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ABSTRACT 
Aim: Identification of crucial genes and possible biomarkers which are involved in Barrett’s esophagus (BE) disease was aim of this 
study. 
Background: BE is diagnosed by endoscopy and biopsy and is characterized by esophageal columnar metaplastic epithelium. BE can 
convert into dysplasia that finally results cancer condition.  
Methods: Gene expression profiles of BE and normal gastric cardia which are characterized by GSE34619 and GPL6244 platform (1) 
were retrieved from gene expression omnibus (GEO). The significant differentially expressed genes (DEGs) were analyzed via 
protein-protein interaction network (PPI) analysis. The nodes of network were enriched via gene ontology (GO) to find biological 
terms. Action map of network elements was provided.  
Results: Among 250 top DEGs, 100 ones were included in PPI network and KIT, CFTR, IMPDH2, MYB, FLT1, ATP4A, and CPS1 
were recognized as prominent genes related to BE. Seven amino acids including arginine, alanine, aspartate, glutamate, valine, 
leucine and isoleucine which are related to BE were highlighted.  
Conclusion: In conclusion five central DEGs; KIT, CFTR, IMPDH2, MYB, and FLT1 were proposed as possible biomarkers for BE. 
However, validation and more experimental information is require to finalize the findings. 
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Introduction  
  1 Barrett’s esophagus (BE) is considered as a 
precancerous condition which is characterized by 
esophageal columnar metaplastic epithelium. BE 
progressive converts into dysplasia. There is evidence 
that dysplasia can lead to cancer condition. Two 
aggressive methods including endoscopy and biopsy 
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are the main diagnostic tools for BE (2, 3). There are 
serious attempts to find and replace non-aggressive 
diagnostic methods instead these types of destructive 
tools. The molecular based methods are attractive ones 
due to easy access to biofluids (4, 5).  High throughout 
methods such as proteomics and Genomics can provide 
large amounts of data about diseases, therefore are 
attracted attention of clinical researchers to find new 
effective and valid biomarkers for early detection and 
follow up of disorders (6, 7).  In these approaches, huge 
numbers of differentially expressed genes (DEGs) and 
proteins attributes to a certain disorder. Different 
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amounts of fold change differentiate the identified 
biomolecules (8). Bioinformatics and system biology 
facility helps to analysis complex systems to find 
important biomolecules among the other ones. 
Screening and analysis of DEGs via protein-protein 
interaction (PPI) network is a useful method to find the 
prominent gens which play critical role in disorder. 
Central parameters such as degree, betweenness 
centrality, and closeness centrality are used to find such 
crucial genes (9-11). Gene ontology is the other activity 
that is applied to determine functional features of query 
genes. Molecular function, biological processes, 
cellular component, and biochemical pathways related 
to the investigated genes identify via gene ontology 
analysis (12, 13). In this study significant DEGs of BE 
tissue relative to normal gastric cardia samples are 
analyzed by PPI network method and enriched via GO 
to be screened and finding critical genes which are 
involved in onset and progression of BE in patients. It 
may be conduct to introduce some diagnostic 
metabolites for disorder.   

 

Methods 
Gene expression data series GSE34619, GPL6244 

platform (14) were obtain from GEO database. 10 
differential gene expression profiles of BE 
(GSM851983-92) and 10 normal gastric cardia (1) 
samples (GSM852001-10) were matched via boxplot 
analysis. The gene expression profiles were analyzed 
by GEO2R and the top 250 significant DEGs were 
selected. P-value less than 0.05, 2≤ fold change (FC) ≤ 
0.5 were considered and the uncharacterized 
individuals were excluded.  

The determined DEGs were included in PPI 
network analysis via STRING database (15) and 
Cytoscape software (16). The main connected 
component was identified as network and was analyzed 
by Network analyzer plugin of Cytoscape. The top 10 
central nodes were identified separately based on 
degree, betweenness, and closeness centralities. The 
common nodes among central nodes were introduced as 
critical genes. 

Action map including expression, activation, and 
inhibition actions was provided for elements of the 
main connected component via CluePedia (17). The 
biochemical pathways relative to the all nodes of the 

main connected component were identified from 
KEGG (18) by clueGO (19). 

For more investigation the query DEGs were 
grouped based on logarithm of fold change and the 
most deregulated groups were analyzed.  

 

Results 
Statistical matching of Gene profiles of 10 BE 

samples and 10 individuals normal cardia is presented 
in the figure 1.  
 

 

Figure 1. Box plot representation of gene expression profiles 
of BE and gastric cardia samples. 

 
Among 250 top changed expressed DEGs 231 ones 

were identified which had fold change more than 2 and 
less than 0.5 that were selected to further analysis. 
Numbers of 206 DEGs among 231 selected genes were 
characterized which included to construct network. As 
it is shown in the figure 2, the network including 95 
isolated nodes, 4 paired genes, 1 triple component, and 
a main connected component (contain 100 nodes and 
178 edges) was built. Numbers of 7 central nodes based 
of degree value, betweenness centrality, and closeness 
centrality values were identified (see table 1). Action 
map of 100 nodes of the main connected components 
including expression, activation, and inhibition actions 
were created, which is illustrated in the figure 3.  

 



S100  Barrett’s esophagus network analysis and detection of biomarkers 
 

Gastroenterol Hepatol Bed Bench 2018;11(Suppl. 1):S98-S104 
 

Numbers of 9 biochemical pathways related to the 
elements of the main connected component which are 
clustered in 6 and their statistical properties groups are 
presented in figure 4 and table 2. Distribution of 231 
DEGs based on fold change value is shown in figure 5. 
Minimum and maximum logarithms of fold changes 
were considered as -7 to 9, respectively and the 
samples were distributed in 7 gropes. Logarithms 
amounts between -1 and 1 were not selected. Elements 
of first most down-regulated group and first and second 
top up-regulated groups of genes were selected and 
tabulated in the table 3. 
 

Discussion 
Network analysis can provide precise information 
about diseases. In this regard comparison of BE gene 
expression profile and esophageal cancer is studied via 
artificial neural network analysis (20). Here gene 
expression profiles of BE and Normal gastric cardi 
tissue are compared via PPI network analysis.  As it is 
shown in the figure 1, gene expression profiles of BE 
and gastric cardia are comparable. Data are median 
centric and expression patterns are matched. Among 
231 DEGs 100 ones are interacted in interactome (see 
figure 2).  
 

 

Figure 2. Main connected component of PPI network of BE relative to gastric cardia. 
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Table 1.  Central nodes of Main connected component of PPI network of BE relative to gastric cardia,. BC and CC refer to 
betweenness centrality and closeness centrality, respectively. The common genes between top nodes based on Degree, BC, and CC 
are shown in red color.\ 
R display 

name 
description BC CC Degree 

1 KIT v-kit Hardy-Zuckerman 4 feline sarcoma viral oncogene homolog 0.12969 0.34375 12 
2 CFTR cystic fibrosis transmembrane conductance regulator (ATP-binding 

cassette sub-family C, member 7) 
0.332112 0.385214 11 

3 IMPDH2 IMP (inosine 5'-monophosphate) dehydrogenase 2 0.269152 0.366667 11 
4 MYB v-myb myeloblastosis viral oncogene homolog (avian) 0.250107 0.346154 11 
5 FLT1 fms-related tyrosine kinase 1 (vascular endothelial growth 

factor/vascular permeability factor receptor) 
0.076052 0.326733 9 

6 GLUL glutamate-ammonia ligase 0.070194 0.313291 9 
7 ADHFE1 alcohol dehydrogenase, iron containing, 1 0.046399 0.303681 8 
8 ATP4A ATPase, H+/K+ exchanging, alpha polypeptide 0.172493 0.339041 8 
9 CCKBR cholecystokinin B receptor 0.065433 0.280453 8 
10 CPS1 carbamoyl-phosphate synthase 1, mitochondrial 0.083989 0.321429 8 
11 HDC histidine decarboxylase 0.074607 0.304615 8 
 
Table 2. Biochemical pathways and their associated genes among 100 nodes of main connected component. The pathways are retrieved 
from KEGG_20.11.2017. * Corrected with Bonferroni step down, %G/T; percentage of genes per term, and G/T; genes per term 
R GOTerm P Value Group % G/T G/T Associated Genes Found 
1 Arginine and proline metabolism 0.04 1 6.00 3 [AGMAT, CKB, CKMT2] 
2 Mitophagy 0.03 2 4.62 3 [BNIP3, GABARAPL1, MITF] 
3 Gastric acid secretion 0.00 3 13.33 10 [ATP4A, ATP4B, CCKBR, CFTR, HRH2, 

KCNE2, KCNJ16, KCNQ1, SLC26A7, 
SLC4A2] 

4 Arginine biosynthesis 0.04 4 14.29 3 [CPS1, GLUL, GPT2] 
5 Alanine, aspartate and glutamate 

metabolism 
0.04 4 8.57 3 [CPS1, GLUL, GPT2] 

6 Valine, leucine and isoleucine 
degradation 

0.00 5 10.42 5 [ACAT1, ALDH6A1, BCKDHB, DBT, 
OXCT1] 

7 Propanoate metabolism 0.00 5 12.50 4 [ACAT1, ALDH6A1, BCKDHB, DBT] 
8 Pancreatic secretion 0.03 6 4.17 4 [CCKAR, CFTR, KCNQ1, SLC4A2] 
9 Bile secretion 0.03 6 4.23 3 [AQP4, CFTR, SLC4A2] 
 

 

Figure 3. Action map of 100 nodes of main connected component is illustrated. Yellow, Green, and red colored arrow refer to 
expression, activation, and inhibition actions, respectively. 
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Numbers of 95 isolated nodes were identified which 
can be included in the network if relevant genes be 
added to them. In this case numbers of connections also 
will increase. Due to study interactions between 
queries, no additional neighbor genes were considered. 
Degree, betweenness centrality, and closeness 

centrality are three important central parameters which 
indicate to imbalance distribution of frequency of 
interactions between various nodes, non-homogenous 
controlling of elements of network by a certain node, 
and unequal propagation rate of information among 
nodes of different ways. To determine critical nodes 

 

Figure 4. Biochemical pathways relative to 100 nodes of main connected component are shown. The pathways are retrieved from 
KEGG_20.11.2017. 
 

 
Figure 5. Distribution of 231 DEGs based on logarithm of fold change. Range of fold change is (-7) to 9. Group with range of 
logarithm fold change (-1) to 1 which refer to unselected DEGs excluded. 
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which differentiate BE samples from gastric cardia, 
these three central parameters were considered. Seven 
crucial nodes including KIT, CFTR, IMPDH2, MYB, 
FLT1, ATP4A, and CPS1 that are tabulated in table 1 
were identified. It is predictable that the critical nodes 
play significant roles in the integrity and function of the 
network. As it is depicted in the figure 3, KIT, CFTR, 
IMPDH2, MYB, and FLT1 (71% of central nodes and 
5% of all interacted nodes) are presented in the action 
map. Only 14% of the non-central nodes or 12% of all 
interacted nodes are involved in the action map. 
Gharahkhani et al. reported eight new risk loci near 
CFTR gene in BE patients (21). Up-regulation of c-
MYB in BE is reported by Brabender et al. however, 
here v-MYB is down-regulated (22).Therefore, the 
critical nodes plays more significant role in action map 
relative to the other DEG. Action map contains three 
clusters; a paired cluster, a triple ones, and a connected 
component including 12 nodes. Surprisingly, KIT, 
CFTR, IMPDH2, MYB, and FLT1are presented in this 
cluster. It can be concluded that 71% central nodes of 
network acts as a condensed unit in the network. 
Except two inhibition actions between CFTR - 
IMPDH2 and MYBL2 – TFAP2A the other 13 
directional connections are activators. There are two 
up-regulation actions between MYB → KIT and 
NR2F2 → FLT1 which are formed by central nodes. In 
figure 4 and table 2, 9 biochemical pathways related to 
the 100 elements of the main connected component are 
grouped in 6 clusters and presented in details. Three 
groups including groups 1, 4, and 5 including 5 
pathways are metabolic pathways related to the 
metabolism of amino acids. Davis et al. reported that 
urinary levels of several amino acid such as alanine, 
leucine, valine, and glutamine are changed significantly 
in BE patients (23). These reported data are 
corresponded to our finding. Term and group 3 are 
related to gastric acid secretion. As it is reported 
activation of gastric H+/K+-ATPase is the final common 
pathway of acid secretion (24). Since cardia is in 
contact with gastric acid but esophagus is not, it is a 
logical finding to differentiate term. Numbers of 10 
DEGs (10% of network nodes) are participated in the 
gastric acid secretion pathways (see table 2). Three 
central nodes including ATP4A, CPS1, and CFTR 
(43% of central nodes) are involved in the biochemical 
pathways. Distribution of DEGs as a function of 

logarithm of fold change is shown in the figure 5. 
Numbers of 65 DEGs are down-regulated while 166 
ones are up-regulated. DEGs with highest value of fold 
changes (down-regulated a group and up-regulate f and 
g groups) are presented in the table 3. Except ATP4A 
the other central nodes are absent in this table. It can be 
concluded that expression change of the central nodes 
are not grossly altered. This finding consist with 
finding in the figure 3. As showed in action map, 
prominent action was activation. It seems KIT, CFTR, 
IMPDH2, MYB, and FLT1 are critical genes which can 
be considered as drug target in BE patients. 
Metabolites, especially several amino acids such as 
alanine, valine, and leucine can be monitored as urinary 
or probably plasma diagnostic biomarkers in patients 
(25-27). 
Seven central DEGs including KIT, CFTR, IMPDH2, 
MYB, FLT1, ATP4A, and CPS1 were identified as 
prominent genes related to BE patients. Further 
analysis revealed KIT, CFTR, IMPDH2, MYB, and 
FLT1 play crucial roles relative to ATP4A and CPS1. 
Role of amino acid metabolism such as arginine, 
alanine, aspartate, glutamate, valine, leucine and 
isoleucine in this disorder was highlighted. 
 

Acknowledgment  
This project is supported by Shahid Beheshti 

University of Medical Sciences. 

Conflict of interests 

The authors declare that they have no conflict of 
interest. 

References  
1.  Zhi J, Sun J, Wang Z, Ding W. Support vector machine 
classifier for prediction of the metastasis of colorectal cancer. 
Int J Mol Med 2018;41:1419-26. 

2.  Sharifian A, Pourhoseingholi MA, Emadedin M, Rostami 
Nejad M, Ashtari S, Hajizadeh N, et al. Burden of Breast 
Cancer in Iranian Women is Increasing. Asian Pac J Cancer 
Prev. 2015;16:5049-52. 

3.  Jiang K, Lauwers GY. The dawn of a new era: 
performance measurement for the pathologic diagnosis of 
Barrett’s esophagus–associated dysplasia. Gastrointest 
Endosc 2018;88:816-7. 

4.  Tajbakhsh M, García Migura L, Rahbar M, Svendsen CA, 
Mohammadzadeh M, et al. Antimicrobial-resistant Shigella 



S104  Barrett’s esophagus network analysis and detection of biomarkers 
 

Gastroenterol Hepatol Bed Bench 2018;11(Suppl. 1):S98-S104 
 

infections from Iran: an overlooked problem? J Antimicrob 
Chemother. 2012;67:1128-33. 

5.  Esteve-Solé A, Sologuren I, Martínez-Saavedra MT, Deyà-
Martínez À, Oleaga-Quintas C, Martinez-Barricarte R, et al. 
Laboratory evaluation of the IFN-γ circuit for the molecular 
diagnosis of Mendelian susceptibility to mycobacterial 
disease. Crit Rev Clin Lab Sc 2018;55:184-204. 

6.  Intasqui P, Bertolla RP, Sadi MV. Prostate cancer 
proteomics: Clinically useful protein biomarkers and future 
perspectives. Expert Rev Proteomics 2018;15:65-79. 

7. Mardis ER. The Impact of Next-Generation Sequencing on 
Cancer Genomics: From Discovery to Clinic. Cold Spring 
Harb Perspect Med 2018:a036269. 

8. Nakurte I, Jekabsons K, Rembergs R, Zandberga E, Abols 
A, Linē A, et al. Colorectal Cancer Cell Line SW480 and 
SW620 Released Extravascular Vesicles: Focus on Hypoxia-
induced Surface Proteome Changes. Anticancer Res 
2018;38:6133-6138. 

9. Farahani M, Rezaei-Tavirani M, Zali H, Arefi Oskouie A, 
Omidi M, Lashay A. Deciphering the transcription factor-
microRNA-target gene regulatory network associated with 
graphene oxide cytotoxicity. Nanotoxicology 2018:1-13. 

10. Zamanian Azodi M, Rezaei-Tavirani M, Rostami Nejad 
M, Rezaei-Tavirani M. Human Prolactinoma: A View of 
Protein-Protein Interaction Pattern. Int J Endocrinol Metab 
2018;16:e67332. 

 11.  Zamanian Azodi M, Peyvandi H, Rostami-Nejad M, 
Safaei A, Rostami K, Vafaee Ret al. Protein-protein 
interaction network of celiac disease. Gastroenterol Hepatol 
Bed Bench. 2016;9:268-277. 

12. Ashburner M, Ball CA, Blake JA, Botstein D, Butler H, 
Cherry JM, et al. Gene Ontology: tool for the unification of 
biology. Nat Genet 2000;25:25. 

13. Larki P, Gharib E, Yaghoob Taleghani M, Khorshidi F, 
Nazemalhosseini-Mojarad E, Asadzadeh Aghdaei H. 
Coexistence of KRAS and BRAF Mutations in Colorectal 
Cancer: A Case Report Supporting The Concept of Tumoral 
Heterogeneity. Cell J. 2017;19:113-117. 

14. di Pietro M, Lao-Sirieix P, Boyle S, Cassidy A, Castillo 
D, Saadi A, et al. Evidence for a functional role of 
epigenetically regulated midcluster HOXB genes in the 
development of Barrett esophagus. Proc Natl Acad Sci U S A 
2012;109:9077-82. 

15. Szklarczyk D, Morris JH, Cook H, Kuhn M, Wyder S, 
Simonovic M, Santos A, Doncheva NT, Roth A, Bork P, 
Jensen LJ, von Mering C. The STRING database in 2017: 
quality-controlled protein-protein association networks, made 
broadly accessible. Nucleic Acids Res 2017;45:D362-8. 

16. Saito R, Smoot ME, Ono K, Ruscheinski J, Wang P-L, 
Lotia S, et al. A travel guide to Cytoscape plugins. Nat 
Methods 2012;9:1069. 

17. Bindea G, Galon J, Mlecnik B. CluePedia Cytoscape 
plugin: pathway insights using integrated experimental and in 
silico data. Bioinformatics 2013;29:661-3. 

18. Kanehisa M, Goto S. KEGG: kyoto encyclopedia of 
genes and genomes. Nucleic Acids Res 2000;28:27-30. 

19. Bindea G, Mlecnik B, Hackl H, Charoentong P, Tosolini 
M, Kirilovsky A, et al. ClueGO: a Cytoscape plug-in to 
decipher functionally grouped gene ontology and pathway 
annotation networks. Bioinformatics 2009;25:1091-3. 

20. Xu Y, Selaru FM, Yin J, Zou TT, Shustova V, Mori Y, et 
al. Artificial neural networks and gene filtering distinguish 
between global gene expression profiles of Barrett’s 
esophagus and esophageal cancer. Cancer Res 2002;62:3493-
7. 

21. Gharahkhani P, Fitzgerald RC, Vaughan TL, Palles C, 
Gockel I, Tomlinson I, et al. Genome-wide association 
studies in oesophageal adenocarcinoma and Barrett's 
oesophagus: a large-scale meta-analysis. Lancet Oncol 
2016;17:1363-73. 

22. Brabender J, Lord RV, Danenberg KD, Metzger R, 
Schneider PM, Park JM, et al. Increased c-myb mRNA 
expression in Barrett's esophagus and Barrett's-associated 
adenocarcinoma. J Surg Res 2001;99:301-6. 

23. Davis VW, Schiller DE, Eurich D, Sawyer MB. Urinary 
metabolomic signature of esophageal cancer and Barrett’s 
esophagus. World J Surg Oncol 2012;10:271. 

24. Sachs G, Prinz C, Loo D, Bamberg K, Besancon M, Shin 
JM. Gastric acid secretion: activation and inhibition. Yale J 
Biol Med 1994;67:81. 

25. Nazemalhosseini Mojarad E, Farahani RK, Haghighi 
MM, Aghdaei HA, Kuppen PJ, Zali MR. Clinical 
implications of BRAF mutation test in colorectal cancer. 
Gastroenterol Hepatol Bed Bench. 2013;6:6-13. 

26. Nazemalhosseini Mojarad E, Kuppen PJ, Aghdaei HA, 
Zali MR. The CpG island methylator phenotype (CIMP) in 
colorectal cancer. Gastroenterol Hepatol Bed Bench. 
201;6:120-8. 

27. Rostami Nejad M, Rostami K, Cheraghipour K, 
Nazemalhosseini Mojarad E, Volta U, Al Dulaimi D, et al. 
Celiac disease increases the risk of Toxoplasma gondii 
infection in a large cohort of pregnant women. Am J 
Gastroenterol. 2011;106:548-9. 

 


