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ABSTRACT 

 

 

Meta-analysis of cholangiocarcinoma 

studies: comparison with pancreatic ductal 

adenocarcinoma 

 

 

DONGYOON SHIN 

Department of Molecular Medicine 

and Biopharmaceutical Sciences 

Graduate School of 

Convergence Science and Technology 

Seoul National University 

 
 

Cholangiocarcinoma (CC) is the major primary cancer in liver, with 

a high malignancy rate worldwide. The incidence of CC is still 

increasing without explicit causes. Other gastrointestinal cancer, 

pancreatic ductal adenocarcinoma (PDAC) has many comparable 

characteristics to CC. For examples, the survival rate and prognosis 

of CC and PDAC are similarly poorer than other carcinomas such as 

a hepatocellular carcinoma. Clinically, therapeutic and diagnostic 

approaches for CC resemble in those applied to PDAC. One of the 

possible explanations of sharing features between CC and PDAC is 
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a common molecular mechanism(s) during their carcinogenesis. 

Given the histopathological and clinical similarities in two cancers, I 

performed an integrative genomic analysis of CC datasets collected 

from publicly accessible The Cancer Genome Atlas (TCGA) and 

NCBI Gene Expression Omnibus (GEO). 3 TCGA– and 9 GEO–

datasets, 6 gene expression–, 2 methylation– and 4 miRNA–datasets, 

were gathered. I sorted out 29 differentially expressed genes (DEGs) 

consisting of 10 overexpressed and 19 underexpressed genes in 6 

studies. 9 genes of 29 common DEGs were related to several cellular 

functions. In 2 methylation studies, 455 differentially methylated 

regions, 302 DMRs on promoters and 86 on enhancers, on 374 

genes. After miRNA analysis, I found 4 miRNAs that regulate UPB1, 

HBB genes, underexpressed and hypomethylated, from 29 common 

DEGs. However, there were no common miRNA traits in 4 studies. 

HIATL1, hippocampus abundant transcript-like 1, was identified 

significant factor to CC patients survival in 29 common DEGs. 

HIATL1 low-expressed CC group revealed to poor survival.  

Next, comparison gene expression profiling between CC and 

PDAC, I found several similar characteristics. Interestingly, HIATL1 

also affected on PDAC patients survival and HIATL1 low-expressed 

group of two cancer showed poor early survival. Additionally, I 

identified common traits of HIATL1 low-expressed group of two 

cancers so that 108 DEGs were sorted out. Among them, sodium 

channel nonvoltage-gated1 (SCNN1D), a function of the gene-

encoding protein was found to be regulated by diuretic Amiloride, 

was selected within sodium ion transporting related genes.  
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 Taken together, I integratively analyzed mRNA, methylation, miRNA 

CC datasets. From meta-analysis, 29 common DEGs were identified 

which suggesting that common traits of CC. Especially, HIATL1, one 

of 29 common DEGs, showed correlation with survival in CC and 

PDAC patients, then I proposed the drug to two cancer HIATL1 low-

expressed groups. In this study, unique molecular traits of CC could 

be used for predicting patient prognosis and further molecular 

mechanism study. 
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 INTRODUCTION 
 
 
 

Cholangiocarcinoma (CC) is the second-most prevalent primary 

hepatic malignant tumor and accounts for about 3% of all 

gastrointestinal tumors [1]. CC is rare earlier than in the 40s but more 

likely found in the 70s [2]. The general survival rate is poor with less 

than 5% of five-year survival and incidence rate even in the surgically 

resected patients, and mortality for CC are progressively increasing 

worldwide. CC is hard to diagnose because it has no reliable 

diagnostic marker thus one of possible explanation is poor 

understanding of carcinogenic mechanism [3,4]. Another 

gastrointestinal cancer, pancreatic ductal adenocarcinoma (PDAC) 

arises in pancreas which is anatomically attached to bile duct (Fig. 1) 

[5]. Pancreatic cancer, the fourth-leading cancer-related deaths in the 

United States, shares many similar characteristics of CC (Table .1) 

[6]. Resembling CC, pancreatic cancer is usually common in elderly 

persons more than 70 and the overall 5-year survival rate among 

patients is less than 5% [7]. Most of the patients diagnosed with CC 

or PDAC are dying within a year because of late diagnosis. There is 

few effective medical therapy for these cancers, except surgical 

resection. Also cholangiocarcinoma and pancreatic cancer are 

indistinguishable in conventional histopathological and clinical 

characteristics [8].  

So molecular traits may help explain their similarity leading to 

treatment approaches in clinical trials. There have been several 

attempts to connect CC and cancer on neighboring organ, such as 
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hepatocellular carcinoma [9,10,11,12]. But only one research 

strategy has been used to explore the molecular traits between CC 

and PDAC [13]. 

In this research, I integratively analyzed all the accessible CC 

datasets using meta-analysis. Based on the CC results, comparison 

with PDAC was performed. A better understanding of the molecular 

features of CC and PDAC will lead to novel areas for therapeutic and 

mechanism studies.  
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Figure 1. Feature of bile duct and pancreas (Siegel R et 

al. 2014). 

 

 

 

 

 

Table 1. Similar characteristics of cholangiocarcinoma 

and pancreatic cancer. 
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MATERIALS AND METHODS 

 

Data acquirement and preprocessing 

The microarray data files of each study, including series Matrix files, 

soft-formatted family files, RAW.tar (TAR of CEL), were downloaded 

for analysis. The annotation information was usually extracted from 

the soft-formatted family files. I converted Probe IDs and Entrez IDs 

to official gene symbols to make the same mapping build for all the 

datasets. Affymetrix platform microarray datasets were used RMA 

system to normalize. Illumina platform and Agilent microarray 

datasets were applied quantile normalization and cubic spline 

algorithm. The values were expressed on a log 2 base scale. Non-

identifiable probes were discarded. GeneIDs with multiple values 

within a dataset, the replicates values were used as a averaged 

mean.  

 

Functional analysis 

To identify the potential functions of the DE genes, I performed gene 

ontology analysis and pathway analysis. The Database for 

Annotation, Visualization and Integrated Discovery (DAVID) 

Functional Annotation Bioinformatics Microarray 

(http://david.ncifcrf.gov/), a web-based program, was used to perform 

the gene ontology (GO) enrichment analysis[14]. The pathway 

analysis was performed by the Kyoto Encyclopedia of Genes and 

Genomes (KEGG)( http://www.genome.jp/kegg/pathway.html) [15].  
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Gene Set Enrichment Analysis(GSEA) 

Gene set enrichment analysis was used to identify signaling 

pathways activated in specific molecular classes of cancers, and to 

analyze their genomic Enrichment for specific biological functions or 

canonical pathways was evaluated as described. 19,20Gene set 

enrichment analysis (GSEA) was performed using theJava-tool 

developed at the Broad Institute (Cambridge, MA) [16]. 

 

 

Biological network analysis 

Biological network analysis was performed using GeneMANIA 

(http://www.genemania.org), a web-based program. All the protein 

and genetic interactions, pathways, co-expression, co-localization 

and protein domain similarity were identified from the database [17]. 

 

 

Drug-gene interaction 

Connecting drug and gene was performed using The drug-gene 

interaction database (http://dgidb.genome.wustl.edu), a web-based 

program. Collecting the data through ChEMBL, DrugBank, 

GuideToPhamacologyInteractions, PhamGKB, Trends in the 

exploitation of novel drug targets (TEND), The druggable genome: 

Evaluation of drug targets in clinical trials and Therapeutic Target 

Database (TdgClinicalTrial) and organized with scoring then shown 

to user [18]. 
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Survival Analysis 

Kaplan-Meier curves and log-rank statistics were performed by 

using R program. Clinical annotations and datasets were acquired 

from The Cancer Genome Atlas (TCGA). The Kaplan-Meier method 

was used to estimate the overall and disease-free survival, and 

group differences were analyzed with the log-rank test. The Kaplan-

Meier method was used to estimate overall survival, and group 

differences were analyzed with the log-rank test [19]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 ７ 

RESULTS 

 

Inclusion of suitable studies 

In order to perform a meta-analysis, I gathered dataset from 

publically accessible databank, TCGA, GEO and cBioPortal, then 

various studies sorted out satisfying those criteria, drug-untreated, 

control-cancer paired and patient tissue (Fig. 2). This study included 

different type of 9 out of 69 datasets (Table. 2). mRNA expression 

studies, GSE26566, GSE32225, GSE31370, GSE45001, and 

GSE57555, were from over world. A methylation dataset, GSE38860, 

was from the western country and three microRNA datasets, 

GSE57555, GSE53870, and GSE85589, were from eastern countries. 

By collecting many data, I can get more reliable results with 

decreasing bias. 

 

Geneset enrichment analysis shows some 

characteristics of cholangiocarcinoma.  

Geneset enrichment analysis, to verify the feature of CC, was 

performed between normal and cholangiocarcinoma. Closer 

inspection of the two enriched gene sets reveals that many genes 

driving the enrichment in CC. CC shows some characteristics for 

examples, metastasis-related 9 genes expression and 4 early 

upregulated genes in gastric cancer (Fig.3) [20,21]. I could see the 

possibility to link genetic traits of CC to PDAC. 
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Figure 2. Data search flow in the current study. 

  

Type Study Year Patient GEO Platform Sample

source number

Andersen 2012 Europe, US GSE26566 GPL6104, llumina humanRef-8 169

Sia 2013 US GSE33327 GPL8432, llumina humanRef-8 155

Seok 2012 Korea GSE31370 GPL10558, Illumina HumanHT-12 26

Sulpice 2013 France GSE45001 GPL14550, Agilent-028004 SurePrint G3 20

Taguchi 2015 Japan GSE57555 GPL16699, Agilent-039494 SurePrint G3 64

Taguchi 2015 Japan GSE57555 GPL18044, Agilent-046064 Unrestricted Human miRNA 27

Zhang 2015 China GSE53870 GPL18118, State Key Laboratory Human microRNA array 72

Lee 2016 Korea GSE85589 GPL19117, Affymetrix Multispecies miRNA-4 Array 120

Methylation Sriraka 2013 UK GSE38860 GPL8490, Illumina HumanMethylation27 34

mRNA

MicroRNA

 

Table 2. Characteristics of the 9 GEO studies. 
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Table 3. Clinical index of CC samples derived from 

TCGA 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. Gene set enrichment analysis of CC. 
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29 differentially-expressed genes in 6 studies. 

Through various studies, I identified the unique gene expression 

pattern with meta-analysis. First, I set the criteria about differentially-

expressed value. Average expression value of carcinoma group 

compared with normal group was more than 1.5 fold or less than 

0.67 fold. And values should be satisfied q-value less than 0.05. 

Benjamini-Hochberg method used to control false positive and false 

discovery rate (FDR) should be less than 0.05 [22]. 3,816 genes 

selected from TCGA RNA sequencing dataset of 20,534 genes. 

Based on the same criteria, differentially expressed 8,377 genes 

from GSE2656 and 3,852, 3,931, 4,416, 6,022 genes from 

GSE31370, GSE33327, GSE45001, GSE57555 dataset respectively. 

Subsequently, 29 differentially expressed genes, 10 genes 

overexpressed and 19 genes underexpressed in CC, were sorted 

from 6 datasets (Fig. 4)[23,24,25,26,27]. Particularly, extracellular 

matrix and cytoskeleton-related genes, laminin, tropomyosin, and 

tubulin, were highly upregulated and some of globulin, haptoglobin, 

Haptoglobin-related protein and hemoglobin, genes were significantly 

down-regulated in CC (Table. 2). 29 common DE genes have a 

similar expression level on each dataset, suggesting 29 common 

genes could be unique traits of CC. 
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Figure 4. Expression pattern of 29 common DE          

genes. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 4. 29 Common DE genes in 6 studies. 
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Functional analysis of common DE genes. 

To verify the roles of 29 common genes, the various functional 

analysis was performed. Gene ontology enrichments highlight the 

most relevant GO term associated with 29 common DE genes. 7 

terms out of total GO 13 terms were related to metabolisms, such as 

cellular oxidant detoxification, pyruvate metabolic process and 

oxidation-reduction process (Table.5A). And 9 genes out of 29 

common DE genes were associated with a part of metabolism. Kegg 

pathway result showed that ACOT12 and  PCK2 were related to 

pyruvate metabolism pathway (Table.5B). Those two analyses were 

performed with The Database for Annotation, Visualization and 

Integrated Discovery(DAVID), a web-based program.  

To identify drug-gene interactions and potential druggability of 29 

common DE genes, I used The Drug Gene Interaction 

Database(DGIdb), a database. Tubulin alpha1, TUBA1A, 

overexpressed in 6 studies, could be modulated by antinematodal 

agent Mebendazole according to Drugbank and Therapeutic Target 

Database (Table.5C). Down-regulated HBB, hemoglobin beta, can be 

explained that anemia is one of the cholangiocarcinoma symptoms. 

And iron dextran can alleviate anemia.  

Biological function analysis can explain that protein complex, predict 

phenotype, involvement in specific disease, relationships between 

genes(Fig.5). two major Co-expression data results indicated that 29 

common DE genes network related to primary liver tissue and cancer.  

But there was no potential target domain for drugs. 
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A

 

B 

 

C 

 

 

Table 5. Functional analysis of 29 common DE           

genes. (A) Gene ontology (B) Pathway (C) Drug-gene interaction 
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Figure 5. A biological network of 29 common DE genes. 
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Methylation analysis of cholangiocarcinoma 

studies. 

Methylation is one of epigenetic processes and affect to gene 

expression. I set the threshold of delta beta value at 0.2 and q-value 

less than 0.05. There were 16,698 DMRs in TCGA methylation 

dataset and 1653 DMRs in GSE38860[28]. Promoter and enhancer 

are crucial to regulating gene expression, but not the same effects. 

So I divided into promoter regions, including 5’ UTR, 1st Exon, 

TSS200 and TSS1500, and enhancer regions. CpG islands, which 

are, on average, 1000 base pairs-long and show an elevated G+C 

base composition. Approximately 70% of annotated gene promoters 

are associated with a CGI, CGI promoters turn out to have distinctive 

patterns of transcription initiation and chromatin configuration.[29] 

And CpG island analysis also performed to identify methylation 

pattern. TCGA dataset showed that 7,449 DMRs on promoter regions 

and 4,450 DMRs on enhancer regions and 1,115 DMRs of promoters 

and 275 DMRs of enhancers were from GSE38860 (Fig.6). In these 

two studies, 455 DMRs were common on 374 genes. 302 DMRs 

were located in promoter regions and enhancer regions shared 86 

DMRs, suggesting that methylation patterns could be one of the 

common CC traits. Island regions of CGI were more prone to 

methylated, on most highly methylated genes (Table 6).  

Previous 29 DEGs with their methylation and CGI results from TCGA 

were combined (Table.7). UBP1, HSD17B6, HBB and HGD were 

downregulated even though they were hypomethylated, miRNA might 

have a chance to interfere in gene expression.  
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B 
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Figure 6. Methylation analysis of TCGA.  

(A) whole probes (B) Promoter regions(C) Enhancer regions 
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Probe ID Gene symbol Description CpG island

Hypermethylated

cg07533148 TRIM58 Tripartite motif-containing 58 Island

cg08089301 HOXB4 Homeo box B4 Island

cg15520279 HOXD8 Homeo box D8 Island

cg14458834 HOXB4 Homeo box B4 Island

cg01381846 HOXA9 Homeobox protein A9 isoform a Island

Hypomethylated

cg00630164 KCNQ4 Potassium voltage-gated channel KQT-like protein 4 isoform a Island

cg07991621 SH3BP2 SH3-domain binding protein 2 S_Shore

cg13997435 S100A2 S100 calcium binding protein A2

cg14063008 DAB2IP DAB2 interacting protein isoform 1 N_Shore

cg03752885 DAPK3 Death-associated protein kinase 3 N_Shore

Probe ID Gene symbol Description CpG island

Hypermethylated N_Shore

cg12374721 PRAC Small nuclear protein PRAC Island

cg14991487 HOXD9 Homeobox D9 Island

cg01009664 TRH Thyrotropin-releasing hormone Island

cg04534765 GALR1 Galanin receptor 1 Island

cg04330449 NEUROG1 Neurogenin 1

Hypomethylated

cg14204735 CYB561 Cytochrome b-561 isoform 1 Island

cg01318557 LAT2 Linker for activation of T cells family member 2 isoform 1

cg04355435 TMEM125 Hypothetical protein LOC128218 N_Shelf

cg04452095 SEPT9 Septin 9

cg01441777 CSNK1E Casein kinase 1 epsilon S_Shore

 

A  

 

B 

 

Table 6. 455 differentially methylated regions on 374 

genes in 2 studies. (A) 302 DMRs on promoter (B) 86 DMRs on 

enhancer 
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Table 7. 4 mismatched genes out of 29 common DE 

genes. 
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Correlation between methylation and miRNA 

Adding miRNA to mRNA, methylation analyses results, I 

comprehensively analyzed the main factors affecting gene 

expression. 1 TCGA and 3 GEO miRNA datasets, GSE57555, 

GSE53870, and GSE85589, were analyzed by criteria of 1.5 fold and 

q-value less than 0.05. All the patient source of microarray data were 

Asian countries. TCGA had 242 DE miRNAs, GSE57555, GSE53870 

and GSE85589 had 79, 234 and 37 DE miRNAs respectively. I 

sorted out 4 miRNAs, from miRDB (http://www.mirdb.org/miRDB), 

affecting UBP1, Ureidopropionase beta, and HBB, Hemoglobin beta, 

genes. hsa-miR-3150a-3p, hsa-miR-361-3p and hsa-miR-1910 were 

from GSE53870 dataset and hsa-miR-361-3p, hsa-miR-708 were 

from GSE57555, TCGA each(Fig.7).  

To identify common miRNA traits in 4 studies, meta-analysis was 

performed 4 different DE miRNA sets. But there was no common 

miRNA. Although, I couldn’t find unique CC miRNA traits, but mRNA, 

methylation and miRNA datasets from TCGA were linked together. 
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miRNA Fold Change p -value Target gene

hsa-miR-3150a-3p 2.02 0.0005

hsa-miR-708 4.92 0.0081

hsa-miR-361-3p 1.85 9.8E-07

hsa-miR-1910 1.69 8.7E-08

UPB1

HBB

A 

   

 

 

 

 

 

 

B 

 

 

 

 

 

C 

 

 

 

Figure 7. Correlation between methylation and miRNA. 

(A) Differentially–expressed miRNAs in TCGA  (B) 10 up-regulated 

miRNAs in TCGA (C) 4 miRNA regulate UPB1 and HBB 
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Influence of HIATL1 on prognosis 

Kaplan-Meier survival is a way to calculate the survival rate, the 

estimated cumulative survival rate from incident survival rate. To 

identify the effects of specific gene expression on CC patients 

survival, Kaplan-Meier survival analysis was performed. First, I 

organized TCGA clinical data and the median value of gene 

expression was used to divide into two group, low-expressed, and 

high-expressed. Two group, based on gene expression, were drawn 

survival plots and performed log rank test, statistical verification of 

survival difference between two treated group. Those processes 

were carried out using R-program Bioconductor-package ‘Survival’. 

Performing survival analysis on previous 29 common genes, but the 

only HIATL1, hippocampus abundant transcript-like 1, gene satisfied 

statistical significance (Fig.8A). HIATL1 is a membrane protein, the 

previous study said that HIATL1 was related to colorectal cancer risk 

and alcohol consumption [30]. HIATL1 role on CC patients prognosis. 

HIATL1 low-expressed group showed bad survival in the plot. 

Particularly, most of HIATL1 low-expressed patients died within 24 

months, early time (Fig.8B). Therefore, HIATL1 can be a potential 

prognosis marker for CC patients. 
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Figure 8. HIATL1 affects patient’s survival. 

(A)Survival analysis of 29 DE genes (B) Survival plot of HIATL1  
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Comparison with pancreatic ductal 

adenocarcinoma in cancer pathway  

To compare common characteristics of anatomically connected 

organ cancers, CC and PDAC, I drew cancer pathway using Kyoto 

Encyclopedia of Genes and Genomes(KEGG), a web-based program. 

DEGs each of CC and PDAC RNAsequencing datasets, from TCGA, 

analyzed by 1.5 fold and q-value less than 0.05. 258 common DEGs 

between two cancers were yellow-colored, 3,816 of CC and 2,028 of 

PDAD DEGs were green and red respectively. Smoothened, Integrin 

alpha and B-cell lymphoma-extra large were common but cytokines, 

signaling pathway and receptors were different (Fig.9). It indicated 

that CC and PDAC share some features, from DEG comparison.   



 

 ２４ 

 

Table 8. Clinical index of PDAC samples derived from 
TCGA. 

 
 

 
 

 
Figure 9. CC and PDAC in cancer pathway. 
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HIATL1 low group show bad prognosis in two 

cancer 

Previously, I verified HIATL1 was effected on CC patients survival 

(Fig.10A). HIATL1 gene expression level difference between CC two 

group was approximately 1.9 fold (Fig.10C). Then I identify the 

influence of HIATL1 to PDAC patients prognosis, interestingly 

HIATL1 also had a role in PDAC patients (Fig.10B). HIATL1 high-

expressed group showed 1.5 fold gene expression level than low-

expressed group (Fig.10D). Similarly, HIATL1 low-expression group 

revealed negative effect on two cancer prognosis. 

Through the clinical data analysis, I identified 2-year survival, 

recurrence, metastasis and tumor stage between two groups 

(Table.9). There was no significant difference, except early survival. 

In CC patients, 2-year survival rate of HIATL1 low-expressed group 

was 33% and it was much less than 87% of the high-expression 

group. Same as PDAC, HIATL1 low-expressed group showed less 

early survival rate than the other. Taken together, low-HIATL1 

expression affects to two cancer patients survival. 
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A                           B 

 
 
 
 
 
 
 
C                           D 

                            
 
 
 
 
 
 
Figure 10. HIATL1 related to patients survival on two 
cancers. (A),(C) CC survival plot and gene expression between 

patient group (B),(D) PDAC survival plot and gene expression 
between patient group 

 
 
 
 
 
 

 
 
 
 
 
 
Table 9. HIATL1 effects on initial survival rate on two 

cancer. 
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Repositioning Amiloride to HIATL1 low-

expressed groups of two cancer 

To identify other factors of bad prognosis in HIATL1 low-expressed 

group, I got common 108 DEGs between two cancer using previous 

same analyzing criteria, 1.5 fold and q-value less than 0.05.  GO 

result demonstrated that sodium ion transport-related genes, sodium 

channel epithelial 1 delta subunit, sodium voltage-gated channel 

alpha subunit 4 and solute carrier family 5 members 11, were 

included (Table.10). After drug-gene interaction analysis, I got 

potential drug candidate Amiloride, blocking the epithelial sodium 

channel while potassium-sparing diuretic (Fig.11A).  

There have been many trials to apply Amiloride to cancer, in cellular 

and animal model. [31,32,33] 

Amiloride can be a potential alternative drug to HIATL1 low-

expressed group, showing poor early survival rate, in CC and PDAC. 
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Table 10. Functional analysis of DE genes in HIATL1-
low expressed groups of two cancer. (A) GO (B) Pathway 
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Figure 11. Repositioning Amiloride to CC and PDAC. 
(A) Potential drugs for HIATL1 low expressed group (B) Molecular 
structure of Amiloride 
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DISCUSSION 

 

 

limited molecular basis and lack of genomic evidence for CC are 

main reasons of the absence of effective treatment and diagnostic 

methods. Applying meta-analysis on the high-throughput genomic 

microarray and RNA sequencing data analyzing is especially useful 

to identify common molecular traits on CC. 

In this manner, understanding the molecular similarities between 

these two almost universally deadly diseases may prove important to 

understanding their pathophysiology. In my knowledge, this is the 

second study that attempts to link to anatomically neighboring organ 

cancers[13]. Furthermore, therapeutic treatment and mechanism 

study of CC and PDAC based on the unique molecular traits can be 

very useful to be applied. 

In this study, I integratively analyzed CC with mRNA, methylation, 

miRNA, clinical level. All the CC datasets, 9 microarray data from 

GEO and 3 from TCGA, were collected from publically accessible 

databanks. Additionally, TCGA datasets have not been published, yet. 

Each microarray data were normalized by suitable methods to 

minimize the batch effect and through the follow-up tests using 

Benjamini-Hochberg false discovery rate enable to get reliable 

results by decreasing positive-false error.  

In gene expression datasets, patients were from United Stated, 

Europe and Asian countries and more than 400, so lessen bias of 

sample source allowed me to get more reliable results. I identified the 
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unique common traits of CC, 10 up-regulated and 19 down-regulated 

genes in 6 studies. Identified hemoglobin and haptoglobin-related 

down-regulated 3 genes, which can be confirmation of the anemia 

cases in CC[34]. Even though the number of patients was low, 

HIATL1, CC commonly expressed gene, crucially affects the 

patient’s survival. I could thoroughly link mRNA, methylation and 

miRNA datasets from TCGA. In addition, the correlation between 

gene expression and methylation was checked to gain more 

significant genes. From this analysis, I could get 244, 208 genes 

negatively correlated on promoter and enhancer regions, respectively. 

In comparison with PDAC, I was able to find common ground about 

patients prognosis and suggest the drug to two cancer patients.  

Meta-analysis is suitable to a quantitative, formal, epidemiological 

study design used to systematically assess previous research 

studies to derive conclusions. Results from a meta-analysis may 

include a more precise estimate of the effect of treatment or risk 

factor for disease than any individual study. The examination of 

variability or heterogeneity in study results is also a critical outcome. 

The benefits of meta-analysis include a consolidated and quantitative 

review of a large, and often complex studies. On the other hand, a 

failure to identify the majority of existing studies can lead to 

erroneous conclusions. However, meta-analyses are useful tools in 

identifying molecular traits studies [35].  

CC is anatomically divided into intrahepatic cholangiocarcinoma 

(ICC) and extrahepatic cholangiocarcinoma (ECC)[36]. I presumed 

that ECC is more similar to PDAC but lacking data, I analyzed ICC 
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instead of ECC. If the further ECC data accumulated, a more 

rigorous comparison of CC and PDAC is possible.   

In a further study, it needs to be identified verification of experiment 

and patient follow-up studies to develop estimation marker of patient 

prognosis using HIATL1. HIATL1, hippocampus abundant transcript-

like 1, was predicted membrane protein and barely studied except 

one about colorectal cancer. One mutated patient sample was 

reported on cBioPortal. To verify the effect of HIATL1 on in vitro, treat 

siRNA on CC cell line, HuCCA-1, KMCH-2, SNU-1079, to down-

regulate gene expression then check cell viability. I proposed 

Amiloride as a treatment aid for HIATL1 low-expressed patients, 

showing high initial mortality rate, and it needs to be verified in 

experimental, clinical further study. 

In conclusion, the integrated CC analysis used in this study 

revealed the common DEGs in 6 studies and related methylation, 

miRNA information. One of DEGs is closely correlated with cancer 

patients survival. In addition, based on similarities between CC and 

PDAC, I suggested repositioning of the drug to both cancer groups. 

These results in my study suggest new prognosis marker and may 

help to improve the effects of therapies to overcome cancer. 
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국문초록 

담관암은 간 내의 주요한 원발암으로 전세계적으로 높은 악성 

비율을 보인다. 담관암의 발생은 아직 증가하고 있으나 명확한 

원인은 밝혀진바가 없다. 다른 소화기계통암인 췌장관선암종은 

담관암과의 여러 비교할만한 성질을 보인다. 예를 들어, 담관암과 

췌장관선암종의 생존율과 예후가 간세포암종과 같은 다른 암종에 

비해 더 나쁘다. 임상적으로는 담관암의 치료법과 진단법이 

췌장관선암종에의 것과 유사하다. 가능성 있는 한가지 해석은 두 

암이 암발생과정에서 분자적 원리의 공유이다. 조직병리학적, 

임상적 유사성을 토대로 공개적으로 접근 가능한 The Cancer 

Genome Atlas (TCGA)와 NCBI Gene Expression Omnibus 

(GEO)에서 담관암 자료들을 얻어 통합적인 유전체 분석을 하였다. 

3개의 TCGA, 9개의 GEO 자료들이, 6개의 유전자 발현, 2개의 

메틸화 자료 그리고 4개의 마이크로RNA, 모였다. 나는 10개의 

과발현, 19개의 저발현을 포함한 총 29개의 차이 나게 발현되는 

유전자들을 6개의 연구 사이에서 추릴 수 있었다. 공통되며 차이 

나게 발현되는 29개의 유전자 중 9개는 몇 가지 세포 기능에 

관한 유전자이다. 2개의 메틸화 연구들 사이에서, 302개의 

촉진자와 86개의 증폭자를 포함하는 455개의 차이 나게 메틸화된 

지역들이 374개의 유전자에 있다. 마이크로RNA 분석을 통해 

나는 공통되며 차이 나게 발현되는 29개의 유전자 중 저발현되고 

저메틸화된 UPB1, HBB 유전자에 작용하는 4개의 

마이크로RNA를 찾았다. 하지만 4개의 연구 사이에서 공통된 

마이크로RNA 특성은 없었다., hippocampus abundant transcript-
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like 1(HIATL1)은 공통되며 차이 나게 발현되는 29개의 유전자들 

중 담관암 환자들의 생존에 중요한것으로 밝혀졌다. HIATL1 

저발현 담관암 집단은 생존이 나쁘다.  

다음, 담관암과 췌장관선암종과의 유전자 발현 프로파일링 

비교에서 나는 몇 가지 공통 특징을 찾았다. 흥미롭게도, 

HIATL1은 췌장관선암 환자들의 생존에 또한 영향을 미치며, 

두암의 HIATL1 저발현 집단은 안 좋은 초기 생존을 보인다. 

추가로 나는 두암의 HIATL1 저발현 집단 사이의 공통된 특징을 

찾았고, 공통되며 차이 나게 발현되는 108개의 유전자을 가려냈다. 

나트륨 이온 수송 관련 유전자들 중 sodium channel nonvoltage-

gated1 (SCNN1D)가 이뇨제인 Amiloride에 의해 조절됨을 

알아냈다.  

종합하면, 나는 담관암의 메신저RNA, 메틸화, 마이크로RNA 

자료들을 통합적으로 분석했다. 메타분석을 통해 담관암의 공통된 

특징으로 생각되는 공통되며 구별되게 발현되는 29개의 유전자이 

밝혀졌다. 특히, 공통 되며 차이 나게 발현되는 29개의 유전자 중 

하나인 HIATL1은 담관암과 췌장관선암 환자들의 생존과 

연관성을 보였으며, 이에 나는 두 암의 HIATL1 저발현 집단에 

약물을 제안했다. 이 연구에서 독특한 담관암의 분자적 특성들은 

환자 예후 예측과 향후 분자적 원리 연구에 쓰일 수 있다. 

 

주요어 : 담관암, 췌장관선암, HIATL1, 메타분석 

학번 : 2015-26006  
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