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Figure 4: The shared CPGs across 17 cancer types. The length of circularly arranged segment is proportional to the total CPGs in
each cancer type. The ribbons connecting different segments represent the number of shared CPGs between cancer types. The three outer
rings are stacked bar plots that represent relative contribution of other cancer types to the cancer type’s totals, where the innermost, middle,
and outermost ring represents the number of CPGs that other cancers share with a specific cancer, the number of CPGs that a specific cancer
share with the other cancers, and the sum number of CPGs among different cancer types, respectively.

Figure 5: The enriched dense network module using the 100 CPG (57 training genes and top 43 test genes) based on

protein-protein interaction data. The 97 genes in diamond are terminal genes from the 100 CPGs. The remaining 10 genes in triangle
are linker genes bridged the 92 genes.
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Table 2: Top 20 enriched diseases of the 724 protein-coding CPGs

Disease name

Raw P-value Benjamini-Hochberg adjusted P-value

Cancer 4.98E-30 5.67E-26
Breast cancer 3.77E-29 2.15E-25
Colorectal cancer 1.35E-27 5.13E-24
Lung cancer 5.18E-23 1.47E-19
Prostate cancer 4.04E-20 9.19E-17
Stomach cancer 3.54E-17 6.70E-14
Bladder cancer 8.49E-13 8.05E-10
Esophageal cancer 4.68E-12 2.32E-09
Ovarian cancer 2.72E-09 4.76E-07
Endometrial cancer 2.77E-08 2.76E-06
Endometriosis 3.59E-08 3.44E-06
Head and neck cancer 3.84E-08 3.55E-06
Oral cancer 1.11E-07 8.32E-06
Diabetes, type 1 1.24E-07 8.94E-06
Melanoma 1.28E-07 9.08E-06
Stomach neoplasms 4.64E-07 2.59E-05
Sarcoidosis 6.33E-07 3.32E-05
Infection 9.24E-07 4.45E-05
Neoplasms 9.81E-07 4.62E-05
Leukemia 1.09E-06 5.02E-05

update this database on a regular basis by adding new data
from literature as well as other valuable resources. It is
anticipated that dbCPG would serve as a valuable resource
to the cancer research community.

MATERIALS AND METHODS

Data collection and literature curation

The goal of dbCPG database is to provide a
comprehensive resource for investigation of CPGs
and their molecular mechanisms in cancer, which can
freely assist cancer research community to design the
experiment, understand tumorigenic mechanisms and
develop useful information for clinical application. Thus,
we firstly collected 114 CPGs from Rahman’s Nature
paper [2], where the CPGs were identified based on
literature review and database evaluations. Secondly, we
performed a comprehensive literature search of PubMed
on 8 April 2015 using the query expression: (‘cancer’
[Title/Abstract] OR ‘tumor’ [Title/Abstract]) AND
(‘predisposition’ [Title/Abstract] OR ‘susceptibility’
[Title/Abstract]) AND (‘gene’ [Title/Abstract] OR
‘syndrome’ [Title/Abstract]), with the purpose of
obtaining a precise and detailed list of publications for
CPGs. As a result, we obtained 1319 PubMed abstracts.

Then we extracted CPGs related sentences from the
abstracts of these articles manually. We also read the full
text to find the key sentences if necessary. Overall, 154
CPGs were collected from 624 related PubMed abstracts.
Thirdly, 92 CPGs were identified from GeneReview [9],
which is an online database mainly focused on specific
heritable disease, on 20 May 2015 using the search terms:
(‘neoplasms’ [All Fields] OR ‘neoplasms’ [All Fields] OR
‘cancer’ [All Fields]) AND (‘disease susceptibility’ [All
Fields] OR (‘disease’ [All Fields] AND ‘susceptibility’
[AIl Fields]) OR ‘disease susceptibility’ [All Fields]
OR ‘predisposition’ [All Fields]) AND (‘genes’ [All
Fields] OR ‘genes’ [All Fields] OR ‘gene’ [All Fields]).
Fourthly, we extracted 469 CPGs with the words:
(‘cancer’ or ‘tumor’ or ‘carinoma’ or ‘neoplasm’) and
(‘susceptibility’ or ‘predisposition’) from GeneRIF [11]
on 23 May 2015, which is a clustering of short statements
about gene function. Finally, we searched 362 CPGs
derived from OMIM [10], a comprehensive database
of human gene and genetic disorders, on 28 May 2015.
After combing the gene sets obtained from these five data
sources, we consolidated 827 human CPGs and retrieved
their orthologs in rat and mouse using orthology data
downloaded from HomoloGene (http://www.ncbi.nlm.nih.
gov/homologene) and Mouse Genome Informatics (MGI)
(http://www.informatics.jax.org).
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Data mining of human CPGs

To better understand the function of these CPGs
in our dbCPG database, we retrieved comprehensive
functional information from different public resources
(Table 1). The basic gene information is included, such
as gene ID, official symbol, official full name, synonym,
position, gene type and OMIM ID from Entrez gene
database and cancer syndrome, major associated type,
mechanism of action of CPG mutations, and mode of
inheritance from PubMed abstracts. Literature evidences
were also provided. In addition, we provided functional
information, including gene expression, methylation,
post transcriptional modification, germline mutation,
protein-protein interaction, pathway, and drug information
(Figure 1). Details of these databases can be found through
the cited references as well as from dbCPG.

To assess the function of 724 protein-coding CPGs,
we explored the functional enrichment analysis by using
two online tools, KOBAS [23] and DAVID [24]. KOBAS
was used to analyze the pathway and disease, while
DAVID was used to identify enriched biological themes
(GO terms) and protein functional domains (InterPro
terms) [25]. Then, we obtained those enriched functional
terms with adjusted P-value less than 0.05. Furthermore,
to investigate the importance of each protein coding CPG,
we performed gene prioritization using ToppGene [29].
According to the number of literature evidences, 724
protein-coding CPGs were divided into two categories,
57 genes with at least 10 literature evidences acting as
training gene set, the remaining 667 genes as test gene
set, and finally, Klein-Ravi algorithm in GeneRev [30] was
used to search the enriched dense modules.

Database construction

We stored all the dbCPGs, annotations and related
data by using MySQL (version 5.1.73), which is a popular
open source and freely available database. A user-friendly
web interface for browsing and searching was created
using Java Server Pages technology. The database
structure was shown in Figure 1, which is a systematical
and detailed presentation of dbCPG.

dbCPG supports text query. In the home page,
users can find a quick search box on the left to search by
gene official symbol and gene ID. An advanced search
option in search page is provided to search CPG related
information, including the gene 1D, gene official symbol,
full name, gene type and genomic location. In addition, a
search interface to access CPGs related literature provided
a window for users to find more comprehensive CPG
descriptions from original literature sources.

In Browser page, users can browse CPGs using
genomic location, data source, gene type, species or cancer
type (Figure 1). Using the chromosome browser, users
can obtain a summary of the CPG lists. Clicking on the
hyperlinks of the gene ID, users can access corresponding

gene evidence and annotation pages. In each browser
page, users can click on the hyperlinks of the specific data
source, gene type, species or cancer type to obtain the
corresponding CPG lists.

Aside from data retrieval from dbCPG, users are
encouraged to upload additional publication information to
the websites. Users may first search the dbCPG database
to check if their publication has already been deposited
into the database. If not, users may upload the related
publication information, which will be stored in dbCPG.
The new record will be forwarded to the dbCPG developer
via email and will become available after a manual check
and confirmation.
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