradoxical increase in DNA 

methylation. In addition, TET1 and TET2 protein concentrations decreased in AGS cells treated 

with GSK3685032 and decitabine, respectively. Thus, the increase in DNMT3B is the most likely 

cause of the paradoxical increase in DNA methylation at higher doses of decitabine and 

GSK3685032 in AGS and SNU719 cells (Figure 2.5). However, the reductions of TET1 and TET2 

may also play a role in AGS cells. A limitation of our study is that we could have used targeted 

knockdown of DNMT3B or TET1/2 family enzymes to confirm their involvement in the 

paradoxical increase in DNA methylation with higher doses of DNMT inhibitors. Nevertheless, 

our findings are supported by previous studies showing that decitabine increased DNMT3B 

expression 4-fold in HL-60, a human leukemia cell line[196] and decitabine reduced TET1 

expression by ~half in the breast cancer cell line JIMT-1[197]. Moreover, the present work is 

intended to define a pharmacologically relevant, dose  and mechanism dependent regulatory 

framework at the pathway level, rather than to establish genetic cause–effect relationships for 

individual enzymes. 
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Previous studies have shown that decitabine can sometimes cause a net increase CpG methylation 

in selected genes over a no-treatment-control in some cancer cell lines using non-quantitative 

sequencing methods [198]. It is important to note that in our study, no dose of DNMT inhibitor 

produced higher total or p16 promoter CpG DNA methylation than the no-treatment controls. 

Although higher doses of some DNMT inhibitors returned p16 promoter CpG DNA methylation 

to pre-treatment levels it never exceeded them.  

Although DNMT inhibitors have been suggested as potential treatments for gastric and other solid 

tumor cancers, decitabine is only approved for use in haematological cancers. This and previous 

studies show that DNMT inhibitors can reduce DNA methylation, inducing expression of silenced 

tumor suppressors like p16, and could therefore be useful therapeutics for gastric cancers caused 

by silenced p16 expression. However, if our results with cultured gastric cancer cell lines AGS and 

SNU719 can be extrapolated generally to gastric cancer tumors, then only particular tissue or 

tumor concentrations of DNMT inhibitors can possibly increase p16 expression. We observed that 

concentrations of decitabine below 1 µM reduced total DNA and p16 promoter CpG DNA 

methylation and increased p16 mRNA expression and protein, but concentrations higher than 1 µM 

led to a paradoxical increase in total DNA and p16 promoter CpG methylation, and a decrease in 

p16 mRNA expression and protein, sometimes to pre-treatment levels.  

Typical plasma decitabine concentrations range from 0.12 to 15 µM, depending on cancer type 

and dosing schedule[132,199,200]. For example, administration of 20 mg/m² in AML/MDS 

patients produced peak plasma concentrations of 0.4–0.9 µM[201], while higher dose regimens 

yielded up to 15 µM[132]. In a phase I trial involving patients with solid tumors, decitabine was 

administered as a 6-hour IV infusion at doses ranging from 5 to 135 mg/m², and resulting in plasma 

concentrations of 0.1 to 6 µM[200]. These decitabine concentration ranges overlap the transition 
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point between decreased and increased total DNA and p16 promoter CpG methylation, and 

increased and decreased p16 expression that we observed. This suggests that some decitabine 

dosing schedules may increase, while others decrease p16 expression depending on the 

concentration achieved in the tumor. We expect a similar paradigm exists with GSK3685032, but 

since it has not entered human clinical trials we don’t know what its typical plasma concentration 

range is. Ultimately, selection of the correct doses for decitabine and GSK3685032 may determine 

their success as potential therapeutics for gastric cancer characterized by p16 promoter 

hypermethylation[202] and potentially other solid tumor cancers[203]. Our results also suggest the 

DNMT inhibitors can cause unanticipated changes in off-target gene expression that may limit 

their usefulness, an observation we have also made with histone deacetylase inhibitors and histone 

lysine methyltransferase inhibitors[204,205]. However, it must be noted that the present study is 

an in vitro proof of concept in gastric cancer cells. Therefore, future translational validation, 

preferably in humans, will be needed to validate the clinical relevance, of our findings.  

We first used LC-MS/MS to quantify total DNA methylation induced by decitabine and 

GSK3685032 showing a strong negative correlation with p16 expression, a relationship further 

supported by p16 promoter CpG methylation from pyrosequencing. Notably, p16 expression 

correlated more strongly with total DNA methylation than with promoter methylation, highlighting 

the utility of our quantitative total DNA methylation method. These findings suggest that total 

DNA methylation may serve as a marker for p16 promoter CpG methylation, especially during 

treatment with decitabine and GSK3685032. In fact, it may eventually be possible to titrate the 

dose of decitabine or GSK3685032 to total DNA methylation to ensure optimal induction of p16 

expression.     
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We confirmed that decitabine increases p21[184,185] and p16 expression in gastric cancer cell 

lines[168,186] . We showed for the first time that GSK3685032 upregulated p16 and had a weaker 

or negligible effect on p21, depending on the cell type. Decitabine treatment favored cell cycle 

arrest in the G2/M phase, whereas GSK3685032 induced G0/G1 arrest. This difference aligned 

with the roles of p21 and p16 in cell cycle regulation, where p21 regulates both the G1 and G2/M 

phases[206], while p16 primarily promotes G0/G1 phase arrest[207]. Therefore, shifts in cell cycle 

arrest to the G0/G1 or G2/M phases depend on the relative increase in p16 or p21 expression, 

respectively. Decitabine induced a greater maximal increase in p21 mRNA expression compared 

to GSK3685032. This was supported by increased p21 protein levels at 50 μM in both cell lines 

(Figure 2.6S and 2.6U).  Accordingly, decitabine produced statistically significant increases in the 

percentage of AGS and SNU719 cells in G2/M at 50 μM where p16 mRNA and protein was 

reduced compared to the maximum produced at 1 μM (Figure 2.6M, 2.6O, 2.6Q, 2.6S and 2.6U), 

and where total DNA methylation increased (Figure 2.3B and 2.3D), and where p16 promoter 

CpG methylation returned to pretreatment levels (Figure 2.4A and 2.4B). In contrast, 

GSK3685032 at1-10 μM in AGS and 10-25 μM in SNU719 cells induced a greater maximal 

increase in p16 mRNA expression compared to decitabine (Figure 2.3F, 2.3H, 2.6P and 2.6R), 

with corresponding significant increases in p16 protein in AGS but not in SNU719 cells. This 

aligned with a minimum in total DNA methylation (Figure 2.3E and 2.3G) and p16 promoter 

CpG methylation (Figure 2.4C and 2.4D). Although p16 expression was most significantly 

upregulated in AGS cells treated with 1 μM GSK3685032 (Figure 2.6P), the strongest G0/G1 

phase arrest was observed at 25 μM (Figure 2.6J). Corroborating our results, previous studies 

have shown that decitabine increased DNMT3B expression[196]. Our results confirm known 

effects of decitabine on p21, p16 and G2/M arrest[184,185], but for the first time we demonstrate 
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that GSK3685032 preferentially enhances p16, has weaker effects on p21, and induces G0/G1 

arrest in gastric cancer cells showing the subtle differences in these DNMT inhibitors. 

GSK3685032 induced changes in p16 and p21 mRNA levels but sometimes failed to show 

corresponding changes in protein. For example, GSK3685032 increased p21 mRNA in SNU719 

cells but not in AGS cells, but there was no significant increase in p21 protein level at any dose or 

cell line. Similarly, GSK3685032 induced significant increases in p16 mRNA at 1-10 μM in AGS 

and 10-25 μM in SNU719 cells, but a significant increase in p16 protein was only observed in 

AGS cells at 10 μM. Previous reports[160]show that decitabine alters gene expression more 

rapidly than GSK3685032, with change detectable as early as day 4. This may explain the absence 

of these expected changes in protein because we measured this after 3 days of GSK3685032 

treatment.  

The differing effects on p16 and p21 expression and cell cycle regulation induced by GSK3685032 

and decitabine may be rooted in their differing mechanisms of action. GSK3685032 is a reversible 

competitive DNMT1 inhibitor, directly interacting with the DNMT1 active site loop and targeting 

hemi-methylated DNA, without causing DNA damage[164,208]. Indeed, Pappalardi et al reported 

no effects on γH2AX, a marker of DNA damage, following GSK3685032 treatment[160]. 

Alternatively, decitabine broadly inhibits DNMT1, DNMT3A and DNMT3B by forming a 

covalent interaction with the enzyme’s active site and exhibiting a non-competitive type of 

inhibition[209]. This results in replication stress, DNA double-strand breaks, and subsequent DNA 

damage[210–212]. Decitabine-induced p21 expression appears to occur through passive 

demethylation of CpG sites in the p73 promoter, leading to increased p73 expression, which 

subsequently upregulates p21 [213]. Another mechanism involves the release of HDAC1 from the 

p21 promoter without promoter demethylation[214].  Since decitabine induces DNA damage, the 
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resulting increase in p21 expression may facilitate DNA repair[215]. The lack of induced DNA 

damage by GSK3685032 may explain the relatively minor or absent increases in p21 expression 

and the difference in cell cycle arrest induced by GSK3685032 compared to decitabine. 

 The pattern of decreasing then increasing total DNA methylation, increasing then decreasing p16 

and sometimes TNS, PPIC and SCRN1 with increasing DNMT inhibitor concentration confirms 

that the drugs act genome-wide, broadly affecting the expression of many genes. However, over 

the treatment duration, the effects on p16 promoter CpG methylation differ between decitabine 

and GSK3685032. Whereas decitabine reduces p16 promoter CpG methylation by <50% at 1 μM 

with methylation returning to pretreatment levels at 25 μM, GSK3685032 reduces p16 promoter 

CpG methylation by >50% at 10 μM, and small but significant increases in CpG methylation are 

observed at 25 or 50 μM depending on cell line (Figure 2.4A, 2.4B, 2.4C, and 2.4D). At these 

higher concentrations of GSK3685032, p16 mRNA levels nearly return to pretreatment levels 

(Figure 2.4E) but there is only a significant decrease in p16 protein levels in AGS and not SNU719 

cells (Figure 2.6 and S2.6). The significant reduction in p16 protein observed only in AGS cells 

may be due to the slower proliferation rate of SNU719 cells (~43 h vs. ~20 h in AGS) [216,217], 

which may delay the conversion of mRNA changes into detectable protein effects within the 72-

hour treatment period. Although there appears to be a decrease in p16 protein in SNU719 cells, it 

did not reach statistical significance. In addition, with decitabine, the increases and decreases in 

p16 mRNA and protein are significant in both cell lines at 1 μM. This delay in returning to 

pretreatment CpG methylation levels with GSK3685032 in comparison to decitabine may be the 

reason that decitabine induces faster changes in gene expression compared to GSK3685032[160] 

as we observed above.  
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GSK3685032 induces fewer changes in histone modifications than decitabine. Previous studies 

show that decitabine can increase histone H3K4ac and H3K9ac[218], but decrease histone H4K8ac, 

H4K12ac, and H4K16ac[219]. We find that both GSK3685032 and decitabine decrease total 

histone lysine acetylation (Kac) in AGS cells. H2AK5ac and H4K16ac are reduced in colorectal 

cancer cell lines treated with 5-azacitidine. Moreover, the combination of 5-azacitidine and 

panobinostat, a pan-histone deacetylase (HDAC) inhibitor, demonstrated greater efficacy than 

either drug alone at inhibiting cell proliferation and reducing tumor growth[220]. This suggests 

that DNMT inhibitors alone may not fully reactivate gene expression since histone deacetylation 

(in the absence of CpG methylation) can still maintain chromatin in a closed state, preventing 

transcription[221]. The loss of histone acetylation that we and others have observed with DNMT 

inhibitor treatment may represent a compensatory mechanism that counterbalances the reduction 

in DNA methylation, preserving at least some transcriptional repression for some genes, during 

treatment. This may also explain why DNMT inhibitors are sometimes used with HDAC inhibitors 

clinically, aiming to overcome these compensatory mechanisms[221,222].    

Histone lysine methylation decreases with decitabine in AGS and SNU719 cells and GSK3685032 

in AGS cells, suggesting the DNMT inhibitors may alter the expression of lysine 

methyltransferases. Indeed, decitabine reduces SUV39H1 expression, decreasing H3K9me3 in 

diffuse large B-cell lymphoma[223] and H3K9me2 in bladder cancer cells[224], and 

downregulates EZH2[225], reducing H3K27me3.  

Previous studies using Western blots suggested that DNMT1 was degraded during treatment with 

decitabine and GSK3484862, a compound structurally related to GSK3685032[164,196,226]. Our 

study failed to show changes in DNMT1 protein using ELISA, which can quantify DNMT 

concentrations but are not based on size[227]. It is unlikely that even a partially degraded protein 



 

51 

 

would still bind to both immobilizing and detecting antibodies used in our ELISA kits. Therefore, 

to understand the difference in results between detection of DNMT with ELISAs or Western blots, 

it should be noted that decitabine is incorporated into DNA where it forms a stable, covalent, 

thioether bond with the DNMT, forming a DNMT-decitabine-DNA complex that no part of the 

Western blot procedure could reverse. The resulting DNMT-decitabine-DNA complex would not 

have the same mobility as DNMT on SDS-PAGE and would therefore not be detected at the same 

MW as DNMT using Western blots. In contrast, the DNMT-decitabine-DNA complex was 

apparently still detected by our ELISA assay kits. In this way, we detected no change in DNMT1 

protein by ELISA [228], but Western blots may appear to show degradation because the DNMT-

decitabine-DNA complex was not detected by this technique[228]. Alternatively, the difference in 

results could be because of our extended incubation time of 72h, and any DNMT degradation may 

be transient, with protein levels recovering by 72 h. A recent study showed that GSK3484862 

induced degradation of DNMT1, but it did not show that GSK3685032 had a similar effect [164]. 

We did not find that GSK3685032 induced degradation of DNMT1, DNMT3A or DNMT3B.  

Both control HEK293 cells and gastric cancer SNU216 cells show high p16 expression with and 

without DNMT inhibitors, whereas p16 expression was undetectable in MKN45 cells. However, 

HEK293, SNU216, and MKN45 cells exhibited sustained reductions in DNA methylation with 

increasing decitabine and GSK3685032, but not RG108. Promoter hypermethylation of p16 was 

reported in SNU719, but not SNU216 cells [229], while MKN45 cells have a homozygous deletion 

of p16 [230]. AGS and SNU719 cells are known to exhibit low or no p16 expression due to CpG 

promoter hypermethylation[168,229], which we confirmed. Consequently, with DNMT inhibitors, 

particularly GSK3685032, p16 expression exhibited the strongest negative correlation with total 

DNA methylation among all the genes we studied. 
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RG108 yielded a significant increase in p16 expression at 200 μM in SNU719 cells (Figure 2.2F), 

despite no significant changes in total DNA methylation. p16 expression is governed by promoter 

CpG methylation rather than total DNA methylation [52,168], and total DNA methylation change 

does not necessarily correlate with changes in promoter CpG methylation. Therefore, RG108 may 

selectively affect p16 promoter CpG methylation at high concentrations, leading to increased p16 

expression without altering total DNA methylation. Unlike GSK3685032 and decitabine, RG108 

shows sequence-specific effects on DNA methylation. For example, decitabine decreased 

methylation at three CpG sites in leukemia cells in the long interspersed nuclear element-1 

sequence, which is known to be highly methylated, but even high doses of RG108 induced no 

significant changes in methylation at these CpG sites[231]. In addition, RG108 did not affect the 

methylation of centromeric satellite sequences, where decitabine produced significant decreases 

in methylation [52]. Therefore, RG108 may decrease p16 promoter methylation without 

significantly affecting total DNA methylation. However, we did not study RG108 further because 

it is not used clinically, nor is it in clinical testing, and the doses needed to increase p16 expression 

were much higher than decitabine or GSK3685032. 

2.5 Supplementary  

2.5.1 Total DNA methylation assay validation 

2.5.1.1 LCMS procedure  

The analysis for detecting mdC (5-methyl-2’-deoxycytidine), N6-mdA (N6-methyl-2’-

deoxyadenosine), hmdC (5-hydroxymethyl-2’-deoxycytidine), fdC (5-formyl-2′-deoxycytidine), 

and cadC (5-carboxyl-2′-deoxycytidine) was conducted using a Shimadzu Nexera UHPLC system 

coupled to a Shimadzu MS-8040 triple quadrupole mass spectrometer. Detection was performed 

using electrospray and atmospheric pressure chemical ionization (DUIS) in positive ion mode with 
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multiple reaction monitoring (MRM) targeting specific m/z transitions for the analytes and their 

respective internal standards (IS). Detailed m/z values are provided in Table S2.1. For mdC, N6-

mdA, fdC, and cadC, separation was performed on an Acquity BEH C18 column (1.7 μm, 2.1 × 

100 mm, Waters, USA) under a pH gradient with organic mobile phase A (methanol containing 

0.1% formic acid, 2 mM ammonium formate, and 0.1 mM malic acid) and aqueous mobile phase 

B (water containing 0.1% formic acid, 2 mM ammonium formate, and 0.1 mM malic acid) with a 

flow rate of 400 mL/min. The injection volume was 3 μL. 5% B is held for 2 min, stepped to 90% 

B at 4 min and held for 4 min then stepped down to 5% B and held for 5 min. 

For hmdC, separation was performed on a Primesep 200 column (2.1 × 100 mm, 3 μm) at 40°C. 

The mobile phase consisted of phase A (water containing 0.05% formic acid, 2 mM ammonium 

formate, and 0.1 mM malic acid) and phase B (80% acetonitrile and 20% water containing 1% 

formic acid, 2 mM ammonium formate, and 0.1 mM malic acid) with a flow rate of 500 μL/min. 

The gradient was set as follows: 2% phase B held for 1 minute, increased to 90% B and held for 5 

minutes, then reduced to 2% B and held for 3 minutes.  
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Table S2.1 Analytes abbreviation and MRM transitions 

Analyte Abbreviation 

Precursor > 

Product Ion  

(m/z) 

Analyte/Internal Standard (IS) 

2’-Deoxyguanosine dG 267.7 > 152.1 Analyte 

5-Methyl-2’-deoxycytidine mdC 242.1 > 126.3 Analyte 

5-(Hydroxymethyl)-2’-deoxycytidine hmdC 258.1 >142.1  Analyte 

5-Carboxyl-2′-deoxycytidine cadC 272.1 > 156.1 Analyte 

5-Formyl-2′-deoxycytidine fdC 245.1 > 129.0 Analyte 

N6-Methyl-2’-deoxyadenosine N6-mdA 266.0 > 150.1 Analyte 

5-Methyl-2’-deoxycytidine-d3 mdC-d3 245.1 > 129.0 IS for mdC 

5-Hydroxymethyl-2'-deoxycytidine-d3 hmdC-d3  261.2 >145.1  IS for hmdC 

15N5-2’-deoxyguanosine 15N5-dG 273.0 > 157.1 IS for dG 

N6-Methyl-2’-adenosine-d3 N6-mdA-d3 269.2 > 153.2 IS for N6-mdA 

5-Fluorocytidine Fluo 231.7 > 116.1 IS for cadC and fdC 
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2.5.2 Validation results 

The method was validated based on linearity, accuracy and precision according to the US Food 

and Drug Administration (FDA) bioanalytical method validation guidelines. The intra- and inter-

day precision and accuracy for all analytes in QC and LLOQ samples are given in Table S2.2. The 

intra- and inter-batch bias and CV were less than 15% at LLOQ level. For all the QC samples, the 

intra- and inter-batch precision was below 15% and the bias was less than 15%. Therefore, the 

methods presented acceptable accuracy and precision. 

Table S2.2-1 Typical calibration curve for analytes 

Analyte 
Calibration Curve 

LLOQ(nM) ULOQ(nM) typical equation R2 

mdC 2 800 y=0.00229252x+0.9967668 0.9968 

hmdC 0.4 160 y=0.0144525x+0.00132997           0.9982 

mdA 0.2 80 y=0.0126635x+0.9936312 0.9936 

fdC 0.8 320 y=0.0113142x+0.997675 0.9977 

cadC 0.8 320 y=0.00137487x+0.9919478 0.9919 
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Table S2.2-2 Precision and accuracy validation for mdC (n=3 with 6 replicates per batch) 

Concentration 

spiked  

(nM) 

Intra-batch Inter-batch 

Concentration 

measured  

(mean ± SD, 

nM) 

Precision 

(CV; %) 

Accuracy 

(bias; %) 

Concentration 

measured  

(mean ± SD, 

nM) 

Precision 

(CV; %) 

Accuracy 

(bias; %) 

2 1.94 ± 0.06 2.87 -3.32 2.02 ± 0.18 0.18 8.82 

6 6.51 ± 0.15 2.26 1.27 6.45± 0.28 4.41 7.57 

50 54.59± 0.69 1.27 6.90 55.53 ± 2.08 3.75 11.06 

640 647± 3.19 0.49 0.78 673.83 ± 25.97 3.85 5.29 
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Table S2.2-3 Precision and accuracy validation for hmdC (n=3 with 6 replicates per batch) 

Concentration 

spiked  

(nM) 

Intra-day Inter-day 

Concentration 

measured  

(mean ± SD, 

nM) 

Precision 

( CV; %) 

Accuracy 

(bias; %) 

Concentration 

measured  

(mean ± SD, 

nM) 

Precision 

(CV; %) 

Accuracy 

(bias; %) 

0.4 0.36 ± 0.03 9.33 0.32 0.40 ± 0.04 10.61 -0.06 

1.2 1.22 ± 0.03 2.26 2.65 1.24± 0.08 6.19 3.63 

10 10.00± 0.23 2.29 -0.62 9.87 ± 0.22 2.25 -1.26 

128 125.67± 1.49 1.19 -1.41 124.94 ± 1.77 1.42 -2.39 
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Table S2.2-4 Precision and accuracy validation for mdA (n=3 with 6 replicates per batch) 

Concentration 

spiked  

(nM) 

Intra-batch Inter-batch 

Concentration 

measured  

(mean ± SD, 

nM) 

Precision 

( CV; %) 

Accuracy 

(bias; %) 

Concentration 

measured  

(mean ± SD, 

nM) 

Precision 

(CV; %) 

Accuracy 

(bias; %) 

0.2 0.21 ± 0.01 6.57 -5.28 0.20 ± 0.03 14.84 0.76 

0.6 0.64± 0.02 3.44 6.96 0.65± 0.03 4.11 7.73 

5 5.10± 0.13 2.49 2.18 5.34± 0.19 3.55 6.81 

64 64.65± 1.24 1.93 1.27 68.15 ± 3.05 4.47 6.48 
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Table S2.2-5 Precision and accuracy validation for fdC (n=3 with 6 replicates per batch) 

Concentration 

spiked  

(nM) 

Intra-batch Inter-batch 

Concentration 

measured  

(mean ± SD, 

nM) 

Precision 

 (CV; %) 

Accuracy 

 (bias; %) 

Concentration 

measured  

(mean ± SD, 

nM) 

Precision 

(CV; %) 

Accuracy 

(bias; %) 

0.8 0.92 ± 0.04 3.82 12.86 0.86 ± 0.08     9.08 6.98 

2.4 2.63± 0.08 3.06 3.08 2.44 ± 0.19 7.94 1.70 

20 19.13± 0.33 1.73 -4.64 21.0 ± 1.88 8.93 4.99 

256 232.19±12.95 5.58 -10.46 261.12 ± 27.52 10.54 2.00 
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 Table S2.2-6 Precision and accuracy validation for cadC (n=3 with 6 replicates per batch) 

Concentration 

spiked  

(nM) 

Intra-batch Inter-batch 

Concentration 

measured  

(mean ± SD, 

nM) 

Precision 

( CV; %) 

Accuracy 

(bias; %) 

Concentration 

measured  

(mean ± SD, 

nM) 

Precision 

(CV; %) 

Accuracy 

(bias; %) 

0.8 0.68 ± 0.04 5.28 -9.36 0.77 ± 0.08 10.49 -3.90 

2.4 2.26 ± 0.17 7.56 -7.04 2.30± 0.17 7.44 -3.99 

20 20.93±1.16 5.55 4.07 21.67 ± 1.23 5.65 8.37 

256 125.67± 1.49 1.19 -1.41 279.16 ± 18.74 6.71 9.05 
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2.5.3 DNA hydrolysis validation  

To ensure complete DNA hydrolysis, synthetic double DNA strands containing a single 

modification (e.g., mdC) were obtained from Integrated DNA Technologies (IDT). These DNA 

strands were used as standards to evaluate the efficiency of DNA hydrolysis. The digest mix was 

prepared by adding 250 units of Benzonase, 300 mUnits of phosphodiesterase I (Sigma P-3243), 

and 200 units of alkaline phosphatase (Sigma P-7923) to a 0.5 mL solution of 100 mM ammonium 

bicarbonate buffer with 5 mM MgCl₂. The hydrolysis was carried out at 37°C for 96 hours using 

20 µg of DNA and 50 µL of the digest mix. The recovery is shown in Table S2.2. 

Table S2.2 Enzymatic Hydrolysis Recovery of DNA Modifications (n=3) 

DNA modification mdC mdA hmdC fdC CadC 

Spiked Amount (nM) 326 32.6 127.4 236.5 288 

Measured Amount（nM） 276.457 31.6737 107.275 252.919 215.431 

Recovery 84.80% 97.20% 84.20% 106.90% 74.80% 

%RSD 2.90% 8.20% 3.80% 18.70% 3.00% 
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2.5.4 Pyrosequencing assays for quantifying methylation at CpG sites in the p16 promoter 

 

Figure S2.1 Pyrosequencing assays for quantifying methylation at CpG sites in the p16 promoter. 

Assay 1 measured two CpG sites, and Assay 2 measured six CpG sites. Methylation levels were calculated using a 

standard curve generated from methylation standards to correct for assay-specific variation. Differences in methylation 

between drug concentrations and cell lines were tested by ANOVA followed by Tukey’s post hoc test for pairwise 

comparisons. Bars indicate significant comparisons (p.adj < 0.01). The only non-significant comparison was between 

0 µM and 25 µM Decitabine in both cell lines and assays. 
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2.5.5 Decitabine and GSK3685032 increased DNMT3B and decreased TET in AGS cells 

and SNU719 cells 

 

Figure S2.2 Decitabine and GSK3685032 increased DNMT3B expression and/or decreased TET expression on 

mRNA level in AGS cells and SNU719 cells after 72 h treatment. 

The results presented in Figures A, C, E, and G were normalized using B2M. In AGS cells, decitabine treatment 

resulted in a significant reduction in TET1 and TET3 expression levels (A), whereas in SNU719 cells, decitabine 

downregulated DNMT1 and TET1 expression (C). Treatment with GSK3685032 led to reductions in DNMT1, TET1, 

and TET3 levels in both AGS and SNU719 cells (E and G). Conversely, Figures B, D, F, and H, normalized using 

combination of B2M and GAPDH, demonstrated that in AGS cells, decitabine increased DNMT3B expression while 

decreasing TET1 levels (B). In SNU719 cells, no significant changes were observed following decitabine treatment 

(D). For GSK3685032-treated cells, AGS displayed downregulation of DNMT1, TET1, and TET2 expression, For 

GSK3685032-treated cells, AGS cells exhibited downregulation of DNMT1, TET1, and TET2 expression (F), whereas 

SNU719 cells showed a decrease only in DNMT1 expression (H) Asterisk (*) indicates statistical significance 

(*P<0.05, **P<0.01, ***P<0.001, ****P<0.0001) compared with the control group (0 mM DNMT inhibitor). Values 



 

64 

 

represent the mean of three measurements with error bars indicating SD. DAC-SNU: SNU719 cells with decitabine; 

GSK-AGS: AGS cells with GSK3685032; GSK-SNU: SNU719 cells with GSK3685032. 

2.5.6 The protein level changes in p21 and p16 in AGS and SNU719 cells treated with 

decitabine or GSK3685032 for 72h. 

 

Figure S2.3 The changes in p21 and p16 in AGS and SNU719 cells treated with decitabine or GSK3685032 for 

72h. 

The cell cycle regulators p21 and p16 protein level measure by Elisa in AGS and SNU719 cells treated with decitabine 

(A and C) or GSK3685032 (B and D) for 72 h. A one-way ANOVA was used to compare the difference between the 

different concentrations in one cell line treated with the same DNMT inhibitors (P-value <0.05 considered significant). 

Asterisk (*) indicates statistical significance (*P < 0.05, **P<0.01, ***P<0.001, ****P<0.0001) compared with the 

control group (0 M DNMT inhibitor). Values for p21 and p16 protein level represent the mean of three measurements 

with error bars indicating SD. 
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Chapter 3: Genes Associated with DNMT Inhibitor-Induced 

Changes in CDKN2A/p16 expression in Gastric Adenocarcinoma 

3.1 Introduction  

Gastric adenocarcinoma accounts for over 90% of gastric cancer and is sometimes caused by 

epigenetic dysregulation [232,233], [234]. For example, promoter CpG hypermethylation can 

silence the tumor suppressor CDKN2A, resulting in gastric adenocarcinoma [235]. Understanding 

how the effects of these epigenetic alterations propagate through gene regulatory networks can 

identify new therapeutic targets and predict treatment responses. 

CDKN2A encodes two distinct tumor suppressor proteins, p16INK4a (p16) and p14ARF (p14)  

[236,237]. In gastric cancer, CDKN2A/p14 expression is generally low compared with 

CDKN2A/p16 [238] , and p16 promoter hypermethylation has been widely recognized as a 

biomarker of gastric cancer  [172,239]. Therefore, because this study focuses on gastric 

adenocarcinoma, CDKN2A/p16 is used when referring collectively to the CDKN2A gene and its 

p16-related biological context, including CDKN2A/p16-associated networks, CDKN2A/p16-

synchronized response genes, and CDKN2A/p16 expression and reactivation. When a specific 

molecular level is intended, terminology has been clarified accordingly. CDKN2A is used for non-

isoform-specific gene-level measurements and database-derived analyses, including gene deletion, 

mRNA expression, qPCR analysis, and CDKN2A-centered network or correlation analyses. p16 

promoter methylation is used when the methylation analysis specifically concerns the p16INK4a 

promoter region. p16 is used when referring to the p16 protein or its established biological 

functions, including CDK4/6 inhibition and G1/S checkpoint regulation.  

DNA methyltransferase (DNMT)-catalyzed p16 promoter CpG hypermethylation, silences p16 

expression, and occurs in 30-45% of gastric adenocarcinoma cases, correlating with poor 

prognosis [240,241]. p16 enforces the G1/S checkpoint by inhibiting CDK4/6. Therefore, silencing 

of p16 permits uncontrolled cell cycle progression in gastric adenocarcinoma [242]. DNMT 

inhibitors can reverse p16 promoter CpG hypermethylation thereby reactivating p16 expression, 

and they have been suggested as potential treatments for gastric adenocarcinoma. However, 

therapeutic agents aimed at single molecular targets often exhibit limited effectiveness and the 
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emergence of resistance, primarily as a consequence of inherent features of biological networks, 

such as robustness, redundancy, pathway crosstalk, and compensatory or neutralizing 

processes[243,244]. Consequently, increasing attention has been directed toward combination 

therapies [244]. Moreover, given its role, p16 reactivation is inherently a system-level event rather 

than an isolated molecular change. Systems-oriented identification of CDKN2A/p16-associated 

genes in gastric adenocarcinoma may facilitate the identification of new genes that can be co-

targeted as part of combination therapeutic strategies. Here, co-target genes refer to genes that 

reside within CDKN2A/p16-associated regulatory networks and display expression changes 

concordant with p16 reactivation under DNMT inhibition.  

Decitabine is a DNMT inhibitor used in hematological cancers, but it can also increase p16 

expression in gastric adenocarcinoma cells  [245,246]. However, decitabine must be incorporated 

into DNA where it covalently binds to DNMTs resulting in a complicated mechanism and potential 

genotoxicity[202]. GSK3685032 is a reversible DNMT1-selective inhibitor that reduces DNA 

methylation without being incorporated into DNA[160] and it has not been used to dissect 

CDKN2A/p16-associated networks. We distinguish broad from selective DNA methylation-

associated effects on p16 using various concentrations of DNMT inhibitors in gastric 

adenocarcinoma cells.  

To identify CDKN2A/p16-associated and potential co-targeting genes, we integrated multi-

database network reconstruction with experimental validation following treatment of gastric 

adenocarcinoma cells with DNMT inhibitors. We reconstructed CDKN2A/p16-anchored networks 

using The Cancer Genome Atlas (TCGA) and protein interaction databases; identified highly 

connected, critical regulators, called hub genes via topology analysis; and validated candidates by 

quantitative PCR (qPCR) with increasing concentrations of decitabine and GSK3685032 in gastric 

adenocarcinoma cell lines with differing CDKN2A expression status. This approach identifies and 

validates CDKN2A/p16-associated genes during DNMT inhibitor treatment, providing 

mechanistic insights into gastric adenocarcinoma associated with low CDKN2A expression and 

highlighting potential co-target gene candidates. 
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3.2 Materials and Methods    

3.2.1 Integrative gene and pathway dataset construction for gastric adenocarcinoma 

network analysis 

A multi-step integrative strategy was developed to systematically identify, prioritize, and validate 

genes associated with gastric adenocarcinoma, with particular emphasis on the CDKN2A/p16 

regulatory context across the cell lines AGS, SNU216, SNU719, and MKN45. Candidate genes 

were first compiled from multiple complementary resources, including GETdb (Genetic and 

Evolutionary Features of Frug Targets Database), OncoKB (Oncology Knowledge Base), 

UALCAN (The University of Alabama at Birmingham Cancer Data Analysis Portal), CTD (The 

Comparative Toxicogenomics Database), KEGG (Kyoto Encyclopedia of Genes and Genomes), 

NeDRex (Network-based Drug Repurposing and exploration), DisGeNET, and STRING (Search 

Tool for the Retrieval of Interacting Genes/Proteins), yielding an initial disease-associated gene 

set. In parallel, genes belonging to seven key signaling pathways implicated in gastric cancer 

pathogenesis (ErbB, Ras, PI3K-Akt, Wnt/β-catenin, TGF-β, VEGF, and Hippo) were extracted 

from KEGG. Cell-line-specific molecular features were additionally incorporated by querying 

DepMap (CRISPR-Cas9 and RNAi screens) and Cell Model Passports (RNA-seq and proteomics) 

for the four selected cell lines. 

Prior work by our group and others has established that AGS and SNU719 cells exhibit low or 

undetectable baseline CDKN2A/p16 expression [19,20]. This epigenetic silencing was reversible 

upon treatment with decitabine or GSK3685032, leading to restoration of CDKN2A/p16 

expression. In contrast, SNU216 cells showed relatively high constitutive expression of 

CDKN2A/p16, whereas CDKN2A/p16 expression was undetectable in MKN45 cells due to a 

homozygous deletion of CDKN2A [21–23]. 

Gene lists derived from the disease-module, pathway, and cell-line analyses were independently 

subjected to network reconstruction in Cytoscape using the GeneMANIA plugin, followed by 

multi-parameter centrality analysis (degree, betweenness, and additional topological metrics) with 

the NetworkAnalyzer and CentiScaPe plugins. Hub genes identified across these networks were 

integrated with CDKN2A to reconstruct cell-line-specific CDKN2A/p16 regulatory networks. 

Subsequent correlation analyses in the TCGA-STAD cohort (cBioPortal) linked gene expression 
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to CDKN2A gene-body/3′-UTR and promoter CpG methylation, enabling progressive refinement 

of a core CDKN2A/p16-associated gene set. This set was further validated through multi-database 

survival, expression, histological grade, enrichment, and protein-level analyses, culminating in 

experimental confirmation by TaqMan qPCR following dose-dependent treatment with DNMT 

inhibitors in the four gastric adenocarcinoma cell lines. Figure 3.1 summarizes the integrated 

computational and experimental workflow encompassing multi-database gene and pathway 

curation, cell-line dependency profiling, network reconstruction and centrality analysis, 

CDKN2A/p16-centric network refinement, correlation-based prioritization, and final experimental 

validation. 
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Figure 3.1 Integrated workflow for identifying and validating CDKN2A-associated genes in a gastric cancer 

cell lines. 

Candidate genes were obtained from disease-related databases (Getdb, OncoKB, UALCAN, CTD, KEGG, NeDRex, 

DisGeNET, STRING), gastric cancer cell line datasets (DEPMAP, Cell Model Passports: CRISPR, RNAi, RNA-seq, 

proteomics), and signaling pathways (KEGG). Gene lists were integrated and analyzed for centrality (degree and 

betweenness), followed by Cytoscape network reconstruction, including CDKN2A-centered networks. Correlations 

between CDKN2A promoter methylation and gene expression were examined using cBioPortal. The most strongly 

associated genes were validated experimentally using TaqMan qPCR. 

 

 

3.2.1.1 Genes associated with gastric adenocarcinoma 
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To build a detailed gastric adenocarcinoma  gene database we extracted data from GETdb 

(http://zhanglab.hzau.edu.cn/GETdb/page/index.jsp)[247], OncoKB 

(https://www.oncokb.org/)[248], UALCAN (https://ualcan.path.uab.edu/)[249], CTD 

(https://ctdbase.org/)[250], KEGG (https://www.genome.jp/kegg/)[251], NeDRex 

(https://nedrex.net/)[252], and STRING (https://string-db.org/)[253]. Through this process, we 

successfully compiled a collection of 3,839 genes linked to gastric adenocarcinoma. 

3.2.1.2 Pathways associated with gastric adenocarcinoma 

To ensure that no relevant data were overlooked, we implemented a second complementary 

strategy for gene selection that differed from the first approach, in which multiple databases were 

queried collecting 3839 genes. In this second approach, we started with seven key signaling 

pathways (Table 3.1) known to play central roles in gastric cancer pathogenesis. The genes 

comprising each pathway were then extracted from the KEGG, resulting in 809 unique genes. 

These two strategies provided a robust and exhaustive list of candidate gastric adenocarcinoma 

genes.  

 Table 3.1 List of pathways to build a comprehensive gene database for gastric adenocarcinoma 

Targeted Pathways for In-Depth Analysis 

hsa04012 ErbB signaling pathway hsa04350 TGF-beta signaling pathway 

hsa04014 Ras signaling pathway hsa04370 VEGF signaling pathway 

hsa04151 PI3K-Akt signaling pathway hsa04390 Hippo signaling pathway 

hsa04310 
Wnt/β-Catenin signaling 

pathway 
/ / 

3.2.1.3 Cell lines associated with gastric adenocarcinoma 

We expanded the computational design to incorporate an additional layer of analysis focused on 

cell line features of the AGS, MKN45, SNU216, and SNU719 cell lines. For this phase, we used 

The Cancer Dependency Map (DepMap, https://depmap.org/portal/)[254] and Cell Model 

http://zhanglab.hzau.edu.cn/GETdb/page/index.jsp
https://www.oncokb.org/
https://ualcan.path.uab.edu/
https://ctdbase.org/
https://www.genome.jp/kegg/
https://nedrex.net/
https://string-db.org/
https://depmap.org/portal/


 

71 

 

Passports (https://cellmodelpassports.sanger.ac.uk/passports/SIDM00850)[255]. The Cancer 

Dependency Map (DepMap) uncovers gene dependencies within a wide range of cancer cell lines, 

by combining >500 RNAi, [256]  and >300 CRISPR-Cas9 screens [257]  to generate a 

comprehensive cancer gene dependency map, to identify cancer vulnerabilities and drug targets 

[254]. The top ten genes and all genes identified through CRISPR-Cas9 and RNAi methodologies 

were retrieved for analysis across the four cell lines, allowing comparison of genetic dependencies. 

The Cell Model Passports database combines RNA-Seq and proteomics data to predict genes that 

drive cancer at the mRNA and protein levels [255]. All genes identified through this dual approach 

were systematically extracted for our four cell lines, facilitating the analysis of molecular profiles 

and their implications for cancer research. 

3.2.1.4 Network reconstruction and centrality analysis 

The network reconstruction was repeated 16 times, incorporating varying gene counts derived 

from distinct experimental conditions. This process utilized the GeneMANIA plugin [258]  within  

the Cytoscape 3.9.1 platform to build the networks [259]. The input data for the first two networks 

were derived from genes associated with gastric adenocarcinoma, gathered from multiple 

databases, and genes linked to signaling pathways that influence gastric adenocarcinoma, 

respectively. Additionally, 14 networks were independently reconstructed using four distinct data 

types described in Section 3.2.1.3: DepMap (CRISPR-all genes), DepMap (RNAi-all genes), Cell 

Model Passports (RNASeq), and Cell Model Passports (proteomics) across the our four different 

cell lines yielding a total of sixteen network contexts. 

Hub genes (also known as highly connected or central regulators in biological networks) are genes 

(or nodes) that exhibit high connectivity and/or centrality within the reconstructed network, 
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indicating their potential importance in coordinating biological processes, regulating multiple 

targets, or maintaining network integrity. We identified hub genes within each reconstructed 

network by computing network topology parameters: degree, betweenness, closeness, stress, 

eccentricity, centroid, radiality, eigenvector centrality, bridging centrality, clustering coefficient, 

neighborhood connectivity, and topological coefficient utilizing the CentiScaPe[260]  and 

NetworkAnalyzer plugins [261] in Cytoscape. The top ten genes with the highest values for each 

topological parameter were selected and combined for subsequent analysis [262,263]. 

In the subsequent phase, genes exhibiting the highest frequency across multiple centrality 

measures were identified using a binary matrix, where one value denoted a gene's presence and 

zero indicated its absence. A higher frequency for a gene across various centrality metrics indicates 

its greater importance within the network [264]. By evaluating gene presence across all centrality 

measures and within both the degree and betweenness groups, we successfully pinpointed the most 

significant genes. 

3.2.1.5 CDKN2A/p16-Cell line specific Hub Genes Network reconstruction  

After identifying the hub genes associated with each of our four cell lines, a two-step strategy was 

developed to evaluate the role of CDKN2A/p16 and elucidate its regulatory network for each cell 

line. The first step involved integrating data from the DepMap database (CRISPR Top 10, CRISPR 

hub genes derived from the entire network, RNAi Top 10 genes, and RNAi-hub genes from the 

whole network), as well as hub genes from RNA-seq and proteomics data obtained from the Cell 

Model Passports database, and hub genes those associated with disease- and pathway-related 

networks. In the second step, the CDKN2A gene was incorporated into the four refined gene lists, 

allowing for the reconstruction of a CDKN2A/p16-specific regulatory network for each cell line. 
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At this stage, we identified 35 genes associated with CDKN2A/p16 shedding light on its potential 

regulatory connections. 

3.2.1.6 Validation of the relationship between the expression of identified genes and CDKN2A 

gene body/3ʹ UTR CpG -methylation level 

3.2.1.6.1 Network-Correlation-based Approach 

After pinpointing 35 genes associated with CDKN2A/p16, we investigated how CDKN2A 

cg12840719 gene body and 3ʹ untranslated region (UTR) CpG methylation levels correlate with 

the expression of each gene using the cBioPortal database (https://www.cbioportal.org/) and 

Stomach (gastric) Adenocarcinoma cohort (TCGA, PanCancer Atlas)[265]. First, the aim was to 

identify key genes within the CDKN2A/p16 network, focusing on those with significant centrality 

and strong correlations between their expression and CDKN2A gene body / 3ʹ-UTR CpG 

methylation levels, as measured by Pearson and Spearman correlation methods. Gene body/ 3ʹ-

UTR methylation was examined as a complementary database-derived epigenetic feature to 

identify broader CDKN2A methylation-associated transcriptional relationships, recognizing that 

its association with gene expression may be context dependent. If both correlation analyses were 

significant, the corresponding genes were selected for further research. The DNA methylation 

profile was established using a merged dataset from the Infinium HumanMethylation27 (HM27) 

and HumanMethylation450 (HM450) platforms. The mRNA expression profile was derived from 

RNA-Seq data processed with the RNA-Seq by Expectation-Maximization (RSEM) algorithm and 

batch-normalized using the Illumina HiSeq_RNASeqV2 platform. Both datasets were analyzed on 

a logarithmic scale to facilitate interpretation and comparison. This analysis narrowed the list to 

24 genes that met both criteria, significant centrality and strong correlations, as assessed using 

https://www.cbioportal.org/
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spearman rank correlation (Figure 3.2A) and Pearson correlation (Figure 3.2B) forming the first 

gene set (Set 1) for further investigation (Table S3.1). 

3.2.1.6.2 Correlation-based approach 

To identify genes associated with CDKN2A using the TCGA Stomach Adenocarcinoma (TCGA-

STAD) PanCancer Atlas dataset, we employed a correlation-based approach. Initially, we selected 

the top 10 genes exhibiting the highest positive and negative correlations with CDKN2A expression, 

as determined using Spearman and Pearson’s correlation coefficient (P < 0.05). This resulted in 

two lists of 10 genes each. These lists were combined, yielding a total of 20 genes. Subsequently, 

we evaluated the association between the expression of these 20 genes and CDKN2A gene body/3ʹ-

UTR CpG methylation levels as measured by both Pearson and Spearman correlation methods. If 

both correlation analyses were significant, the corresponding genes were selected for further 

analysis. The DNA methylation profile was established using the merged dataset and analysis 

above (Section 3.2.1.6.1). Following this analysis, 15 genes were retained based on statistically 

significant associations (P < 0.05) with CDKN2A gene body/3ʹ-UTR CpG methylation and were 

assessed using Spearman rank (Figure 3.2C) and Pearson correlation (Figure 3.2D), forming the 

second gene set (Set 2) for further investigation (Table S3.2).  
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Figure 3.2 Correlation between CDKN2A methylation and gene expression. 

Volcano-style correlation plots showing associations between CDKN2A methylation levels and gene expression for 

24 genes identified using the network–correlation–based approach (A, B) and 20 genes identified using the correlation-

based approach (C, D). Correlations were assessed using Spearman rank correlation (A, C) and Pearson correlation 

(B, D). The x-axis represents the correlation coefficient (Spearman ρ or Pearson r), and the y-axis represents −log₁₀(p-

value). Genes positively correlated with CDKN2A methylation are shown in red, negatively correlated genes in blue, 

and non-significant genes (p ≥ 0.05) in gray. Gene names are labeled for clarity, and the horizontal dashed line indicates 

the significance threshold (p < 0.05). 

3.2.1.6.3 Integration and computational selection of the core network gene set 

To identify genes for subsequent gene expression analysis, a multi-step computational pipeline 

was developed. Initially, gene interaction networks were reconstructed independently for two gene 

sets: a 24-gene set (Set 1) and a 15-gene set (Set 2), using the NetworkAnalyst tool 

(https://www.networkanalyst.ca/)[266]. Next, the six genes with the highest degree centrality and 

betweenness centrality scores from the 24-gene network (Set 1) were selected, yielding a combined 

https://www.networkanalyst.ca/
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set of nine genes (due to overlap between the top six genes ranked by degree and betweenness 

centrality. Then, the seven genes with the highest degree centrality and betweenness centrality 

scores from the 15-gene network (Set 2) were selected, resulting in a combined set of eight genes 

(due to overlap between the top seven genes ranked by degree and betweenness centrality). 

Subsequently, the nine and eight genes from the previous steps were combined, resulting in a 

consolidated list of 17 genes, after removing two duplicates, 15 unique genes remained, and were 

defined as set 3. In the fifth step, the association between the expression levels of these 15 genes 

(Set 3) and the level of CDKN2A gene body/3ʹ-UTR CpG methylation levels was assessed using 

the cBioPortal tool (p < 0.05), leading to the exclusion of the MYC and the retention of 14 genes. 

Finally, six additional genes from the 15-gene set (Set 2), selected for their high correlation with 

CDKN2A methylation levels (P< 0.05), were added to the 14 genes, resulting in a final set of 20 

genes for gene expression analysis, hereafter referred to as the CDKN2A/p16-associated core 

network gene set. 

3.2.2 Systematic validation of the CDKN2A/p16-associated core network gene Set 

To comprehensively evaluate the robustness and biological relevance of the CDKN2A/p16-

associated core network gene set, we implemented a validation strategy using independent public 

databases and complementary analytical approaches. The gene set was validated at the 

transcriptomic level across tumor and normal tissues, assessed for associations with patient 

survival and histological grade. In addition, network-based refinement and functional enrichment 

analyses were performed to elucidate the underlying biological context. Finally, we performed 

experimental validation by treating gastric cancer cells with increasing concentrations of DNMT 

inhibitors, followed by qPCR analysis to confirm the gene set and to identify CDKN2A/p16-

concordant response genes based on dose-dependent expression patterns. 



 

77 

 

3.2.2.1 Integrated validation of the CDKN2A/p16-associated core network gene set across multi-

database platforms 

For the CDKN2A/p16-associated core network gene set, the Kaplan-Meier Plotter 

(https://kmplot.com/analysis/)[267] was employed to investigate the relationship between genes, 

derived from both network- and correlation-based approach and the correlation-only approach, and 

patient survival outcomes.  

We validated the findings derived from pan-cancer dot matrix analysis, multi-gene expression 

studies (including box plots and density plots), and correlation matrix analyses using Pearson and 

Spearman methods. In addition, gene expression was compared between tumor and normal tissues, 

including paired tumor and adjacent normal tissues, as well as healthy adult and pediatric tissues. 

This validation was performed using the TNMplot database (https://tnmplot.com/analysis/)[268]. 

To examine the association between the CDKN2A/p16-associated core network gene set and 

histological grade, we utilized the OncoDB database (https://oncodb.org/clinical_profile_min.html) 

[269] and selected histological grade as the clinical parameter for comparison. For this clinical 

parameter, a table of P-values derived from analysis of variance (ANOVA) tests was utilized. 

To pinpoint the key hubs in the CDKN2A/p16 signaling network, we performed the final network 

reconstruction step utilizing NetworkAnalyst with the STRING and IMEx databases [270]. 

Network visualization was performed using through a Steiner forest algorithm. 

To elucidate the biological significance of the CDKN2A/p16-associated core network gene set, 

enrichment analysis was conducted using the ExpressAnalyst tool (www.expressanalyst.ca)[271], 

incorporating gene-set Network and bipartite network approaches. Additionally, Enrichr was 

https://kmplot.com/analysis/
https://tnmplot.com/analysis/
http://www.expressanalyst.ca/


 

78 

 

employed utilizing Reactome Pathways 2024 and ShinyGO 0.85 utilizing the KEGG database, and 

the Enrichr-KG tool [272], utilizing the KEGG, Gene Ontology, and TRRUST databases [273]. 

The g: Profiler web server [274] was used with the KEGG database, and an enrichment plot was 

generated using the Cancer Hallmark Genes (CHG) database[275]. 

3.2.2.2 Validation of correlations between the CDKN2A/p16-associated core network gene set 

and CDKN2A promoter methylation 

Following multi-level validation and prioritization of the CDKN2A/p16-associated core network 

gene set, an additional validation step was performed to specifically assess the relationship 

between gene expression changes and CpG methylation at the CDKN2A promoter site cg03079681. 

This promoter-focused analysis was performed because p16 promoter methylation is more directly 

relevant to p16 transcriptional silencing and DNMT inhibitor-induced reactivation. Gene 

expression and DNA methylation data for gastric adenocarcinoma (TCGA-STAD cohort) were 

obtained from cBioPortal for Cancer Genomics, originally derived from The Cancer Genome Atlas. 

Pearson and Spearman analyses were used to calculate correlation coefficients, and statistical 

significance was defined as p < 0.05. Based on the direction of the acceleration across gene body 

and promoter methylation regions, associations were categorized as concordant or discordant 

patterns. 

3.2.2.3 Validation of protein level of the CDKN2A/p16-associated core network gene set using 

the human protein atlas 

The Human Protein Atlas (https://www.proteinatlas.org/) [276]was utilized to confirm the protein-

level expression of the CDKN2A/p16-associated core network gene set. Immunohistochemistry 

(IHC) data were obtained, and representative staining images from normal gastric tissues and 
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gastric cancer tissues were visually assessed. Protein expression patterns were evaluated 

descriptively by comparing overall staining levels and distribution between normal and tumor 

samples, with a particular focus on differences in expression consistency and heterogeneity.  

3.2.2.4 Dynamic experimental validation using DNMT inhibitors in gastric adenocarcinoma cell 

lines 

3.2.2.4.1 Gastric adenocarcinoma cell Line and treatment with DNMT inhibitors  

AGS and HEK293 cells were cultured in F-12K medium (Gibco BRL, USA) and EMEM medium 

(ATCC, USA), respectively, with 10% fetal bovine serum (FBS, Corning, USA). SNU719, 

SNU216, and MKN45 cells were grown in RPMI1640 (Gibco BRL, USA) supplement with and 

10% FBS.  All cell lines were incubated at 37°C in 5% CO2. Cells were synchronized by 24-hour 

serum starvation[175] and subsequently treated with zero, low, and high concentrations of 

decitabine (0, 1 and 25 M) or GSK3685032 (0, 1and 25 M for AGS cells, 0, 1 and 50 M for 

SNU216 cells and MKN45 cells, 0, 10 and 50 M for SNU719 cells) for 72 h. Our previous results 

showed that CDKN2A/p16 expression was low to undetectable at baseline  in SNU719 and AGS 

cells, increased to its maximum at low DNMT inhibitor concentrations, and decreased, sometimes 

back to baseline levels, at high concentrations [277]. As noted above MKN45 cells are a 

homozygous deletion of CDKN2A do not express CDKN2A/p16 whereas SNU216 cells showed 

relatively high constitutive expression of CDKN2A/p16. As decitabine is unstable in culture 

medium, the medium in treated cells was replaced every 24 hours [278]. 

3.2.2.4.2 qPCR gene expression analysis  

Total RNA was isolated from cells utilizing the PureLink RNA isolation kit (Life Technologies, 

USA). Complementary DNA (cDNA) was synthesized using SuperScript VILO Master Mix (Life 
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Technologies, USA). Quantitative PCR (qPCR) was conducted using an Applied Biosystems 

QuantStudio 6 Flex Real-Time PCR System with TaqMan assays (Life Technologies, USA). PCR 

reactions were prepared using TaqMan Fast Universal Master Mix (Life Technologies, USA) 

according to the manufacturer's instructions. A custom TaqMan array system was employed to 

quantitatively analyze the CDKN2A/p16-associated core network gene set (see Appendices Table 

3A, Figure 3A). In addition to these 20 genes, three reference genes: 18S ribosomal RNA (18S), 

glyceraldehyde-3-phosphate dehydrogenase (GAPDH), and beta-2-microglobulin (B2M) were 

utilized for normalization purposes (Life Technologies, USA) (see Appendices Table 3A, Figure 

3A). Relative gene expression was quantified using the comparative Ct (ΔΔCt) method. For each 

sample, target gene Ct values were first normalized to the corresponding 18S rRNA Ct value 

measured on the same qPCR plate. The 18S-normalized expression values were then further 

normalized to the geometric mean of the GAPDH and B2M expression levels from the 

corresponding sample. Relative expression was calculated against the no-treatment control using 

the 2^−ΔΔCt method, with the control group set to 1. One-way ANOVA was used to compare 

differences among concentrations within each cell line treated with the same DNMT inhibitor, with 

P< 0.05 considered statistically significant. When ANOVA indicated a significant difference, a 

Tukey's post hoc test was performed to determine which groups differed.  

3.2.2.4.3 Identification of CDKN2A/p16-synchronized response-Genes under DNMT Inhibitor 

Treatment 

We defined CDKN2A/p16-concordant response genes as genes whose expression trends aligned 

with DNMT inhibitor-induced changes in CDKN2A/p16 from near-zero baseline expression, 

without implying direct regulation. To identify CDKN2A/p16-synchronized response genes, we 

used the model cell lines AGS and SNU719 which have p16 promoter CpG hypermethylation and 
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low or absent CDKN2A/p16 expression (Table 3.3). Each gene was evaluated under four 

experimental conditions: AGS-decitabine, AGS-SK3685032, SNU719-decitabine, and SNU719-

GSK3685032. Figure 3.3 illustrates the flowchart for identifying CDKN2A/p16-synchronized 

response genes in gastric cancer cell lines treated with DNMT inhibitors. Step 1) Correlation 

analysis: Candidate genes were first screened by correlation analysis, requiring strong association 

with CDKN2A expression across dose tiers in both cell lines (|ρ| ≥ 0.70, FDR q ≤ 0.05), while 

genes showing similar correlations in SNU216 exhibiting stable CDKN2A expression were 

excluded; genes were retained if they satisfied the criteria in all four, or at least three of the four, 

conditions. Step 2) ANOVA with planned contrasts: Genes were required to follow the same dose–

response trends. Each gene was further evaluated by one-way ANOVA across dose tiers, followed 

by two planned contrasts (Low vs Zero; High vs Low). Gene responses were classified relative to 

CDKN2A based on directional consistency, statistical significance after FDR correction, and effect 

size (Cohen’s d). Genes were prioritized if both contrasts were directionally consistent with 

CDKN2A/p16, at least one contrast was statistically significant, and both effect sizes met a 

minimum magnitude threshold (|d| ≥ 0.50). Only genes meeting these criteria in all four, or at 

least three of the four, conditions were retained; Step 3) Joint requirement: To increase robustness, 

a gene was considered a true CDKN2A/p16-synchronized response candidate only if it 

simultaneously satisfied both the correlation (Step 1) and the ANOVA/contrast (Step 2) criteria. 

At the gene level, candidates were retained if such joint concordance was observed in all four, or 

in at least three of the four, conditions. Step 4) Comparison with MKN45: Finally, results were 

compared with the cell line MKN45 which is a homozygous deletion for CDKN2A, and genes 

were excluded only if they exhibited the same directional changes as MKN45 in at least three of 

the four conditions; otherwise, they were retained as CDKN2A/p16-concordant response. Data 
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analyses in this section were performed using Python. Raw expression data were processed and 

statistically analyzed according to predefined directional and statistical criteria described in Steps 

1-4 above to identify CDKN2A/p16-concordant response genes under DNMT inhibitor treatment. 

 

 

Figure 3.3 Identification of CDKN2A/p16-synchronized response genes in gastric cancer cell lines treated with 

DNMT inhibitors. 

AGS and SNU719, both characterized by low or absent CDKN2A/p16 expression, were designated as the primary 

models for CDKN2A/p16 reactivation, while SNU216 (stable CDKN2A/p16) and MKN45 (CDKN2A-null) served as 

control cell lines. Cells were treated with decitabine or GSK3685032 at Zero (Z), Low (L), and high (H) concentrations, 

and expression of the CDKN2A/p16-associated core network gene set was measured by TaqMan qPCR. Candidate 
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genes were required to correlate strongly with CDKN2A/p16 across dose tiers (|ρ| ≥ 0.70, FDR q ≤ 0.05), excluding 

those with similar associations in SNU216. Dose–response patterns were then evaluated using ANOVA with planned 

contrasts and corresponding effect sizes (Cohen’s d), with directional consistency with CDKN2A/p16 and |d| ≥ 0.50 

as selection criteria. Genes were further compared with those in MKN45, retaining only those with distinct responses, 

and cross-dataset validation refined the set to PDE4D and TRIB3 as robust CDKN2A/p16-concordant response genes. 

Table 3. 2 Characteristics and rationale for the gastric adenocarcinoma cell lines used in this study 

Cell 

line 

CDKN2A 

status 

p16 

promoter 

methylation 

status 

Baseline 

CDKN2A/p16 

expression 

Relevant molecular 

feature 
Rationale for inclusion 

AGS 

CDKN2A 

present;  

low baseline 

expression 

Yes 

Low or 

undetectable at 

baseline; inducible 

by DNMT 

inhibitors 

Gastric 

adenocarcinoma cell 

line 

Primary model for 

DNMT inhibitor-

induced CDKN2A/p16 

reactivation and dose-

dependent response 

analysis 

SNU

719 

CDKN2A 

present; 

low baseline 

expression 

Yes 

Low or 

undetectable at 

baseline; inducible 

by DNMT 

inhibitors 

EBV-positive gastric 

adenocarcinoma cell 

line 

Primary model for 

CDKN2A/p16 

reactivation in a 

biologically distinct 

gastric cancer context 

SNU

216 

CDKN2A 

present 
No 

Relatively high, 

stable constitutive 

CDKN2A 

expression 

Gastric 

adenocarcinoma cell 

line 

Comparator cell line 

with stable CDKN2A 

expression; used to 

exclude dose-associated 

patterns independent of 

CDKN2A/p16 

reactivation 

MKN

45 

Homozygous 

CDKN2A 

deletion 

Not 

applicable 

CDKN2A 

expression 

undetectable 

CDKN2A-null 

gastric 

adenocarcinoma cell 

line 

Negative-control model 

to identify and exclude 

gene-expression 

changes occurring 

independently of 

CDKN2A/p16 
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3.2.3 Statistical Analysis 

Each treatment condition consisted of four parallel culture wells derived from the same cell 

preparation and treated independently within a single experimental run. RNA extraction, cDNA 

synthesis, and qPCR measurement were performed separately for each well. One qPCR 

measurement was obtained for each sample, and no technical qPCR replicates were included. Thus, 

the four measurements represent within-experiment culture-well replicates rather than fully 

independent biological replicates generated from separate cell preparations or experimental runs. 

Relative gene expression was calculated using the 2^−ΔΔCt method, and the resulting relative 

expression values were used for statistical analysis. For each gene within each cell line and DNMT 

inhibitor treatment, differences among the zero-, low-, and high-dose groups were evaluated using 

ANOVA. Benjamini–Hochberg false-discovery-rate correction was applied to the overall ANOVA 

P values across the 20 genes within each cell line–drug combination. When the overall ANOVA 

indicated a significant concentration effect, Tukey’s honestly significant difference post hoc test 

was used for pairwise comparisons among the three dose groups. FDR-adjusted q ≤ 0.05 were 

considered statistically significant. 

For the identification of CDKN2A/p16-concordant response genes, the overall concentration effect 

was additionally summarized using eta-squared (η²). Two prespecified contrasts, zero versus low 

dose and low versus high dose, were evaluated using the pooled residual variance from the 

corresponding one-way ANOVA model. Cohen’s d and Hedges’ g were calculated to quantify the 

magnitude of each contrast. Two-sided 95% confidence intervals for the contrast estimates were 

calculated using the pooled residual variance from the corresponding ANOVA model and the t 

distribution with nine residual degrees of freedom. Confidence intervals were calculated for the 
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unadjusted mean-difference estimates, whereas statistical significance was determined using 

Benjamini–Hochberg-adjusted q-values. Benjamini–Hochberg correction was applied separately 

to the ANOVA P-values and to the P-values for each of the two prespecified contrasts across the 

20 genes within each cell line–drug combination. A gene was considered directionally concordant 

with CDKN2A/p16 when both dose contrasts followed the corresponding directions of CDKN2A 

expression, both contrasts had an absolute Cohen’s d of at least 0.50, and at least one contrast had 

an FDR-adjusted q-value ≤ 0.05. 

Associations between candidate-gene expression and CDKN2A expression across the three dose 

levels and four parallel culture-well replicates were evaluated using two-sided Spearman rank 

correlation. Benjamini–Hochberg correction was applied across the 19 candidate genes within 

each cell line–drug combination. Correlations were considered strong and statistically significant 

when (|ρ|≥ 0.70) and FDR-adjusted q ≤ 0.05. Genes showing corresponding significant correlations 

in SNU216 cells, which exhibited relatively stable CDKN2A/p16 expression, were excluded. 

Candidates were retained when they met both the correlation and planned-contrast criteria in all 

four, or at least three of the four, primary AGS and SNU719 cell line–drug combinations. Their 

directional responses were subsequently compared with those observed in CDKN2A-null MKN45 

cells. 

The assumptions underlying one-way ANOVA were evaluated for each gene within each cell line–

drug combination. Normality of the model residuals was assessed using the Shapiro–Wilk test, and 

homogeneity of variance among the dose groups was assessed using the Brown–Forsythe test. 

Because each group contained only four parallel culture-well replicates, these diagnostic tests had 

limited statistical power and were interpreted cautiously rather than as strict decision criteria. 
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Statistical results were therefore interpreted together with effect sizes, 95% confidence intervals, 

and FDR-adjusted q-values. For CDKN2A and CDKN2B in MKN45 cells, expression was 

uniformly undetectable across all dose groups, consistent with the intrinsic molecular 

characteristics of this cell line. Because these data exhibited no within-group or between-group 

variance, ANOVA and the corresponding normality and homogeneity-of-variance assessments 

were not applicable[279]. All analyses were performed in Python using Jupyter Notebook, and all 

statistical tests were two-sided unless otherwise specified. 

3.3 Results 

3.3.1 Integrated validation of the CDKN2A/p16-associated core network gene set across multi-

database platforms  

We evaluated the association between the expression profiles of the CDKN2A/p16-associated core 

network gene set and overall patient survival, as depicted in a forest plot (Figure 3.4A). We 

identified two clear gene groupings: one conferring a protective effect and the other increasing 

risk, as indicated by hazard ratios.  

Comparative analysis of mRNA gene expression in paired tumor and adjacent normal tissues, as 

well as in normal samples from non-cancerous adult and pediatric patients, using TNMplot 

revealed that 9 genes in the CDKN2A/p16-associated core network gene set, NRAS, CDK2, 

CDKN2A, CCNE1, CDK4, CDK6, PDE4D, TRIB3, and GET4, exhibited statistically significant 

upregulation in tumor tissues compared with normal tissues. This was determined using both 

paired (tumor vs adjacent normal tissues) and unpaired (tumor vs normal samples) comparisons in 

TNMplot (Figure 3.4B and Table S3.3).  
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Using clinical gene expression data from the OncoDB database, we evaluated whether the mRNA 

expression levels of the CDKN2A/p16-associated core network gene set differed across 

histological grades of gastric adenocarcinoma. Based on an analysis of variance (ANOVA) PTEN, 

CDKN2A, ARF1, MAP4, PDE4D, SLC25A46, TRIB3, and GET4 were identified as having 

statistically significant expression differences among grades, indicating that the CDKN2A/p16-

associated core gene set exhibits grade-dependent expression heterogeneity in gastric 

adenocarcinoma (Figure 3.4C). While the TNMplot results (Table S3.3) indicate that many of 

these genes show increased mRNA expression in tumor tissues relative to normal controls, the 

OncoDB analysis evaluates differences across tumor stages. Among the eight genes listed above 

showing significant variation, expression patterns varied across stages and were not uniformly 

increasing or decreasing. This is expected, as tumor progression does not necessarily follow a 

monotonic trajectory, and gene-specific regulatory dynamics may vary across disease stages. 

Tumor–normal differences and stage-dependent dynamics therefore represent distinct biological 

dimensions and should not be expected to produce identical directional trends. In this context, the 

use of one-way ANOVA in the OncoDB analysis, which does not assume directionality, enables 

the identification of grade-associated genes with diverse expression patterns. To further validate 

the biological relevance of the CDKN2A/p16-associated core network gene set, their protein 

expression profiles of these genes were examined using the Human Protein Atlas (HPA) database, 

focusing specifically on gastric cancer tissues. The analysis revealed that in normal gastric tissues, 

these genes exhibited relatively consistent expression patterns, whereas tumor tissues showed 

marked heterogeneity, with expression ranging from high to undetectable and certain expression 

states predominating, producing distinct expression patterns between normal gastric mucosa and 

malignant tissues. The protein levels of GET4, PDE4D, and TRIB3 in tumor tissue and normal 
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tissue are shown in Figure 3.4D–3.4I. These three genes are among the top-ranked candidates in 

Table 3.3, exhibiting the highest level of integrated validation, with consistent support across 

TNMplot, KMplot, OncoDB, and cBioPortal analyses. 

Figure 3.4 Integrated validation of the final 20 CDKN2A/p16-associated core network gene set across multi-

database platforms. 

 (A) Forest plot illustrating the association between the expression of each gene and overall survival in gastric 

adenocarcinoma  patients. Genes with hazard ratios > 1 (red) represent risk factors, whereas those with hazard ratios 

< 1 (blue) indicate protective factors. Asterisks denote statistical significance levels (*p < 0.05; **p < 0.01; **p < 

0.001). (B) TNM-PLOT expression analysis: Comparison of gene expression between paired tumor versus adjacent 

normal tissues (red) and unpaired tumor versus normal samples (blue). Nine genes—NRAS, CDK2, CDKN2A, 

CCNE1, CDK4, CDK6, PDE4D, TRIB3, and GET4—showed significant differential expression in both paired and 

unpaired datasets. Dashed horizontal lines indicate the statistical significance thresholds at ±log₁₀(p = 0.05). (C) 
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OncoDB stage-specific analysis: Heatmap showing Z-score-normalized expression and corresponding ANOVA p-

values (−log₁₀ scale) for the 20 CDKN2A/p16-associated core network genes set across clinical stages G1–Gx. Eight 

genes (PTEN, CDKN2A, ARF1, MAP4, PDE4D, SLC25A46, TRIB3, and GET4) display significant stage-associated 

expression changes (p<0.05). (D–I) Human Protein Atlas immunohistochemistry (IHC) validation: Representative 

immunohistochemical (IHC) staining images from the Human Protein Atlas (HPA) illustrate differential protein 

expression (both tumor and normal specimens from male donors) for GET4 (Antibody HPA019765), PDE4D 

(Antibody CAB045895; both tumor and normal specimens from male donors), and TRIB3 (Antibody HPA055442) in 

gastric cancer tissues (D–F) and normal gastric mucosa (G-I). These genes exhibited distinct expression patterns 

between normal gastric mucosa and malignant tissues. 
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Table 3.3 Summary of 20 CDKN2A/p16-associated core network gene set across TNM-PLOT, KM-PLOT, 

OncoDB, cBioPortal methylation correlation analysis and Functional Consistency  
 

Gene 

TNM-

PLOT 

KM-

PLOT 

OncoD

B 

cBioPortal 

(CDKN2A/p16) 

Functional 

consistency

   

Integrated Validation Level 

(Tumor 

vs 

Normal) 

  

 (Forest 

plot) 

 (Stage 

ANOV

A) 

promoter  
gene 

body 

    

 

signific

ant 

significant 

TRIB3 ↑ Risk YES YES YES YES 

Quadruple 

(TNM+KM+OncoDB+cBioPort

al) 

GET4 ↑ Risk YES YES YES YES 

Quadruple 

(TNM+KM+OncoDB+cBioPort

al) 

CDKN2

A/p16 
↑ Risk YES YES YES NO 

Quadruple 

(TNM+KM+OncoDB+cBioPort

al) 

PDE4D ↑ / YES YES YES NO 
Triple 

(TNM+OncoDB+cBioPortal) 

PTEN - 
Protecti

ve 
YES YES YES YES 

Triple 

 (KM+OncoDB+cBioPortal) 

MAP4 - Risk YES YES YES YES 
Triple  

(KM+OncoDB+cBioPortal) 

SLC25A

46 
-   

Protecti

ve 
YES YES YES YES 

Triple  

(KM+OncoDB+cBioPortal) 

CCNE1 ↑ Risk NO YES YES YES 
Triple  

(TNM+KM+cBioPortal) 

CDK4 ↑ Risk NO NO YES YES Double (TNM+KM) 

NRAS ↑ 
Protecti

ve 
NO NO YES NO 

Double (TNM+KM) 

CDK2 ↑ 
Protecti

ve 
NO NO YES NO 

Double (TNM+KM) 

ARF1 - Risk YES NO YES YES Double (KM+OncoDB) 

HRAS - Risk NO YES YES YES Double (KM+cBioPortal) 

CDKN2

B 
- Risk NO YES YES NO 

Double (KM+cBioPortal) 

MAPK1

4 
- 

Protecti

ve 
NO YES YES NO 

Double (KM+cBioPortal) 

JAK2 - 
Protecti

ve 
NO YES YES NO 

Double (KM+cBioPortal) 

CDK6 ↑ / NO NO YES NO Single (TNM only) 

EGFR - Risk NO NO YES YES Single (KM only) 

HIF1A - 
Protecti

ve 
NO NO YES NO 

Single (KM only) 

ANKFY

1 
- 

Protecti

ve 
NO YES YES N.A 

Single (KM only) 

↑ :significant upregulation in tumor tissues compared with normal tissues (TNMplot). 

– : no significant tumor–normal difference. 

Risk : higher gene expression is associated with poorer overall survival in KMplot analysis. 

Protective indicates that higher gene expression is associated with improved survival. 
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/ : no significant survival association. 

YES : a significant stage-dependent expression pattern based on OncoDB ANOVA analysis. 

NO :no significant stage association. 

Functional consistency (YES/NO) : whether the prognostic direction (Risk or Protective) is concordant with the known 

functional role of the gene (oncogenic or tumor-suppressive). 

Integrated Validation Level: the concordant identification of a gene across independent clinical databases and 

methylation correlation in cBioPortal: Genes supported by all four platforms were classified as Quadruple; those 

supported by three platforms as Triple; those supported by two platforms as Double; and those supported by only one 

platform as Single. 

 

3.3.2 Correlation analysis between CDKN2A/p16-associated core network gene set with 

CDKN2A/p16 Promoter Methylation 

Following the identification and multi-level validation of the CDKN2A/p16-associated core 

network gene set prioritized for expression analysis, an additional analytical layer was introduced 

to refine the mechanistic framework linking gene expression changes with CDKN2A methylation 

dynamics. While previous analyses focused on correlations between these genes and methylation 

within the CDKN2A gene body/3ʹ-UTR, the present step specifically examined whether their 

expression changes were significantly associated with CDKN2A promoter CpG methylation 

(cg03079681). Unlike the gene body/3-ʹUTR analysis, which was used to capture broader 

methylation-associated relationships, the promoter analysis focused on a region with more direct 

relevance to p16 transcriptional regulation. Two principal correlation patterns were considered. 

First, concordant patterns, in which gene expression exhibited consistent directional correlations 

with both gene body and promoter methylation (either uniformly positive or uniformly negative). 

Second, discordant patterns, in which correlations differed between the two methylation contexts. 

Concordant and discordant correlations across the CDKN2A gene-body/3′UTR and promoter 

regions were interpreted as distinct methylation-associated relationships and not as evidence of 

equivalent regulatory effects or direct causality. Regardless of directionality, such associations 

provide insight into the broader relationships between CDKN2A methylation architecture and gene 

expression in gastric adenocarcinoma. Notably, 13 of the 20 genes in the CDKN2A/p16-associated 
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core network gene set (Table 3.3) demonstrated statistically significant correlations between their 

expression levels and CDKN2A promoter CpG methylation, suggesting broader associations with 

CDKN2A methylation. 

3.3.3 CDKN2A - related final key axes and Enrichment analysis of key genes 

To elucidate the interaction context of the CDKN2A/p16-associated core network gene set, we 

reconstructed protein–protein interaction (PPI) networks using both the STRING and IMEx 

databases. These complementary analyses revealed signaling axes related to CDKN2A. In the 

STRING-derived network (Figure 3.5A), CDKN2A appeared as a central hub, sitting at the 

junction emerged: (i) EGFR–JAK2, representing growth factor and cytokine signaling; (ii) CDK4–

CCNE1, defining G1/S cell-cycle progression; and (iii) MAPK14–AKT3–TRIB3, associated with 

stress response and survival adaptation. In contrast, the IMEx network (Figure 3.5B) positioned 

CDK4 as the central hub, from which three functional branches emerge: (i) CCNE1–CDK2–

ARF1–PDE4D, linking cell-cycle control to intracellular signaling and trafficking; (ii) CDKN2A–

HIF1A, connecting CDKN2A to hypoxia adaptation; and (iii) PRMT5–JAK2–EGFR, linking 

CDKN2A/p16-associated signaling to histone arginine methylation via PRMT5 and to cytokine 

and growth-factor signaling via JAK2 and EGFR.  

Enrichment analyses using multiple approaches revealed that the genes in the CDKN2A/p16-

associated core network gene set broadly fall into two major categories: regulators of cell cycle 

progression and senescence (CCNE1, CDK2, CDK4, CDK6, CDKN2A, CDKN2B, EGFR, HRAS, 

MAPK14, NRAS, PTEN), and modulators of cellular signaling and intracellular dynamics 

(ANKFY1, MAP4, PDE4D, SLC25A46, ARF1, HIF1A, JAK2, TRIB3, GET4). Reactome pathway 

analysis indicated significant enrichment in G1 phase–related events, including Cyclin D-
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associated events in G1, G1 phase, Mitotic G1 phase, and the G1/S transition, as well as cellular 

senescence and aberrant regulation of mitotic checkpoints. KEGG pathway analysis (Figure 3.5C) 

further highlighted four prominent signaling cascades: PD-L1 expression and the PD-1 checkpoint 

pathway in cancer, the FoxO signaling pathway, the p53 signaling pathway, and the PI3K–Akt 

signaling pathway. Network-based enrichment revealed a densely interconnected cluster of cell 

cycle regulators (CDK2, CDK4, CDK6, CCNE1, CDKN2A/2B) and tumor suppressors (PTEN, 

TP53, CDKN2A/2B), together with additional links to signaling mediators (JAK2, STAT3, and 

the MAPK family) (Figure 3.5D). Finally, cancer hallmark analysis demonstrated that the 

CDKN2A/p16-associated core network gene set was significantly associated with multiple 

hallmarks of cancer, including sustaining proliferative signaling, replicative immortality, evading 

growth suppressors, resisting cell death, tissue invasion and metastasis, and immune evasion 

(Figure 3.5E). 
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Figure 3.5 Network reconstruction and pathway enrichment identifying CDKN2A-centered regulatory axes in 

gastric adenocarcinoma. 

(A) STRING network: CDKN2A (teal node) is shown at the center of direct interactions with red nodes, representing 

the final set of key genes (CDK2, CDK4, CDK6, CCNE1, NRAS, HRAS, PTEN, EGFR, MAPK14, JAK2, etc.). 

These clusters highlight the concentration of CDKN2A-linked regulators in cell cycle and proliferation pathways. (B) 

IMEx network: Expanded CDKN2A–EGFR connectivity map, with magenta/pink nodes representing additional 

interactors and green nodes marking secondary hub genes such as EGFR, JAK2, MAPK14, PRMT5, PIK3C2A, and 

GRB14. (C) Enrichment analysis (Enrichr: ShinyGO 0.85 and Reactome 2024): Purple bars show the top significantly 

enriched pathways; bubble color gradient (blue → red) represents increasing −log₁₀(FDR), while bubble size indicates 

the number of enriched genes. Notable pathways include PD-1/PD-L1 signaling, cellular senescence, and gastric 

adenocarcinoma. (D) Cancer Hallmark Genes (CHG) network: Green nodes represent genes (e.g., CDKN2A, CDK4, 

PTEN), purple nodes represent hallmark pathways or terms, and light-yellow nodes denote genes connecting multiple 

hallmarks. The network emphasizes associations with cell cycle control, senescence, and checkpoint regulation. (E) 

Cancer hallmark wheel: Each colored sector corresponds to one of the ten cancer hallmarks. Red dashed concentric 

lines represent adjusted p-value thresholds (0.1, 0.05, 0.01). Significant enrichment is observed for “sustaining 

proliferative signaling,” “evading growth suppressors,” and “resisting cell death.” In our network analysis, we use the 

CDKN2A gene symbol, which corresponds to the p16 protein. 

3.3.4 Validation of CDKN2A/p16-associated core network gene set expression by qPCR 

and identification of CDKN2A-synchronized response genes under DNMT inhibitor 

treatment 

Some gastric adenocarcinomas are driven by low or no expression of p16 caused by p16 promoter 

CpG hypermethylation and it has been speculated that DNMT inhibitors can reduce this 

methylation, potentially providing a treatment for this disease. As previously reported by our lab 

[277], the DNMT inhibitors decitabine and GSK3685032 do indeed reduce global genomic DNA 

methylation, p16 promoter CpG methylation and increased p16 expression at low doses but at high 

doses, the opposite effects are observed[277]. We therefore investigated changes in the expression 

of the CDKN2A/p16-associated core network gene set during treatment of selected gastric 

adenocarcinoma cell lines with zero, low and high doses of decitabine and GSK3685032. Low 

doses yielded the greatest induction of CDKN2A expression and high doses reduced CDKN2A 

expression, sometimes back to pretreatment (or zero dose) levels. The CDKN2A/p16-associated 

core network gene set showed significant and coordinated responses depending on DNMT 

inhibitor dose and CDKN2A expression (Figure 3.6, Table 3.4). After Benjamini–Hochberg 

correction, significant overall concentration effects were observed for 16 of 20 genes in decitabine-
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treated AGS cells, 15 of 20 genes in GSK3685032-treated AGS cells, 19 of 20 genes in decitabine-

treated SNU719 cells, and 15 of 20 genes in GSK3685032-treated SNU719 cells (ANOVA q<0.05; 

Figure 3.6 and Table 3.4). Among cell cycle regulator genes, CCNE1, CDK4 and CDK6 often 

showed higher expression at zero or low concentrations, but this expression attenuated at the high 

DNMT inhibitor concentrations, particularly in AGS and SNU719 cells. In decitabine-treated AGS 

cells, CCNE1 increased 1.49-fold at the low dose compared with the zero-dose control (P<0.001) 

and subsequently decreased to 0.88-fold of the low-dose level at the high dose (P<0.005). In 

decitabine-treated SNU719 cells, CDK4 and CDK6 increased 1.21- and 1.97-fold, respectively, at 

the low dose (P=0.032 and P<0.001), before decreasing to 0.76- and 0.73-fold of their respective 

low-dose levels at the high dose (P=0.0062 and P<0.001). However, this low-dose-peak pattern 

was not observed for all cell-cycle genes. In SNU719 cells, CCNE1 increased 3.16-fold at the low 

dose and increased by a further 1.45-fold at the high dose (both P<0.001). CDK2 also did not 

attenuate at the high dose, increasing 1.13-fold in SNU719 cells (P=0.026) and 1.81-fold in AGS 

cells (P<0.001) relative to the corresponding low-dose levels (Figure 3.6A and 3.6E). 

GSK3685032 produced different cell-cycle responses. In AGS cells, CDK4 and CDK6 decreased 

to 0.62- and 0.66-fold of their zero-dose levels at the low dose (P<0.001 and P=0.012, 

respectively), without significant additional decreases at the high dose. In SNU719 cells, CDK6 

increased 2.57-fold at the low dose (P<0.001) and subsequently decreased to 0.53-fold of the low-

dose level at the high dose (P<0.005) (Figure 3.6C and 3.6G). Oncogenes such as EGFR, HRAS, 

NRAS, and MAPK14 demonstrated variable, cell line–specific responses. In decitabine-treated 

SNU719 cells, EGFR increased 3.28-fold at the low dose and by a further 2.15-fold at the high 

dose (both P<0.001). NRAS similarly increased 1.90-fold at the low dose and by an additional 

1.34-fold at the high dose (both P<0.001). HRAS increased 1.42-fold between the low and high 
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doses (P<0.005), whereas MAPK14 increased more modestly by 1.15-fold (P=0.026). In contrast, 

in GSK3685032-treated AGS cells, NRAS decreased to 0.82-fold of the zero-dose level at the low 

dose (P<0.005), with no significant additional change at the high dose (P=0.133). HRAS and 

MAPK14 did not change significantly under this condition (P>0.05). The oncogene-associated 

responses in AGS and SNU719 cells are shown in Figure 3.6A, 3.6C, 3.6E, and 3.6G. The 

corresponding responses in SNU216 and MKN45 cells are shown separately in Figure 3.6I, 3.6K, 

3.6M, and 3.6O. 

Among genes involved in signaling and intracellular dynamics, PDE4D and TRIB3 showed the 

clearest low-dose induction followed by high-dose attenuation. In decitabine-treated AGS cells, 

PDE4D increased 3.64-fold at the low dose and subsequently decreased to 0.65-fold of the low-

dose level at the high dose (both P<0.001). TRIB3 increased 18.3-fold at the low dose and 

decreased to 0.13-fold of the low-dose level at the high dose (both P<0.001). In decitabine-treated 

SNU719 cells, TRIB3 decreased to 0.23-fold of the low-dose level at the high dose (P<0.001); its 

low-versus-zero fold change could not be calculated because expression was undetectable in the 

zero-dose group. PDE4D increased 1.22-fold at the low dose (P=0.0071), but its subsequent 

decrease to 0.90-fold of the low-dose level was not statistically significant (P=0.063) (Figure 3.6B 

and 3.6F). Under GSK3685032 treatment, PDE4D increased 2.44-fold in AGS cells and 1.28-fold 

in SNU719 cells at the low dose (P<0.001 and P=0.024, respectively). Its expression subsequently 

decreased to 0.64- and 0.73-fold of the corresponding low-dose levels at the high dose (P<0.001 

and P=0.010, respectively). TRIB3 decreased to 0.24-fold of the low-dose level in SNU719 cells 

(P<0.001), whereas its decrease to 0.47-fold in AGS cells was not statistically significant (P=0.133) 

(Figure 3.6D and 3.6H). By contrast, ARF1 and HIF1A remained stable or were upregulated under 

certain conditions, suggesting distinct regulatory mechanisms (Figure 3.6B, 3.6D, 3.6F,3.6H, 3.6J, 
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3.6L, 3.6N, 3.6P). ARF1 remained unchanged in decitabine-treated AGS cells, showing a 1.00-

fold change at the low dose (P=0.947) and a 1.07-fold change between the low and high doses 

(P=0.068). By contrast, HIF1A increased 1.27-fold at the low dose and by a further 1.44-fold at 

the high dose in decitabine-treated SNU719 cells (P=0.042 and P=0.0011, respectively). The 

signaling and intracellular-dynamics responses in SNU216 and MKN45 cells are shown separately 

in Figure 3.6J, 3.6L, 3.6N, and 3.6P. 

Overall, our qPCR gene expression results were consistent with the in silico predictions for the 

CDKN2A/p16-associated core network gene set showing variable but significant changes. 

Decitabine exerted broader and stronger effects on gene expression than GSK3685032, with the 

most pronounced changes in AGS and SNU719, while SNU216 and MKN45 showed less 

pronounced changes. 
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Figure 3.6 The changes CDKN2A/p16-associated core network gene set gene expression networks.  

The changes of cell cycle and senescence-related genes, and cellular signaling and intracellular dynamics-related genes 

measured by qPCR (normalized using a combination of 18S, B2M and GAPDH) in AGS cells treated with decitabine 

(A, B), AGS cells treated with GSK3685032 (C, D), SNU216 cells treated with decitabine (E, F), SNU216 cells treated 

with GSK3685032 (G, H), SNU719 cells treated with decitabine (I, J), SNU719 cells treated with GSK3685032 (K, 

L), MKN45 cells treated with decitabine (M, N), and MKN45 treated with GSK3685032 (O, P). Both DNMT 

inhibitors induced significant, gene-dependent, and dose-dependent alterations. Decitabine consistently exerted 

broader and stronger effects than GSK3685032, with the most pronounced responses observed in AGS and SNU719 

cells. A one-way ANOVA was used to compare differences across concentrations within a single cell line treated with 

the same DNMT inhibitors (P-value < 0.05 considered significant). When ANOVA indicated a significant difference, 

a Tukey test was performed to determine which specific groups differed. Asterisk (*) indicates statistical significance 

(*P<0.05, **P< 0.01, ***P<0.001, ****P<0.0001). Values represent the mean of four measurements with error bars 

indicating SD (n=4). DAC: decitabine; GSK: GSK3685032. 
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Table 3.4 Summary of Statistically Significant Expression Changes in the CDKN2A/p16-Associated Core Network 

Gene Set Following DNMT Inhibitor Treatment 

Cell line Drug Gene category 

No. 

significant 

genes 

(ANOVA p 

< 0.05) 

Genes with significant change 

AGS 

DAC 

Cell cycle and senescence-related 10 
CCNE1, CDK2, CDK4, CDK6, CDKN2A, 

CDKN2B, EGFR, HRAS, MAPK14, NRAS 

Cellular signaling and intracellular 

dynamics-related 
6 

ANKFY1, PDE4D, SLC25A46, JAK2, TRIB3, 

GET4 

GSK 

Cell cycle and senescence-related 7 
CCNE1, CDK4, CDK6, CDKN2A, CDKN2B, 

NRAS, PTEN 

Cellular signaling and intracellular 

dynamics-related 
8 

ANKFY1, MAP4, PDE4D, SLC25A46, ARF1, 

HIF1A, TRIB3, GET4 

SNU216 

DAC 

Cell cycle and senescence-related 11 

CCNE1, CDK2, CDK4, CDK6, CDKN2A, 

CDKN2B, EGFR, HRAS, MAPK14, NRAS, 

PTEN 

Cellular signaling and intracellular 

dynamics-related 
9 

ANKFY1, MAP4, PDE4D, SLC25A46, ARF1, 

HIF1A, JAK2, TRIB3, GET4 

GSK 

Cell cycle and senescence-related 6 
CCNE1, CDK2, CDK4, CDKN2A, EGFR, 

MAPK14 

Cellular signaling and intracellular 

dynamics-related 
3 PDE4D, ARF1, HIF1A 

SNU719 

DAC 

Cell cycle and senescence-related 11 

CCNE1, CDK2, CDK4, CDK6, CDKN2A, 

CDKN2B, EGFR, HRAS, MAPK14, NRAS, 

PTEN 

Cellular signaling and intracellular 

dynamics-related 
8 

ANKFY1, PDE4D, SLC25A46, ARF1, 

HIF1A, JAK2, TRIB3, GET4 

GSK 

Cell cycle and senescence-related 8 
CCNE1, CDK4, CDK6, CDKN2A, CDKN2B, 

EGFR, NRAS, PTEN 

Cellular signaling and intracellular 

dynamics-related 
7 

ANKFY1, MAP4, PDE4D, SLC25A46, 

HIF1A, TRIB3, GET4 

MKN45 

DAC 

Cell cycle and senescence-related 7 
CCNE1, CDK2, CDK6, EGFR, MAPK14, 

NRAS, PTEN 

Cellular signaling and intracellular 

dynamics-related 
9 

ANKFY1, MAP4, PDE4D, SLC25A46, ARF1, 

HIF1A, JAK2, TRIB3, GET4 

GSK 

Cell cycle and senescence-related 3 CCNE1, CDK2, CDK6 

Cellular signaling and intracellular 

dynamics-related 
6 

MAP4, PDE4D, SLC25A46, ARF1, TRIB3, 

GET4 

To identify CDKN2A/p16-concordant response genes (ie., genes whose expression changes were 

concordant with changes in CDKN2A expression across increasing DNMT inhibitor doses) in 

gastric adenocarcinoma cells, we examined the relationship between CDKN2A expression and the 
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expression of the CDKN2A/p16-associated core network gene set at zero, low and high doses of 

the DNMT inhibitors decitabine and GSK3685032. Spearman correlation analysis revealed that 

several candidates, including TRIB3, PDE4D, and EGFR, exhibited strong positive correlations 

with CDKN2A/p16 expression in AGS and SNU719 cells but not SNU216 cells (|ρ| ≥ 0.70, FDR 

q ≤ 0.05) (Figure 3.7A).   The Spearman correlation is also shown for EGFR, PDE4D, and TRIB3 

versus CDKN2A expression (Figure 3.7B, 3.7C, 3.7D, respectively) for each DNMT inhibitor 

dose and zero control with 4 replicates and in AGS and SNU719 cells. 
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Figure 3.7 The relationship between CDKN2A and a set of 20 database-derived candidate genes. 

AGS and SNU719 cells were used as model cell lines for gastric cancer under treatment with decitabine AGS–DAC, 

SNU719–DAC, and GSK3685032 AGS–GSK3685032 and SNU719–GSK3685032. Candidate genes were prioritized 

using strong correlation with CDKN2A expression across dose tiers (|ρ| ≥ 0.50, FDR-adjusted q ≤ 0.05). (A) 

Correlation heatmap of CDKN2Awith 20 candidate genes across AGS, SNU216, and SNU719 cells treated with DAC 

or GSK3685032. Positive correlations are shown in red and negative correlations in blue. Notably, EGFR, PDE4D, 

and TRIB3 consistently exhibited strong positive correlations (ρ > 0.5) with CDKN2A expression in at least three 

experimental conditions. (B–D) Scatterplots showing representative relationships between CDKN2A and EGFR, 

PDE4D, and TRIB3. Each point represents replicate-level data (3 doses × 4 replicates), color-coded by condition; 

Spearman ρ and FDR-adjusted q-values are shown.  

To refine these associations, we applied ANOVA with planned contrasts to evaluate directional 

consistency, statistical significance, and effect size (|d| ≥ 0.50) of gene responses relative to 

CDKN2A/p16. This joint strategy yielded a subset of genes that were concordant in at least three 
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of the four AGS/SNU719 treatment settings (cell line–drug combinations) (Figure 3.8A). Notably, 

TRIB3 and PDE4D demonstrated highly reproducible “low–high–low” expression patterns 

paralleling changes in the CDKN2A/p16 expression changes with increasing dose of DNMT 

inhibitor doses (Spearman ρ > 0.7, FDR q < 0.05), meeting all predefined criteria (as defined in 

section 2.2.4.3) to be designated CDKN2A/p16-concordant response genes (Figure 3.8B–3.8E). 

Control comparisons further supported the association of these genes with p16 expression: 

SNU216 cells, although CDKN2A/p16-positive, exhibited weak, non-dose-dependent responses 

(Figure 3.8A), whereas MKN45 cells, which completely lack p16, showed no comparable 

induction of TRIB3 or PDE4D (Figure 3.8F-3.8I). These indicate that TRIB3 and PDE4D can be 

robustly defined as CDKN2A/p16-synchronized response genes. 
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Figure 3.8 The dose-response consistence with CDKN2A genes in gastric cancer cell lines. 

AGS and SNU719 cells were used as model cell lines for gastric adenocarcinoma under treatment with decitabine 

AGS–DAC, SNU719–DAC, and GSK3685032 AGS–GSK3685032 and SNU719–GSK3685032. Candidate genes 

were prioritized using consistent dose–response concordance with CDKN2A/p16 based on ANOVA with planned 

contrasts (directional agreement, statistical significance, and effect size |d| ≥ 0.50). Genes were retained if they 

showed concordant patterns in at least three of the four primary conditions and were further compared with MKN45 

cells (CDKN2A-null) to exclude p16-independent responses. (A) Dose–response consistency matrix (heatmap) 

summarizing the directional and statistical concordance between CDKN2A and 20 candidate genes across AGS, 

SNU216, and SNU719 cells treated with decitabine (DAC) or GSK3685032. Each condition is represented by two 

columns corresponding to Cohen’s d effect sizes |d| for pairwise dose contrasts: Zero–Low (Z–L) and Low–High (L–

H). Values indicate the absolute magnitude of standardized expression changes for each contrast, while the overlay 

colors indicate the level of directional and statistical concordance. Notably, PDE4D and TRIB3 consistently exhibited 

strong concordance with CDKN2A expression, characterized by an effect size of |d| ≥ 0.50 and statistical significance 

across multiple conditions. Red (both contrasts significant): Both contrasts significant and directionally consistent 

with p16. Genes that show statistical significance in both the Zero–Low (Z-L) and Low-High (L-H) contrasts, and 

exhibit directional agreement with p16 response (either both upregulated or both downregulated). Orange (both 

contrasts significant):One contrast significant and directionally consistent with p16. Genes that show statistical 

significance in either the ML or HM contrast, and exhibit directional agreement with p16 response in at least one 

contrast. Light Grey (consistent direction only) Directionally consistent with p16 but not significant. Genes that show 

consistent directional agreement with p16 response across both contrasts, but do not reach statistical significance in 

either contrast. White (not consistent): Not consistent with p16 response. Genes that either do not show significant 

changes in expression or do not match the direction of p16 response across contrasts. (B–E) Dose–response trends for 

CDKN2A and selected genes (PDE4D and TRIB3) in AGS and SNU719 under DAC or GSK3685032 treatment. (F–

I) Dose–response trends for selected genes (PDE4D and TRIB3) in AGS, SNU719 and MKN45 under DAC or 

GSK3685032 treatment. Each point represents replicate-level data (zero, low, and high doses × 4 replicates). 

3.4 Discussion 

This study identified a CDKN2A/p16-associated gene regulatory network in gastric 

adenocarcinoma by integrating multi-database bioinformatic analyses with a experimental 

validation of CDKN2A/p16-associated genes in gastric adenocarcinoma cell lines under DNMT 

inhibitor treatment. Understanding the molecular circuitry of gastric adenocarcinoma requires 

more than cataloging differentially expressed genes; it necessitates focusing on pivotal regulators 

that orchestrate disease progression. We therefore designated CDKN2A as the anchor gene based 

on its established role in G1/S cell-cycle regulation, which provides an optimal perspective for 

exploring regulatory hierarchies. Employing a multi-step strategy, we identified the CDKN2A/p16-

associated core network gene set from extensive datasets. The majority demonstrated expression 

patterns, prognostic correlations, and stage-dependent relationships consistent with their 

established biological functions across TNMplot, KMplot, OncoDB and cBioPortal methylation 
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analyses (Table 3.3), strengthening the credibility of our screening methodology and underscoring 

their potential as pivotal network components. Among these, TRIB3 and GET4 consistently 

emerged as top-ranked candidates, supported by evidence across expression, prognosis, disease 

stage analyses and methylation correlation analyses. PDE4D also showed consistent tumor–

normal upregulation, stage association and methylation correlation analysis but lacked robust 

prognostic significance. Network reconstruction using STRING and IMEx further supported 

TRIB3, GET4, and PDE4D as connected components within the CDKN2A-associated interaction 

network. Moreover, TRIB3 and PDE4D showed strong dose-dependent concordance with 

CDKN2A/p16 expression experimental validation of the CDKN2A/p16-associated core network 

gene set under DNMT inhibitor treatment. Across all analyses, TRIB3 emerged as the most 

consistent candidate, supported by network reconstruction, DNMT-inhibitor–dose-dependent 

gene-expression analysis, and quadruple clinical validation, including tumor–normal differential 

expression, survival association, stage association, and CDKN2A methylation correlation. In 

contrast, PDE4D also showed concordant expression in in the DNMT-inhibitor–dose-dependent 

gene-expression analyses and was supported by network reconstruction. In the clinical datasets, it 

showed tumor–normal differential expression, stage association, and CDKN2A methylation 

correlation in the clinical datasets, but lacked a significant survival association, and was classified 

as having triple validation. Taken together, these results indicate that TRIB3 represents a strongly 

associated node within the CDKN2A methylation-associated regulatory network and a potential 

cancer therapy co-target candidate. TRIB3 is a pseudokinase involved in the stress response 

[280,281]. Accordingly, its expression is induced by hypoxia, endoplasmic reticulum (ER) stress, 

and nutrient deprivation, and it modulates multiple signaling pathways [282,283]. Activation of 

these pathways is associated with poor clinical outcomes [281] , and TRIB3 overexpression has 
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been linked to tumor angiogenesis and poor prognosis in gastric adenocarcinoma patients [284]. 

Based on this evidence, TRIB3 may act as a key adaptive resistance node in the stress-response 

network associated with DNMT inhibitor-mediated p16 reactivation. We and others have noted 

that DNMT-inhibitor–induced reactivation of p16 causes cell-cycle arrest [184,185,277], thereby 

disrupting metabolic regulation and protein homeostasis and thereby activating ER stress signaling 

and metabolic imbalance [285,286] . These stress conditions are known to promote TRIB3 

upregulation [283,287]. We observed that TRIB3 and CDKN2A expression were congruent at zero, 

low and high doses of DNMT inhibitor. Importantly, TRIB3 has been reported to promote 

anticancer drug resistance[288]. In contrast, TRIB3 siRNA knockdown enhances doxorubicin-

induced apoptosis in gastric adenocarcinoma cells [289]. Furthermore, cepharanthine, an 

autophagy inhibitor, reduces TRIB3 protein levels and improves the antitumor effects of 

doxorubicin and cisplatin by regulating the FOXO3–FOXM1 axis [290]. Our findings further 

suggest that inhibiting TRIB3 may enhance the therapeutic effectiveness of DNMT inhibitors 

when used they could be used in gastric adenocarcinoma, and possibly other cancers. 

Despite its role as a tumor suppressor, we found that CDKN2A was classified as a risk factor for 

gastric adenocarcinoma (Figure 3.4A) based on Cox regression analysis [291]. This reflects an 

empirical association between elevated CDKN2A expression and  with poor clinical outcomes. 

Mechanistically, p16 inhibits CDK4/6, prevents retinoblastoma (RB) phosphorylation, and blocks 

the G1–S phase transition, thereby restraining oncogene-driven proliferation and inducing growth 

arrest and senescence in damaged cells (Figure 3.9A) [236,237]. However, in gastric 

adenocarcinoma this tumor-suppressive function is often impaired but by a variety of mechanisms. 

Some tumors show complete p16 silencing due to p16 promoter CpG hypermethylation (e.g., AGS 

and SNU719 cells) (Figure 3.9B), whereas others display paradoxical p16 overexpression that 
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does not induce checkpoint activity and is instead associated with poor prognosis [292,293]. Such 

overexpression has been observed in many cancers and may represent a compensatory feedback 

response to disruption of the RB pathway, which can include loss of RB activity [294,295], cyclin 

D1 overexpression with CDK4/6 hyperactivation [296,297], and CDK2 or CCNE1 overexpression 

(Figure 3.9C) [298,299]. Although p16 is highly expressed in such gastric tumors, it is ineffective 

in blocking G1 progression. This proposed feedback mechanism is further supported by the fact 

that we identified  the RB regulators CDKN2A, CDK2, CDK4, CDK6, and CCNE1, as elevated in 

TNMplot (Figure 3.4B, Table 3.3) and we identified CDKN2A, CDK4, and CCNE1 as risk factors 

for gastric adenocarcinoma (Figure 3.4A, Table 3.3). Therefore, elevated expression of 

CDKN2A/p16,  as well as CDK2, CDK4, CDK6, and CCNE1 expression may result from a 

feedback mechanism caused by defective RB signaling, leading to impaired checkpoint function. 

These observations further suggest that increasing CDKN2A expression alone may only be 

effective in gastric adenocarcinoma associated with low CDKN2A expression caused by promoter 

CpG hypermethylation.  
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Figure 3.9 Proposed working model of CDKN2A/p16–RB checkpoint control and its disruption in gastric 

adenocarcinoma. 

(A) Under canonical conditions, CDKN2A/p16 inhibits CDK4/6–Cyclin D1 activity, thereby maintaining RB in a 

hypophosphorylated state, retaining E2F transcription factors, and enforcing G1–S checkpoint arrest. (B) In gastric 

adenocarcinoma, this tumor-suppressive axis is disrupted by CDKN2A promoter CpG hypermethylation, which 

silences p16 and permits CDK4/6-mediated RB phosphorylation and E2F release, resulting in uncontrolled 

proliferation. In this setting, DNMT inhibitor–mediated demethylation may restore p16 expression and potentially 

recover RB-dependent checkpoint control. (C) In the RB pathway–defective, such as those with RB1 loss or 

inactivation, p16 overexpression may occur as a compensatory feedback response but remains ineffective in 

restraining cell-cycle progression. Despite elevated p16, constitutive E2F activity persists, often accompanied by 

increased CDK2–Cyclin E1 signaling, thereby promoting continued tumor growth. Abbreviations: CDK4/6, cyclin-

dependent kinase 4 and 6; CDKN2A/p16, cyclin-dependent kinase inhibitor 2A/p16INK4a; CCND1/Cyclin D1, cyclin 

D1; CCNE1/Cyclin E1, cyclin E1; CDK2, cyclin-dependent kinase 2; Rb, retinoblastoma protein; E2F, E2F 

transcription factor; P, phosphorylated state/phosphorylation. 

We previously observed that CDKN2A/p16 shows a characteristic low-high-low expression pattern 

with increasing DNMT inhibitor concentration in AGS and SNU719 cells [277]. Building on this, 

we designed the first approach using this dynamic CDKN2A/p16 expression pattern to identify 
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genes whose transcriptional changes most closely parallel CDKN2A/p16 in gastric 

adenocarcinoma cells. Unlike most molecular investigations relying on static tumor versus non-

tumor comparisons [300–302] or single-snapshot TCGA datasets [303], our approach adds 

functional and temporal dimensions, capturing drug-induced transcriptional dynamics essential for 

understanding treatment adaptation and resistance. In AGS and SNU719 cells, increasing 

decitabine concent induces the same low-high-low CDKN2A/p16 expression pattern with TRIB3 

but not in MKN45 cells which do not express CDKN2A/p16 (Figure 3.8G). However, with 

GSK3685032 treatment the low-high-low expression pattern also seems to be observed with 

TRIB3 in MKN45 cells (Figure 3.8I) calling into question whether TRIB3 is truly CDKN2A/p16-

synchronized. To further clarify the relationship between TRIB3 and CDKN2A/p16, we examined 

raw expression values (ie not normalized to maximum expression) and dose-dependent responses 

across cell lines. In AGS cells, TRIB3 expression closely parallels CDKN2A/p16 reactivation, 

showing strong induction at low GSK3685032 doses followed by a coordinated decrease at higher 

doses. In SNU719 cells, TRIB3 expression increases from an undetectable baseline to an induced 

level. In contrast, in MKN45 cells, although TRIB3 displays a similar directional low–high–low 

pattern, the magnitude of induction of TRIB3 expression was approximately 4.4-fold higher in 

AGS and 3.2-fold higher in SNU719 cells compared to MKN45 cells. This suggests that the pattern 

of TRIB3 in GSK3685032 treated MKN45 cells is a different response compared to AGS and 

SNU719 cells. Another possible explanation is the slightly different mechanism of GSK3685032 

[160], which is a DNMT1 selective competitive inhibitor whereas decitabine is a broad inhibitor 

of DNMT1, DNMT3A and 3B forming permanent covalent interaction with the DNMTs [202,304].  

Our findings establish a framework for exploring network-level responses to DNMT inhibitors 

and led to the discovery of TRIB3 as a robust CDKN2A/p16-synchronized stress effector standing 
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out across almost all validation results, and positioning TRIB3 as a key adaptive resistance node 

downstream of the CDKN2A/p16-driven stress network, and a co-targeting candidate for DNMT 

inhibitor response. However, validation was limited to transcript levels using qPCR, without 

confirming protein activity or functional phenotypes, and drug testing was conducted in vitro, 

without in vivo corroboration. Future directions include multi-omics expansion (proteomics and 

phosphoproteomics), functional perturbation (overexpression/knockout) of TRIB3, and exploring 

combination strategies co-targeting DNMTs together with the MAPK14–AKT3–TRIB3 stress-

adaptation pathway [290]. Together, these findings define a CDKN2A/p16-driven stress-adaptive 

network and identify TRIB3 as a key effector that may be exploited to overcome adaptive 

resistance to DNMT inhibitor therapy. 

We previously reported that CDKN2A shows a characteristic low-high-low expression pattern with 

increasing DNMT inhibitor concentrations in AGS and SNU719 cells [277]. Building on this, our 

first approach used this dynamic CDKN2A expression pattern to identify genes whose 

transcriptional changes most closely paralleled those of CDKN2A in gastric adenocarcinoma cells. 

Unlike most molecular investigations relying on static tumor versus non-tumor comparisons [300–

302] or single-snapshot TCGA datasets [303], our approach adds functional and temporal 

dimensions, capturing drug-induced transcriptional dynamics essential for understanding 

treatment adaptation and resistance. In AGS and SNU719 cells, increasing concentrations of 

decitabine induces the same low-high-low expression pattern in CDKN2A/p16 and TRIB3 but this 

pattern was not observed in MKN45 cells, which do not express CDKN2A/p16 (Figure 3.8G). 

However, with GSK3685032 treatment the low-high-low expression pattern also seems to be 

observed with TRIB3 in MKN45 cells (Figure 3.8I) calling into question whether TRIB3 is truly 

CDKN2A/p16-concordant. To further clarify the relationship between TRIB3 and CDKN2A, we 
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examined raw expression values (ie., values not normalized to maximum expression) and dose-

dependent responses across cell lines. In AGS cells, TRIB3 expression closely paralleled CDKN2A 

reactivation, showing strong induction at low GSK3685032 doses followed by a coordinated 

decrease at higher doses. In SNU719 cells, TRIB3 expression increased from an undetectable 

baseline to an induced level. In contrast, in MKN45 cells, although TRIB3 displayed a similar 

directional low–high–low pattern, the magnitude of TRIB3 induction was approximately 4.4-fold 

higher in AGS cells and 3.2-fold higher in SNU719 cells compared to MKN45 cells. This suggests 

that the TRIB3 response in GSK3685032 treated MKN45 cells differs from that observed in AGS 

and SNU719 cells. Another possible explanation is the different mechanisms of action of 

GSK3685032 and decitabine.  GSK3685032[18], is a DNMT1 selective competitive inhibitor 

[160], whereas decitabine is a broad inhibitor of DNMT1, DNMT3A, and DNMT3B that forms 

covalent interaction with the DNMTs [202,304].  

Our findings established a framework for exploring network-level responses to DNMT inhibitors 

and led to the identification of TRIB3 as a robust CDKN2A/p16-concordant stress response gene. 

TRIB3 stood out across nearly all validation results, and positioning it as a key adaptive resistance 

node in stress-response network associated with DNMT inhibitor-mediated p16 reactivation and 

as a co-target in DNMT inhibitor therapy. Although the protein expression patterns of selected 

candidates were descriptively assessed using Human Protein Atlas immunohistochemistry data 

from normal gastric and gastric cancer tissues, TRIB3 protein abundance, protein activity, and 

downstream functional consequences were not directly measured in DNMT inhibitor-treated cell 

lines.  Therefore, validation was limited to transcript levels changes measured by qPCR, without 

confirming protein activity or functional phenotypes, and drug testing was conducted in vitro, 

without in vivo corroboration. Subsequent studies will assess protein-level changes, functional 
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phenotypes, and in vivo therapeutic responses to determine the translational relevance of TRIB3.  

Future directions include multi-omics expansion (proteomics and phosphoproteomics), functional 

perturbation of TRIB3 (overexpression/knockout), and exploring combination strategies co-

targeting DNMTs together with the MAPK14–AKT3–TRIB3 stress-adaptation pathway [290]. 

Together, these findings define a CDKN2A/p16-associated stress-adaptive network and identify 

TRIB3 as a key effector that may be exploited to overcome adaptive resistance to DNMT inhibitor 

therapy. 
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3.5 Supplementary 

 

Table S3.1 The 24 genes identified using the Network-Correlation-Based Approach demonstrated significant 

correlations with CDKN2A Methylation via considering both the Spearman and Pearson correlation indices.  

Expression CDKN2A Methylation 

Spearman Pearson Decision 

Gene Name 

TP53 Spearman: 0.10 (p = 0.0431) Pearson: 0.02 (p = 0.736) -- 

MYC Spearman: 0.05 (p = 0.267) Pearson: 0.05 (p = 0.338) -- 

CDK4 Spearman: 0.21 (p = 1.902e-5) Pearson: 0.22 (p = 8.368e-6) + 

EGFR Spearman: -0.19 (p = 1.279e-4) Pearson: -0.13 (p = 6.330e-3) + 

CTNNB1 Spearman: 0.07 (p = 0.177) Pearson: 0.07 (p = 0.176) -- 

HIF1A Spearman: -0.16 (p = 1.473e-3) Pearson: -0.14 (p = 4.219e-3) + 

MDM2 Spearman: -0.10 (p = 0.0473) Pearson: -0.07 (p = 0.134) -- 

CCND2 Spearman: -0.19 (p = 1.277e-4) Pearson: -0.19 (p = 1.359e-4) + 

CDK6 Spearman: 0.12 (p = 0.0127) Pearson: 0.12 (p = 0.0124) + 

KRAS Spearman: 0.04 (p = 0.478) Pearson: 0.02 (p = 0.673) -- 

NRAS Spearman: 0.12 (p = 0.0124) Pearson: 0.14 (p = 3.818e-3) + 

PTEN Spearman: -0.19 (p = 8.162e-5) Pearson: -0.17 (p = 4.982e-4) + 

HRAS Spearman: 0.19 (p = 7.527e-5) Pearson: 0.19 (p = 1.332e-4) + 

CCND1 Spearman: 0.12 (p = 0.0129) Pearson: 0.14 (p = 4.052e-3) + 

HUWE1 Spearman: -0.08 (p = 0.0893) Pearson: -0.10 (p = 0.0378) -- 

RRAS2 Spearman: 0.04 (p = 0.444) Pearson: -0.08 (p = 0.108) -- 

CYTH1 Spearman: -0.30 (p = 8.77e-10) Pearson: -0.26 (p = 6.50e-8) + 

ARF1 Spearman: 0.24 (p = 6.98e-7) Pearson: 0.24 (p = 6.75e-7) + 

CDC6 Spearman: 0.34 (p = 7.03e-13) Pearson: 0.37 (p = 8.96e-15) + 

CDKN2AIP Spearman: 0.04 (p = 0.475) Pearson: 0.02 (p = 0.745) -- 

CDC7 Spearman: 0.34 (p = 1.46e-12) Pearson: 0.35 (p = 2.21e-13) + 

MRAS Spearman: -0.42 (p = 1.05e-18) Pearson: -0.40 (p = 6.29e-17) + 

RRAS Spearman: -0.33 (p = 4.53e-12) Pearson: -0.33 (p = 7.56e-12) + 

MTAP Spearman: 0.39 (p = 1.49e-16) Pearson: 0.32 (p = 3.02e-11) + 

CDKN2B Spearman: 0.16 (p = 1.562e-3) Pearson: 0.17 (p = 5.104e-4) + 

CDK2 Spearman: 0.24 (p = 5.05e-7) Pearson: 0.26 (p = 1.24e-7) + 

CDKN1B Spearman: 0.06 (p = 0.233) Pearson: 0.02 (p = 0.727) -- 

MAPK13 Spearman: 0.27 (p = 1.67e-8) Pearson: 0.32 (p = 3.39e-11) + 

MAPK12 Spearman: -0.10 (p = 0.0459) Pearson: -0.06 (p = 0.189) -- 

MAPK11 Spearman: -0.33(p = 6.96e-12) Pearson: -0.30(p = 7.95e-10) + 
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Table S3. 2 The 15 genes identified using the Correlation-Based Approach demonstrated significant correlations 

with CDKN2A Methylation via considering both the Spearman and Pearson correlation indices. 
Expression CDKN2A Methylation 

Spearman Pearson Decision 

Gene Name 

TENT2 Spearman: -0.13 (p = 9.722e-3) Pearson: -0.13 (p = 7.603e-3) + 

JAK2 Spearman: -0.15 (p = 2.924e-3) Pearson: -0.12 (p = 0.0126) + 

CCNG1 Spearman: -0.05 (p = 0.310) Pearson: -0.05 (p = 0.327) -- 

NSMAF Spearman: -0.01 (p = 0.873) Pearson: -0.03 (p = 0.524) -- 

AHCYL2 Spearman: -0.11 (p = 0.0288) Pearson: -0.10 (p = 0.0443) + 

PDE4D Spearman: -0.37 (p = 1.42e-14) Pearson: -0.38 (p = 5.85e-16) + 

SLC25A46 Spearman: -0.23 (p = 1.466e-6) Pearson: -0.25 (p = 4.03e-7) + 

LONP2 Spearman: -0.19 (p = 1.370e-4) Pearson: -0.21 (p = 1.456e-5) + 

MAP4 Spearman: -0.35 (p = 1.35e-13) Pearson: -0.37 (p = 5.35e-15) + 

ANKFY1 Spearman: -0.25 (p = 3.30e-7) Pearson: -0.25 (p = 2.22e-7) + 

CDKN2B-AS1 Spearman: 0.28 (p = 4.39e-9) Pearson: 0.29 (p = 1.79e-9) + 

CDKN2A-AS1 Spearman: 0.29 (p = 1.22e-8) Pearson: 0.27 (p = 8.69e-8) + 

CDKN2B Spearman: 0.16 (p = 1.562e-3) Pearson: 0.17 (p = 5.104e-4) + 

TRIB3 Spearman: 0.27 (p = 2.66e-8) Pearson: 0.23 (p = 1.530e-6) + 

GET4 Spearman: 0.25 (p = 2.87e-7) Pearson: 0.27 (p = 4.24e-8) + 

AFDN-DT Spearman: 0.19 (p = 1.947e-4) Pearson: 0.16 (p = 1.377e-3) + 

H4C14 Spearman: 0.05 (p = 0.323) Pearson: 0.06 (p = 0.193) -- 

PROC Spearman: 0.06 (p = 0.195) Pearson: 0.05 (p = 0.357) -- 

MESP2 Spearman: 0.07 (p = 0.177) Pearson: 0.07 (p = 0.137) -- 

CCNE1 Spearman: 0.39 (p = 1.69e-16) Pearson: 0.37 (p = 6.36e-15) + 

 

 

 

Table S3.3 The nine genes identified through the TNM-PLOT database exhibited significant correlations in 

paired tumor and adjacent normal tissues 

Gene Expression 

Comparison between 

Tumor and Normal 

paired tumor and 

adjacent normal 

tissues 

 

Mann_Whitney.p. 

normal samples from non-cancerous 

patients and further pediatric tissues 

 

Mann_Whitney.p. 

EGFR -- 6.57e-01 + 7.2e-08 

HRAS -- 1.05e-01 + 1.16e-02 

NRAS + 1.86e-03 + 1.78e-70 

CDK2 + 5.43e-05 + 3.41e-23 

PTEN -- 1.27e-01 + 2.08e-06 

MAPK14 -- 4.56e-01 -- 8.49e-01 

CDKN2A + 3.78e-05 + 7.37e-57 

ARF1 -- 6.61e-02 + 9.57e-28 

HIF1A -- 9.9e-01 + 1.92e-56 

JAK2 -- 1.75e-01 + 2.03e-04 

CCNE1 + 1.21e-04 + 2.85e-69 

CDKN2B -- 7.46e-01 + 4.41e-35 

CDK4 + 1.7e-04 + 4.27e-30 

CDK6 + 9.61e-04 + 2.61e-27 

ANKFY1 -- 5.09e-01 + 1.94e-05 

MAP4 -- 1.82e-01 -- 1.19e-01 

PDE4D + 2.18e-02 + 8.29e-09 

SLC25A46 -- 8.38e-01 + 2.27e-03 

TRIB3 + 2.06e-04 + 2.88e-25 

GET4 + 2.32e-02 + 1.15e-82 
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Table S3.4 Eight genes identified using the OncoDB database demonstrated significant associations with 

various cancer stages, as determined by p-values from Analysis of Variance (ANOVA) tests. 

Gene 

Name 

Stage Samples Average Median Std ANOVA-p value 

 

EGFR 

G1 12 168.4 44.0 442.4  

3.5e-01 G2 139 65.2 38.2 149.0 

G3 234 80.3 42.1 211.6 

Gx 9 44.5 45.8 24.2 

HRAS G1 12 45.3 42.6 15.9 5.7e-01 

G2 139 47.5 44.4 19.3 

G3 234 48.8 44.5 20.5 

Gx 9 40.1 35.2 11.9 

NRAS G1 12 50.2 47.4 19.0 8.0e-01 

G2 139 50.8 48.3 20.2 

G3 234 50.3 46.0 22.3 

Gx 9 43.7 43.2 13.6 

CDK2 G1 12 27.0 23.7 10.7 1.8e-01 

G2 139 31.0 28.6 14.6 

G3 234 29.8 27.3 13.2 

Gx 9 21.9 21.9 4.6 

PTEN G1 12 36.0 34.6 10.0 7.3e-04 

G2 139 31.3 29.3 13.8 

G3 234 37.4 37.5 13.7 

Gx 9 39.9 42.3 18.1 

MAPK14 G1 12 45.6 47.9 13.4 1.0e-01 

G2 139 50.4 46.8 22.9 

G3 234 46.6 44.9 16.5 

Gx 9 58.4 53.7 23.7 

CDKN2A G1 12 65.0 11.5 133.8 4.4e-02 

G2 139 86.1 32.1 128.3 

G3 234 55.0 16.1 96.8 

Gx 9 30.9 20.8 42.8 

ARF1 G1 12 828.6 819.9 194.7 2.6e-03 

G2 139 841.4 777.8 284.6 

G3 234 750.5 726.8 186.6 

Gx 9 774.3 677.7 255.5 

HIF1A G1 12 200.4 140.2 185.6 1.0e-01 

G2 139 138.0 119.8 70.4 

G3 234 145.7 120.2 85.2 

Gx 9 137.9 97.6 79.1 

JAK2 G1 12 14.8 12.7 10.5 1.9e-01 

G2 139 12.9 10.0 9.5 

G3 234 18.3 13.0 28.6 

Gx 9 19.6 12.3 18.5 

CCNE1 G1 12 81.6 13.1 232.5 6.5e-02 

G2 139 59.3 18.0 135.3 

 G3 234 29.4 12.0 101.5  

Gx 9 14.8 14.2 6.9 

CDKN2B G1 12 15.4 13.4 10.3 7.9e-01 

G2 139 17.4 13.5 17.2 

G3 234 17.8 13.7 18.2 

Gx 9 12.1 10.1 8.4 

CDK4 G1 12 66.6 55.3 47.5 6.3e-01 

G2 139 68.5 61.2 36.3 
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G3 234 73.9 63.0 47.7 

Gx 9 63.9 69.1 20.2 

CDK6 G1 12 26.7 22.3 22.4 9.6e-01 

G2 139 38.7 20.7 98.9 

G3 234 38.1 19.0 95.3 

Gx 9 27.3 19.4 17.1 

ANKFY1 G1 12 26.0 25.2 11.4 9.5e-01 

G2 139 28.2 25.5 14.4 

G3 234 28.3 26.1 12.6 

Gx 9 28.7 33.0 12.3 

MAP4 G1 12 123.1 116.8 42.1 1.1e-03 

G2 139 115.1 106.7 48.0 

G3 234 137.0 128.2 59.9 

Gx 9 161.0 135.3 85.2 

PDE4D G1 12 11.9 8.8 10.4 1.1e-04 

G2 139 9.5 7.4 7.4 

G3 234 13.4 11.0 10.4 

Gx 9 20.5 18.1 15.5 

SLC25A46 G1 12 28.9 31.7 12.7 1.0e-02 

G2 139 25.6 24.0 10.6 

G3 234 29.6 28.7 11.7 

Gx 9 33.0 33.1 13.2 

TRIB3 G1 12 43.8 21.9 50.7 1.3e-02 

G2 139 50.9 37.3 47.4 

G3 234 36.4 21.8 47.0 

Gx 9 74.1 20.0 112.8 

GET4 G1 12 2.3 1.9 1.3 5.2e-03 

G2 139 4.0 3.4 2.1 

G3 234 3.3 2.8 2.0 

Gx 9 4.0 2.9 3.9 
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Chapter 4: Conclusions and Future Directions  

4.1 Conclusion 

Based on the findings of this thesis, a critical need was identified to understand how DNMT 

inhibitors regulate tumor suppressor genes within adaptive epigenetic and transcriptional networks 

in gastric cancer. While DNMT inhibitors are commonly viewed as agents to decrease DNA 

methylation, the results presented here indicate that their biological effects are strongly influenced 

by dose-dependent and coordinated gene-network responses. These observations underscore the 

importance of moving beyond single-gene reactivation toward a network-based framework when 

evaluating epigenetic therapies in gastric cancer. Recognizing this complexity provided the 

rationale for the mechanistic analyses in Chapter 2 and the CDKN2A-centered network 

investigations in Chapter 3. 

In Chapter 2, we examined the effects of three DNMT inhibitors—decitabine, RG108, and 

GSK3685032—across multiple gastric cancer cell lines. Changes in total DNA methylation, 

CDKN2A/p16 promoter methylation, gene expression, and cell-cycle progression were evaluated 

following DNMT inhibitor treatment. At low concentrations, DNMT inhibitors reduced total DNA 

methylation and p16 promoter CpG methylation, resulting in increased p16 mRNA and protein 

expression. In contrast, higher concentrations induced a paradoxical increase in DNA methylation 

at both total and gene-specific levels, accompanied by decreased p16 mRNA and protein 

expression in AGS and SNU719 cells sometimes back to zero inhibitor levels. Similar dose-

dependent patterns were observed for additional genes regulated by promoter CpG methylation, 

indicating that DNMT inhibitors exert genome-wide effects. The paradoxical increase in DNA 

methylation at higher inhibitor concentrations was associated with elevated expression of 

DNMT3B and, in some cases, TET1 and TET2 at both the mRNA and protein levels. Low doses 
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of decitabine and GSK3685032 increased the expression of the cell-cycle regulators p16 and p21, 

although to different extents. GSK3685032 preferentially enhanced p16 expression, whereas 

decitabine more strongly induced p21 expression. Consistent with these differences, GSK3685032 

primarily induced G0/G1 cell-cycle arrest, while decitabine predominantly caused G2/M arrest in 

gastric cancer cells. Taken together, the findings in Chapter 2 suggest that, if translatable to clinical 

settings, low doses of decitabine and GSK3685032 may enhance p16 expression and thus hold 

therapeutic potential for gastric cancer, whereas higher doses may reduce p16 expression back to 

zero inhibitor levels and reduce efficacy. These results provide mechanistic insight into the dose-

dependent and context-specific responses that likely contribute to the inconsistent efficacy of 

DNMT inhibitors observed in solid tumors. 

Building upon the dose-dependent epigenetic responses characterized in Chapter 2, Chapter 3 

expanded the scope of investigation from the single tumor suppressor gene CDKN2A to a broader 

regulatory network centered on CDKN2A. Large-scale database mining, network topology 

analysis, and dynamic pharmacological validation were integrated to systematically identify 

CDKN2A-associated adaptive genes. Starting from 3,839 gastric cancer–related genes curated 

from GETdb, OncoKB, UALCAN, CTD, KEGG, NeDRex, and STRING, pathway-relevant and 

cell-line-specific networks were refined using DepMap and Cell Model Passports datasets. 

Network reconstruction and centrality analyses across 16 independent network contexts yielded a 

CDKN2A-centered hub set, which was further filtered using TCGA-based correlations between 

CDKN2A methylation and gene expression, resulting in a 20-gene panel with strong clinical and 

network support. Clinical validation using TNMplot, KM-plotter, and OncoDB demonstrated that 

multiple genes, including TRIB3 and GET4, were significantly associated with tumor–normal 

expression differences, disease stage, and patient survival. Protein–protein interaction analyses 
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using STRING and IMEx revealed CDKN2A-linked signaling axes connecting cell-cycle control 

(CDK4–CCNE1), growth-factor signaling (EGFR–JAK2), and stress-adaptation pathways 

(MAPK14–AKT3–TRIB3). Dynamic qPCR profiling in gastric cancer cell lines treated with 

decitabine and GSK3685032 identified TRIB3 and PDE4D as robust CDKN2A-synchronized 

response genes, exhibiting dose-dependent concordance with CDKN2A/p16 reactivation and 

absent responses in CDKN2A-null cells. By combining database-driven discovery with dynamic 

experimental validation, chapter 3 establishes a framework for identifying drug co-targeting genes 

based on CDKN2A-synchronized gene networks under DNMT inhibitor treatment. Collectively, 

this systems-level framework reveals how epigenetic therapy activates a CDKN2A-driven stress 

network and identifies TRIB3 as a rational drug co-targeting candidate for DNMT-inhibitor- 

CDKN2A reactivation therapy in gastric cancer. 

4.2 Future Directions  

The results presented in this thesis suggest several directions for future investigation. First, 

extending the current in vitro findings to in vivo gastric cancer models will be important to 

determine whether the observed dose-dependent epigenetic paradox is reproduced within the 

tumor microenvironment. Second, further investigation of the regulatory mechanisms controlling 

DNMT3B and TET enzyme induction, together with adaptive stress-response regulators such as 

TRIB3, may help clarify how compensatory epigenetic responses arise at higher inhibitor doses. 

Finally, the identification of TRIB3 as a CDKN2A-synchronized response gene suggests that co-

targeting adaptive stress-response pathways alongside DNMT inhibition may represent a rational 

direction for improving the durability of CDKN2A reactivation in gastric cancer. 
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Appendices 

Table 2A Human p16 promoter pyrosequencing region and primers 

CpG sites 

within the 

p16 promoter 

region (in 

red) 

GGGGCAGGTGGGGAGGAGCCCAGTCCTCCTTCCTTGCCAACGCTGGCTCTGGCGAGGGCTGCTTCCGGCT 

GGTGCCCCCGGGGGAGACCCAACCTGGGGCGACTTCAGGGGTGCCACATTCGCTAAGTGCTCGGAGTTAA 

TAGCACCTCCTCCGAGCACTCGCTCACGGCGTCCCCTTGCCTGGAAAGATACCGCGGTCCCTCCAGAGGA 
TTTGAGGGACAGGGTCGGAGGGGGCTCTTCCGCCAGCACCGGAGGAAGAAAGAGGAGGGGCTGGCTGGTC 

ACCAGAGGGTGGGGCGGACCGCGTGCGCTCGGCGGCTGCGGAGAGGGGGAGAGCAGGCAGCGGGCGGCGG 

GGAGCAGCATGGAGCCGGCGGCGGGGAGCAGCATGGAGCCTTCGGCTGACTGGCTGGCCACGGCCGCGGC 
CCGGGGTCGGGTAGAGGAGGTGCGGGCGCTGCTGGAGGCGGGGGCGCTGCCCAACGCACCGAATAGTTAC 

GGTCGGAGGCCGATCCAGGTGGGTAGAGGGTCTGCAG 

Primer 

sequence 1 

PCR Forward: 5′-GTTGGTGTTTTAGGGGGAGATTTAATTT-3′ 

PCR Reverse: 5′-Biotin-AACCCCTCCTCTTTCTTCCT-3′ 
Sequencing Primer: 5′-GGGAGATTTTAGGGGTGTTATAT-3′ 

Primer 

sequence 2 

PCR Forward: 5′-TTTTTAGAGGATTTGAGGGATAGGG-3′ 

PCR Reverse: 5′-Biotin-CTACCTACTCTCCCCCTCTC-3′ 
Sequencing Primer: 5′-TATTAGAGGGTGGGG-3′ 

 

Table 3A Genes and qPCR TaqMan gene expression assay for CDKN2A/p16-associated core network gene set 

(n = 20) 

Gene Name TaqMan Assay ID 

ANKFY1 Hs01019630_m1 

ARF1 Hs00796826_s1 

B2M Hs00187842_m1 

CCNE1 Hs01026536_m1 

CDK2 Hs01548894_m1 

CDK4 Hs00364847_m1 

CDK6 Hs01026371_m1 

CDKN2A Hs00923894_m1 

CDKN2B Hs00793225_m1 

EGFR Hs01076090_m1 

GAPDH Hs02786624_g1 

GET4 Hs00944514_m1 

HIF1A Hs00153153_m1 

HRAS Hs00978050_g1 

JAK2 Hs01078136_m1 

MAP4 Hs01104794_m1 

MAPK14 Hs01051152_m1 

NRAS Hs00180035_m1 

PDE4D Hs01579625_m1 

PTEN Hs02621230_s1 

RNA 18S Hs99999901_s1 

SLC25A46 Hs00373382_m1 

TRIB3 Hs01082394_m1 
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Figure 3A. CDKN2A/p16-associated core network gene set (n = 20) mapped in TaqMan Array (96 well plate). 
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