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1  Introduction
Cancer is the main cause of death and an important obstacle to increasing life expec-
tancy worldwide [1]. In 2022, the top 10 cancer types accounted for 63.4% of new cancer 
cases and 69.7% of cancer deaths. Among the top ten cancer types in terms of new cases 
and cancer deaths, gastrointestinal (GI) cancer accounts for three and five, respectively. 
GI cancer accounted for 18.8% of new cancer cases and 33.3% of cancer deaths. Cancer 
has become a major burden on the healthcare system, and GI cancer is the most com-
mon cause of death among cancer patients [2, 3].
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In recent years, advances in high-throughput sequencing technology have enabled 
the exploration of cancer biology at the genetic and molecular levels, facilitating early 
detection, personalized diagnosis, and targeted therapy [4–8]. The development of 
high-throughput sequencing technology has generated massive amounts of omics data, 
including genomics, transcriptomics, epigenomics, proteomics, and metabolomics data, 
which provide unprecedented opportunities to decipher the complex mechanisms of GI 
cancer initiation and progression. Figure  1 clearly presents the workflow and applica-
tion value of GI cancer data. First, samples were collected from patients with GI can-
cer, and multi-dimensional omics data (including gene mutations, gene expression, Copy 
Number Variation (CNV) rearrangements, epigenetic modifications, and metabolites) 
were integrated from various GI cancer data resources. Following standardization, inte-
gration, and analysis, these data form multimodal datasets. Then, through collaboration 
and sharing mechanisms, data circulation is achieved, ultimately supporting core clinical 
applications including early cancer detection, prognosis/predictive biomarker identifica-
tion, treatment decision-making, drug resistance monitoring, and recurrence/minimal 
residual lesion monitoring. This figure visually demonstrates the full-chain value of 
multi-omics data from sample collection to clinical translation. However, the full utili-
zation of these data is hindered by challenges such as fragmented data storage, lack of 
standardization, and limited collaboration and sharing among research teams (Fig. 1).

To address these issues, numerous public databases have been developed to integrate, 
curate, and disseminate cancer-related data. These databases can be categorized into 
two main types: general databases (covering multiple cancer types and multi-omics data) 
and GI cancer-specific databases (focused on one or more GI cancer subtypes) (Supple-
mentary Table 1). In this review, we detailed the core features, data content, and update 
status of each database, discussed their applications in GI cancer research (e.g., early 
detection, biomarker identification, treatment resistance monitoring), and analyzed the 
current challenges and future directions in database construction. This review provides 
a comprehensive reference for researchers, clinicians, and bioinformaticians working in 
the field of GI cancer.

Fig. 1  The data comes from the clinic and serves the clinic
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1.1  Database selection methodology

To ensure the comprehensiveness and rigor of the database selection, we adopted a sys-
tematic approach as follows:

1.1.1  Search strategy

Databases were identified through searches in PubMed and Web of Science using key-
words such as "gastrointestinal cancer database", "colorectal cancer omics", "liver cancer 
biomarker database", "public cancer database", and "precision oncology resource". We 
also manually searched the "Database Issue" of Nucleic Acids Research and the refer-
ences from relevant review articles. Inclusion Criteria: (1) Publicly accessible without 
restricted access (excluding commercial databases); (2) Focus on cancer-related data, 
with explicit relevance to GI cancers; (3) Provide multi-omics data (genomics, transcrip-
tomics, etc.), clinical data, or functional annotations (e.g., drug sensitivity, biomarker 
information); (4) Have complete documentation and user guides. Exclusion Criteria: 
(1) Private or proprietary databases requiring paid subscriptions; (2) Databases with 
no direct relevance to GI cancers; (3) Duplicate databases (e.g., different versions of the 
same database were merged, with the latest version prioritized). Quality Assessment: 
For each included database, we verified (1) Availability of the database (URL accessibil-
ity); (2) Update frequency and latest version.

2  General databases
General databases cover multiple cancer types and provide multi-dimensional data 
resources, including genomics, transcriptomics, epigenomics, proteomics, drug sensitiv-
ity data, and clinical data. These databases are widely used in GI cancer research due to 
their large sample sizes, comprehensive data types, and user-friendly analytical tools.

2.1  Comprehensive cancer databases

Comprehensive cancer databases integrate multi-omics data and clinical information 
across various cancer types, offering researchers one-stop platforms for data access and 
analysis. The Cancer Genome Atlas (TCGA, https://cancergenome.nih.gov/) [9], a ​l​a​n​d​
m​a​r​k joint project launched in 2006 by the National Cancer Institute and the National 
Human Genome Research Institute, has generated over 2.5 petabytes of multi-omics 
data (genomic, transcriptomic, epigenomic, proteomic) and molecularly characterized 
more than 20,000 primary cancer and matched normal samples spanning 33 cancer 
types (including GI cancers). Its unique strength lies in the ability to study cross-omics 
correlations (e.g., the effects of mutations on expression, methylation-expression rela-
tionships) using paired multi-omics data from individual patients; however, TCGA pro-
vides relatively raw data that requires basic data analysis capabilities. Nevertheless, its 
data is widely integrated into user-friendly platforms (e.g., cBioPortal [10], UALCAN 
[11]) to lower access barriers for researchers without specialized analytical expertise. 
The official data collection of TCGA was formally completed in 2018, and no new raw 
samples or sequencing data will be added. However, its data is still undergoing post-pro-
cessing, standardization, and version updates via the Genomic Data Commons (GDC, 
https://portal.gdc.cancer.gov/) platform. The latest data version of GDC is Data Release 
v45.0, released on December 4, 2025.

https://cancergenome.nih.gov/)
https://portal.gdc.cancer.gov/
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Database Commons (https://ngdc.cncb.ac.cn/databasecommons/) [12], a global ​b​i​o​l​o​
g​i​c​a​l database catalog established in 2015, differs fundamentally from other resources 
in that it does not host raw cancer data but aggregates over 7,000 biological databases 
from 2,444 institutions across 79 countries/regions (as of December 2025), grouping 
them into 13 categories and collecting 31 pieces of information per database across four 
modules (basic, classification, contact, article). It also innovatively uses a z-index com-
bining citation counts and user scores to evaluate database quality and influence, has 
served over 2.69 million users in 216 countries/regions (as of December 16, 2025), and is 
endorsed by top journals in the field.

The European Genome-phenome Archive (EGA, https://ega-archive.org/) [13], 
launched in 2008 as a permanent archive for identifiable genetic, molecular, and phe-
notypic data, hosts over 4,500 studies including numerous GI cancer-related projects. 
It boasts diverse data types and strict privacy protection protocols, but its strict access 
authorization and scrutiny limit data availability, and its large-scale, sensitive datasets 
demand certain technical capabilities and computational resources for utilization.

The UCSC Cancer Genomics Browser (https://genome.ucsc.edu/) [14] functions as an 
online analytical platform focused on cancer genomics data visualization and analysis. 
It aggregates multi-source data into genome location-based tracks to enable multi-level 
comparisons, supports custom annotation additions, provides genome information for 
over 80 species, and features a user-friendly interface that facilitates high-throughput 
dataset exploration, making it particularly suitable for visual comparative analyses of GI 
cancer genomic data.

The Catalogue of Somatic Mutations in Cancer (COSMIC, ​h​t​t​p​s​:​/​/​c​a​n​c​e​r​.​s​a​n​g​e​r​.​a​
c​.​u​k​/​c​o​s​m​i​c​/​)​​​​ [15], initiated in 2004 as a survey of four cancer-related genes and now 
updated to v103 (2025) with quarterly updates, is the world’s largest curated somatic 
mutation repository covering the entire human genome and all cancer types. It has been 
widely applied in GI cancer research to identify mutation hotspots (e.g., BRAF V600E 
in colorectal cancer, TP53 mutations in gastric cancer) and supports targeted therapy 
development, with somatic variants linked to stable GRCh37/GRCh38 genome coordi-
nates to enhance interoperability.

The cBio Cancer Genomics Portal (cBioPortal, http://www.cbioportal.org/) [10] 
serves as a comprehensive platform for accessing, downloading, analyzing, and visual-
izing cancer genomics data, integrating multi-type genomic data (somatic mutations, 
copy number alterations, mRNA/miRNA expression, methylation, protein abundance) 
and datasets from large-scale projects like TCGA and ICGC. Its key advantage lies in 
enabling multi-dimensional visual analysis (e.g., oncoprints, survival curves) of GI 
cancer cohorts (colon adenocarcinoma, stomach adenocarcinoma) without requiring 
advanced technical skills.

The International Cancer Genome Consortium (ICGC, https://icgc.org/) database [16] 
aims to catalog genomic abnormalities across global cancer types and subtypes, hous-
ing 86 projects with approximately 25,000 cancer genomes and providing tools for data 
visualization, querying, and downloading. Notably, its original Data Portal was retired in 
June 2024, and researchers should now use its successor, ICGC ARGO ​(​​​h​t​t​p​s​:​/​/​i​c​g​c​a​r​g​o​.​
o​r​g​/​​​​​)​, for ongoing GI cancer cohort data collection.

The University of Alabama at Birmingham Cancer data analysis Portal (UALCAN, 
http://ualcan.path.uab.edu/index.html) [11] is an intuitive, interactive resource focused 
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on cancer omics data analysis. It helps researchers explore gene/target-related informa-
tion, supports clinical proteomic data analysis (total/phosphorylated proteins) and gene-
protein expression analysis in pediatric brain tumors, and serves as a practical tool for 
deepening the understanding of gene expression patterns in GI cancer.

2.2  Cancer genome databases

Cancer genome databases focus on genomic alterations and their clinical implications. 
The Clinical Genomic Database (CGD, http://research.nhgri.nih.gov/CGD/) [17], a 
manually curated online disease database established in 2013, centers on conditions with 
known genetic causes and prioritizes medically relevant genetic data linked to available 
interventions (including prevention, surveillance, medical, or surgical treatments). It 
has seen a 79% increase in the number of clinically organized genes by affected organ 
system, and currently features 623 manifestation-related genes and 174 intervention-
related genes in the gastrointestinal category, with continuous maintenance and updates 
to ensure data timeliness. By contrast, the Cancer Hotspots database ​(​​​h​t​t​p​s​:​/​/​w​w​w​.​c​a​n​
c​e​r​h​o​t​s​p​o​t​s​.​o​r​g​/​#​/​h​o​m​e​)​​​​ [18, 19] specializes in statistically significant recurrent ​m​u​t​a​t​i​
o​n​s identified from large-scale cancer genomics data, currently documenting mutation 
hotspots for single residues and in-frame indels derived from 24,592 tumor samples. 
This focus makes it particularly valuable for elucidating cancer onset and progression 
mechanisms, as well as developing targeted treatment strategies for specific mutations. 
OncoKB™ (http://oncokb.org) [20, 21], a precision oncology knowledge repository, 
stands out for providing detailed biological and clinical annotations of cancer genomic 
alterations; its annotations are accessible via a public web portal and integrated into the 
cBioPortal for Cancer Genomics, serving as a practical tool for physicians and research-
ers to interpret genomic changes and guide precision medicine practices.

2.3  Cancer transcriptome databases

Cancer transcriptome databases focus on transcriptomic profiles and regulatory mech-
anisms. LncTarD 2.0 (http://bio-bigdata.hrbmu.edu.cn/LncTarD) [22], an upgraded 
version of the comprehensive lncRNA-focused resource, specializes in experimentally 
supported targeted regulation of key lncRNAs, their functional effects, and regula-
tory mechanisms in lncRNA-mediated diseases. Compared with its predecessor [23], 
it expands data coverage and adds practical new features including the prediction of 
potential diagnostic or therapeutic biomarkers for circulating tumor cells, integration of 
experimentally validated lncRNA-target interactions, and dedicated tools for RNA-seq/
microarray and single-cell analysis of lncRNA-target regulation in diseases, making it a 
valuable platform for exploring lncRNA functions and mechanisms in cancer pathogen-
esis and identifying novel biomarkers and therapeutic targets.

In contrast, Gene Expression Profiling Interactive Analysis (GEPIA, ​h​t​t​p​:​/​/​g​e​p​i​a​.​c​a​n​c​
e​r​-​p​k​u​.​c​n​/​i​n​d​e​x​.​h​t​m​l​)​​​​ [24] is a user-friendly online bioinformatics tool that aggregates 
RNA sequencing data from 9,736 tumor tissues and 8,587 normal tissues sourced from 
TCGA and GTEx databases. It offers a suite of core functions including gene expression 
analysis, gene correlation analysis, survival analysis, and dimension reduction analysis, 
and allows users to upload custom datasets for differential analysis against TCGA/GTEx 
cancer or normal data. It eliminates the need for programming expertise, thus serving 
as an accessible resource for cancer gene expression research. Its standalone extension 
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GEPIA2021 (http://gepia2021.cancer-pku.cn/) [25], launched in 2021, further enables 
multiple interactive analyses based on deconvolution results to meet more advanced 
research needs.

GEPIA3 (https://gepia3.bioinfoliu.com/) [26] is the latest upgraded iteration of the 
GEPIA series, which further expands the platform's analytical capabilities based on 
the foundation of GEPIA and GEPIA2021, focusing on pan-cancer multi-omics analy-
sis. It adds three innovative functional modules. first is a comprehensive drug sensitiv-
ity analysis module that integrates TCGA patient-derived data with cell-line screening 
data for more than 1,000 therapeutic agents, realizing the association analysis between 
gene expression and drug response; second is an advanced interaction analysis module, 
which supports the analysis of gene/protein interactions and regulatory networks across 
multiple cancer types; third is an RNA alterations analysis module, which incorporates 
allele-specific expression, alternative promoters and RNA fusions data based on the Pan-
Cancer Analysis of Whole Genomes (PCAWG) project. These updates make GEPIA3 a 
more effective and comprehensive platform, which can help researchers mine large-scale 
genomic datasets to explore cancer mechanisms, screen therapeutic targets and develop 
precision medicine strategies.

2.4  Cancer DNA methylation databases

Cancer DNA methylation databases focus on epigenetic modifications of DNA and their 
relevance to cancer pathogenesis. This study mainly introduces two upgraded platforms 
that differ in data scope and functional design for targeted research. DiseaseMeth ver-
sion 3.0 (http://diseasemeth.edbc.org/) [27], an iteration of the human disease ​m​e​t​h​y​l​
a​t​i​o​n database following its initial [28] and 2.0 versions [29], expands the coverage of 
diseases and samples while providing a more comprehensive catalog of disease-related 
genetic associations. Compared with its earlier versions, it also enhances differential 
analysis tools and develops new web-based functions for functional annotation, clus-
ter analysis, and survival analysis, making it a practical resource for mining methylation 
data and exploring the molecular mechanisms of human diseases including GI cancer. 
By contrast, MethHC 2.0 (​h​t​t​p​s​:​​/​/​a​w​i​​.​c​u​h​k​.​​e​d​u​.​​c​n​/​~​M​e​t​h​H​C​/​m​e​t​h​h​c​_​2​0​2​0​/​p​h​p​/​i​n​d​e​x​
.​p​h​p​) [30, 31], the updated version of the comprehensive methylation-focused database, 
specializes in systematically integrating DNA methylation data with mRNA/miRNA 
expression profiles in human cancers (with a particular focus on GI cancer). It aggre-
gates multi-omics data from multiple public sources, including DNA methylomes and 
transcriptomes spanning 33 human cancers, over 50,118 microarray and RNA sequenc-
ing datasets from TCGA and GEO, as well as 3,586 manually curated entries and experi-
mental evidence extracted from more than 7,000 published studies. It further improves 
data annotation standards and optimizes its user-friendly web interface to facilitate effi-
cient data query, visualization, and representation, thereby supporting in-depth explora-
tion of the correlations between DNA methylation and gene expression in cancer.

2.5  Cancer proteome databases

Cancer proteome databases focus on protein expression profiles, proteogenomic cor-
relations, and their implications for cancer research. The Clinical Proteomic Tumor 
Analysis Consortium (CPTAC) [32] is a large-scale collaborative project dedicated to 
advancing the understanding of cancer’s molecular basis through integrated proteomic 

http://gepia2021.cancer-pku.cn/)
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and genomic analyses. Coordinated by its Alliance’s three specialized centers (Proteome 
Characterization, Proteome Translational Research, Proteome Data Analysis), CPTAC 
generates and publicly shares multi-dimensional data (genomic, proteomic, imaging 
data), along with associated tests and reagents to accelerate cancer research and clinical 
translation. It has provided genomic data from over 1,500 cancer patients to the GDC 
platform, with its proteomic datasets accessible via the CPTAC Data Portal and Pro-
teomic Data Commons (PDC).

The Pan-Cancer Proteome Atlas (TPCPA) [33] is a mass spectrometry-based pan-can-
cer proteome database, built based on data-independent acquisition mass spectrometry 
technology. Its core value lies in breaking the limitation of single cancer type research 
in most current cancer proteomics studies. It contains 9,670 proteins derived from 999 
primary tumors covering 22 cancer types and provides a dedicated web resource ​(​​​h​t​t​p​:​/​/​
r​2​p​l​a​t​f​o​r​m​.​c​o​m​/​T​P​C​P​A​/​​​​​) for data query. Compared with CPTAC, TPCPA focuses more 
on the analysis of pan-cancer and cancer-specific protein expression characteristics: it 
identifies pan-cancer and cancer type-enriched proteins with extensive external annota-
tions, screens for candidate drug targets and biomarkers, such as E3-ubiquitin ligases 
(HERC5 in esophageal cancer, RNF5 in liver cancer) that can be used for proteolysis-
targeting chimeras, and 13 co-expression modules with hub proteins (GFPT1, LRPPRC, 
PINK1, DOCK2, PTPN6) as potential drug targets; it also identifies protein markers for 
RNA-based consensus molecular subtypes and two immune subtypes with prognostic 
value in colorectal cancer, and constructs a cancer type classifier for identifying cancers 
of unknown primary origin.

2.6  Cancer metabolome databases

Cancer Metabolic Biomarker Database (CMBD) [34] is a curated repository focused on 
tumor metabolism, compiling cancer metabolic biomarkers identified from PubMed lit-
eratures. To date, it includes 438 carefully curated relationships linking 282 biomark-
ers to 76 cancer subtypes across 18 tissues, including those related to GI cancer. Users 
can find extensive information on metabolic biomarkers associated with cancer, along 
with references, clinical samples, and their interconnections within the database. CMBD 
serves as a valuable resource for advancing the study of cancer's metabolic pathways and 
is accessible at http://www.sysbio.org.cn/CMBD/.

2.7  Cancer-related gene databases

DriverDBv4 (http://driverdb.bioinfomics.org/) [35], the fourth iteration of the DriverDB 
series of tumor-related gene databases, builds on the unique value of its earlier versions 
while expanding its capabilities to support more comprehensive cancer driver gene 
research, with clear differences in data scale and functional focus across each update. 
The original DriverDB [36] focused on driver gene/mutation identification, housing 
6,079 exceptional exome-sequence datasets, annotation resources, and published bio-
informatics algorithms, and providing "cancer" and "gene" dual perspectives to visual-
ize the links between cancer and driver genes/mutations. DriverDBv2 [37] expanded the 
dataset scale to over 9,500 cancer-associated RNA-seq datasets and over 7,000 exome-
seq datasets, adding seven new computational algorithms for driver gene identification, 
as well as "expression" and "hot spots" functions in the "Genes" section. DriverDBv3 [38] 
shifted to emphasize concise data visualization for interpreting complex cancer omics 

http://r2platform.com/TPCPA/
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http://driverdb.bioinfomics.org/)
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information, integrating computational tools to define CNV and methylation drivers, 
and adding four new functions (CNV, methylation, survival, and miRNA). DriverDBv4 
represents the most comprehensive upgrade, increasing the number of cancer cohorts 
from 33 to 70 (covering approximately 24,000 samples), integrating proteomic data to 
expand the scope of omics analysis, adding multiple multi-omics algorithms for can-
cer driver identification, optimizing visualizations to summarize high-volume data, 
redesigning sections to accommodate larger datasets, and adding two custom analy-
sis features for multi-omics driver identification and subgroup representation analy-
sis. Compared to its earlier versions, DriverDBv4 is able to support the comprehensive 
interpretation of multi-omics data across different cancer types, helping to deepen the 
understanding of cancer heterogeneity and support the development of personalized 
clinical strategies.

2.8  Cancer and drug databases

Cancer and drug databases focus on the correlation between tumor molecular charac-
teristics and drug response. The Genomics of Drug Sensitivity in Cancer (GDSC) data-
base (www.cancerRxgene.org) [39], developed by the UK Sanger Institute, is currently 
the largest public resource for tumor cell drug sensitivity data, and its core value lies 
in collecting data on the sensitivity and response of tumor cells to drugs. Updated to 
version 8.5 in October 2023, it added 187 drugs and over 160,000 new unique drug cell 
line pairs (a 70% increase from the previous version), now containing two main datasets 
(GDSC1 and the updated GDSC2 from improved Sanger Institute screening), covering 
the effects of 621 anti-cancer compounds in more than 1,000 cancer cell lines across 24 
pathways. Its unique advantage is providing IC50 values for drug sensitivity, which has 
been applied to develop machine learning models for predicting cetuximab response in 
GI cancer [40]; while it overlaps with the Cancer Cell Line Encyclopedia (CCLE) in data 
content, GDSC focuses more specifically on drug sensitivity assays, and its core goal is to 
identify potential cancer therapeutic targets.

ClinicalOmicsDB (http://trials.linkedomics.org/) [41] differs from GDSC in that it 
focuses on clinical trial data rather than tumor cell line data. It is built to explore the 
molecular related to cancer drug responses in clinical settings, housing transcrip-
tomic data from 40 studies covering 11 cancer types (including esophageal cancer 
NCT03087864 and gastric cancer NCT02589496), with 67 treatment groups covering 
chemotherapy, targeted therapy, immunotherapy and their combinations. It allows users 
to explore drug response-related molecular associations through three entry points 
(studies, treatments, or genes), and connects therapeutic responses with pathway activ-
ity and tumor microenvironment characteristics via gene-set analysis, making it more 
oriented to the translation of preclinical findings to clinical trial scenarios.

3  Specific databases
3.1  Chinese cancer genomic database-esophageal squamous cell carcinoma

The Chinese Cancer Genomic Database-Esophageal Squamous Cell Carcinoma (CCGD-
ESCC) [42] is a database that integrates multiple types of genetic association data for 
esophageal squamous-cell carcinoma (ESCC) in the Chinese population, including 
genome-wide association studies on ESCC susceptibility in 2,022 ESCC cases and 2,039 
normal controls, genome-wide association studies on survival in 1006 ESCC patients, 

http://www.cancerRxgene.org
http://trials.linkedomics.org/)
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association studies on genetic variation and gene expression in tumor tissues and paired 
normal tissues of 94 ESCC patients, and association studies on somatic variation and 
survival in 675 ESCC patients. This database provides important data resources for 
genetic and genomic research on ESCC and is freely available at ​h​t​t​p​:​/​/​e​s​c​c​d​b​.​g​a​o​-​l​a​b​.​
o​r​g​/​​​​​.​​

3.2  Pancreatic expression database and pancreas genome phenome atlas

Pancreatic Expression Database (PED) [43] and its upgraded iteration Pancreas Genome 
Phenome Atlas (PGPA) [44] are both dedicated pancreatic disease research resources, 
with clear differences in positioning and functional focus. PED ​(​​​h​t​t​p​:​/​/​w​w​w​.​p​a​n​c​r​e​a​s​e​
x​p​r​e​s​s​i​o​n​.​o​r​g​​​​​) is a network-based system that has developed into the primary reposi-
tory for pancreatic-derived omics data, integrating transcriptomic, proteomic, genomic, 
and miRNA profiles from various pancreas-centric specimens and experimental types. 
It also functions as a multi-omics data integration and analysis platform, combining a 
new analytical module with literature mining capabilities, and drawing on data from 
major public databases (GEO, ArrayExpress) and international projects (TCGA, GENIE, 
CCLE) to support research tasks including humoral biomarker target discovery, cancer 
progression-related gene analysis, and cross-platform meta-analysis.

PGPA, the renamed and updated 2025 version of PED, transforms the resource into a 
centralized, user-friendly portal focused on clinical and molecular data integration for 
pancreatic diseases. Unlike PED's broader focus on omics data mining, PGPA is pow-
ered by SNPNexus (a tool for genetic variation functional annotation) to reduce the 
analytical burden of large-scale genomic datasets and identify clinically relevant patient 
variants, and it is closely linked to the UK's national Pancreatic Cancer Research Fund 
Tissue Bank (PCRFTB) — the only national pancreas tissue bank collecting and storing 
samples from pancreatic disease patients, their first-degree relatives, and healthy volun-
teers. PGPA's Analytics Hub has been updated to allow researchers to access and mine 
both PCRFTB-linked published research data, and large-scale public pancreas-derived 
datasets, with open, free access (no login required) to support pre-specimen exploration 
and new discoveries in pancreatic disease research.

3.3  CancerLivER

The Liver Cancer Expression Resource [45] (CancerLivER, ​h​t​t​p​s​:​​/​/​w​e​b​​s​.​i​i​i​t​​d​.​e​d​​u​.​i​n​/​​r​
a​g​h​a​​v​a​/​c​a​n​​c​e​r​l​​i​v​e​r​/) is a database that compiles datasets on liver cancer gene ​e​x​p​r​e​s​s​
i​o​n as well as potential biomarkers defined in the literature. Each combined dataset is 
manually collated and processed using a standardized and uniform pipeline. It contains 
comprehensive information on 594 biomarkers for liver cancer and is an interactive web 
platform for searching, browsing and analysis. In addition, the team that developed this 
database also developed portals such as HCCpred [46] and CancerLSP [47]. HCCpred 
is a web-bench for predicting non-tumorous and Hepatocellular Carcinoma (HCC) 
patients based on gene expression profiles. CancerLSP is a web-bench liver cancer stage 
prediction server based on transcriptomics and epigenomics data.

3.4  Gastric cancer gene database

The Gastric Cancer Gene database [48] (GCGene) is a literature-based genetic resource 
database designed to assess the priority of genes by their gastric cancer-related 

http://esccdb.gao-lab.org/
http://esccdb.gao-lab.org/
http://www.pancreasexpression.org
http://www.pancreasexpression.org
https://webs.iiitd.edu.in/raghava/cancerliver/
https://webs.iiitd.edu.in/raghava/cancerliver/
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importance and to identify common and unique cellular events at different cancer 
stages. The database includes 1,815 unique human genes, including 1678 protein-cod-
ing genes and 137 non-coding genes, based on an extensive analysis of 3,142 PubMed 
abstracts. GCGene is available at http://gcgene.bioinfo-minzhao.org/.

3.5  Gastrointestinal cancer database

Gastrointestinal cancer database [49] (GIDB) is a panoramic knowledge database that 
uses natural language processing methods and multidimensional analysis to automate 
the management of molecular features. It provides a comprehensive view of approxi-
mately 8,700 molecular features mined from over 130,000 texts and 1800 samples, and 
provides a historical timeline of genes, cancer drug information, as well as molecular-
level changes and their impact on prognosis. It features a user-friendly interface and two 
customizable online tools (heatmaps and networks) for researchers to explore the data 
effectively. GIDB can be accessed at http://bmtongji.cn/GIDB/index.html.

4  Application of gastrointestinal cancer databases
The application of GI cancer databases is particularly important in modern medical 
research and clinical practice. These databases provide large-scale data support by inte-
grating clinical, pathological, and genomic data from large numbers of patients, help-
ing researchers conduct in-depth, multi-center studies. This data consolidation not only 
increases sample sizes and enhances the reliability of statistical analysis, but also facili-
tates data sharing and drives global collaboration and discovery.

4.1  Early detection of cancer

An important application of GI cancer databases is to facilitate the early detection of 
cancer. By analyzing risk factors, clinical manifestations, and omics data from different 
populations, researchers can build early screening models, identify high-risk groups, 
and develop corresponding screening procedures [50]. Previous studies have shown 
that based on GI cancer transcriptome data from TCGA, machine learning was used to 
establish an early cancer diagnosis model and discover new biomarkers [8]. Such early 
intervention can significantly improve cancer cure rates and reduce mortality caused by 
late detection. Additionally, these databases can also be used to develop novel screening 
tools, such as biomarkers based on blood or stool tests [51–53]. For example, Cai et al. 
[54] constructed a non-invasive early diagnosis model for gastric cancer based on the 
TCGA database and multi-center clinical samples.

4.2  Identification of prognostic/predictive biomarkers

GI cancer databases can help researchers identify prognostic biomarkers by integrat-
ing clinical data, genomic information, and pathological results from large numbers of 
patients [55–57]. These markers can predict a patient's survival, disease progression, 
and response to specific treatments. For example, using data from COSMIC, TCGA, 
GEPIA, cBioPortal, and UALCAN data, researchers identified TPM4 (tropomyosin 4) 
gene mutations as predictors of gastric cancer aggressiveness and metastasis [58]. Pre-
vious studies have shown that comprehensive analysis of ING family genes was con-
ducted using various databases (GEPIA, TCGA, cBioPortal, et al.) to reveal the clinical 
and biological value of ING family genes in liver cancer [59]. Based on multi-omics data 

http://gcgene.bioinfo-minzhao.org/
http://bmtongji.cn/GIDB/index.html
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from public databases such as TCGA, Jin et al. [60] developed a gastric cancer prog-
nosis model combined with deep learning, obtaining prognostic features with high 
predictive value and screening out potential sensitive therapeutic drugs. Tao et al. [61] 
integrated multi-omics liquid biopsy data and public database resources to systemati-
cally explore common molecular markers of GI cancer. Researchers first constructed 
non-invasive molecular profiles based on 161 clinical plasma samples (including patients 
with colorectal cancer, gastric adenocarcinoma, and healthy controls) through multi-
omics sequencing of cell-free DNA (cfDNA) and cell-free RNA (cfRNA). Subsequently, 
the association between key molecular features and patient survival outcomes was inde-
pendently verified using 1,006 GI cancer tissue samples (including colon cancer, rectal 
cancer, and gastric adenocarcinoma) from the TCGA database. Additionally, by analyz-
ing 38 core cancer-related genes included in the COSMIC database, researchers found 
that 9 genes, including CUX1, SMAD2, QKI, and TP53, showed abnormal changes at the 
cfDNA or cfRNA level in the plasma of more than 75% of patients with GI cancer. These 
results suggested that these genes have the potential to serve as common liquid biopsy 
markers for GI cancer. This strategy effectively integrates real-world liquid biopsy data 
with authoritative public genomic resources, providing a new path for identifying shared 
molecular features across cancer types. These markers can not only provide a basis for 
individualized treatment, but also help doctors assess patients' prognosis at the early 
stage of treatment, so as to formulate more rational treatment plans.

4.3  Treatment decisions and prognosis, monitoring treatment resistance

By analyzing patients treatment responses and follow-up data from relevant databases, 
physicians are better able to make treatment decisions and select the most effective 
treatment options [62]. In addition, these databases can help identify early signs of treat-
ment resistance, such as changes in tumor biomarkers [63], allowing treatment strate-
gies to be adjusted in a timely manner. This dynamic monitoring not only improves the 
success rate of treatment, but also reduces patients’ side effects and enhances the overall 
therapeutic effect.

4.4  Monitoring recurrence/minimal residual disease

GI cancer databases can provide important support for monitoring cancer recurrence 
and minimal residual disease (MRD). For example, plasma cfDNA and cfRNA data 
from the cfOmics database [64] can help to study the biological characteristics of MRD, 
advance understanding of its formation mechanisms, and provide a theoretical basis for 
future treatment strategies. Through accurate monitoring, patients can improve their 
quality of life and prolong their survival time.

4.5  Case study: biomarker discovery pipeline for HCC

A representative workflow for hepatocellular carcinoma (HCC) research involving the 
SIGLEC gene family integrates multiple bioinformatics databases and tools [65]:

(1)	Identify the differential expression of SIGLEC family genes between HCC and normal 
tissues using GEPIA [24] (based on TCGA and GTEx data) and validate at the protein 
level via the Human Protein Atlas (HPA) [66];

(2)	Analyze correlations between SIGLEC expression and tumor stage/grade using 
UALCAN [67];
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(3)	Perform functional enrichment analysis of SIGLEC-related genes through WebGestalt 
[68] and cross-validate with Metascape [69] integrated with DisGeNET [70] for 
disease associations;

(4)	Investigate tumor immune microenvironment interactions by evaluating correlations 
between SIGLEC expression and immune cell infiltration (CD4⁺ T cells, CD8⁺ T cells, 
B cells) as well as immune checkpoint molecules (PD-1, PD-L1, CTLA4) using TIMER 
[71];

(5)	Assess genomic alterations (mutations, copy number variations, mRNA dysregulation) 
and the survival impact of SIGLEC genes in HCC via cBioPortal [10] and Kaplan–
Meier Plotter [72] (using TCGA, GEO, and EGA datasets).

This integrated pipeline identifies specific SIGLEC family members as potential prog-
nostic biomarkers and regulators of the immune microenvironment in HCC. The data-
bases and tools used can be adapted based on target genes or research objectives.

5  Challenges and future perspectives
The construction of GI cancer databases is an important part of cancer research. The 
progress and development in cancer omics and related technologies have facilitated the 
convergence of scientific research and clinical applications, creating publicly accessible 
repositories of GI cancer data and analytical tools. Cancer omics databases from TCGA, 
ICGC ARGO, COSMIC, and others are being used to develop new drug targets and 
diagnostic/prognostic biomarkers [8, 63].

5.1  Gastrointestinal cancer-specific challenges

5.1.1  Disease-specific heterogeneity

GI cancer encompasses diverse subtypes (colorectal, gastric, liver, pancreatic, esopha-
geal) with distinct molecular profiles, posing challenges for database standardization. 
For example, colorectal cancer has high microsatellite instability (MSI) rates [73], while 
pancreatic cancer is characterized by KRAS mutations and dense stroma [74]. Databases 
often lack subtype-specific curation, limiting their utility for rare subtypes (e.g., signet 
ring cell carcinoma). Additionally, liver cancer has distinct etiologies (viral vs. non-viral), 
requiring stratified data collection that most databases currently lack.

5.1.2  Database limitations

Current databases for GI cancer research are confronted with multiple limitations. On 
the one hand, many GI cancer-specific databases such as GCGene [48] have not been 
updated since 2019, resulting in outdated information, and their coverage is uneven, 
with more resources allocated to colorectal and liver cancer while cholangiocarcinoma 
and esophageal cancer receive relatively fewer resources. On the other hand, although 
general databases contain subsets of gastrointestinal cancer data, they are deficient in 
GI-specific annotations, such as the interactions between the gut microbiome and can-
cer, and the inconsistencies of data (e.g., in mutation calling pipelines) across different 
databases further impedes cross-database integration. Additionally, some databases 
(e.g., the Oncomine database [75]) are plagued by operational difficulties such as fund-
ing shortages, which eventually lead to restricted access or even complete termination of 
operations.
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5.1.3  Technical and ethical challenges

GI cancer research also faces notable technical and ethical challenges. In terms of data 
integration, the heterogeneous nature of related data (encompassing omics, clinical, 
and microbiome data) calls for sophisticated normalization and integration strategies, 
which are absent from most existing databases. Regarding privacy protection, GI can-
cer datasets usually contain sensitive information such as family history of Lynch syn-
drome, thus requiring the establishment of sound privacy protection frameworks, yet 
current approaches like the EGA’s authorization system [13] are overly cumbersome and 
have become an obstacle to efficient data sharing. As for artificial intelligence (AI) and 
machine learning (ML) integration, although AI/ML technologies show great poten-
tial for in-depth data mining, their application is hindered by multiple factors, includ-
ing small sample sizes for rare cancer subtypes, the scarcity of labeled clinical data, and 
algorithm bias toward populations with adequate representation.

5.1.4  Data governance and FAIR compliance

Many databases lack adherence to the FAIR (Findable, Accessible, Interoperable, Reus-
able) principles. For example, inconsistent metadata schemas prevent interoperability 
between CCGD-ESCC and global databases. Application programming interfaces (APIs) 
are rarely standardized, limiting programmatic access for large-scale analysis. Addition-
ally, data provenance is poorly documented, making it difficult to assess data quality.

5.2  Future directions

5.2.1  Technical innovations

In response to the aforementioned challenges, targeted technical innovations are pro-
posed to advance GI cancer data research and application. For AI/ML integration, it is 
critical to develop AI-driven tools dedicated to GI cancer data mining—such as deep 
learning models that leverage GDSC and TCGA data to predict drug sensitivity [76], and 
natural language processing algorithms that extract biomarkers from unstructured clini-
cal notes in GIDB [49]—while integrating explainable AI to strengthen the credibility of 
algorithmic predictions for clinical translation. In terms of privacy-preserving data shar-
ing, blockchain technology can be implemented to enable encrypted access to sensitive 
gastrointestinal cancer data (e.g., germline mutations) while ensuring full data traceabil-
ity. Regarding multi-omics integration, the development of specialized databases that 
fuse omics data with gut microbiome, metabolome, and imaging data is recommended.

5.2.2  Database development

To address the limitations of existing resources, targeted strategies for database develop-
ment are put forward. First, establish subtype-specific databases that focus on rare GI 
cancer subtypes (e.g., neuroendocrine tumors) as well as etiological subgroups (e.g., viral 
hepatitis-related liver cancer) to fill the gap of uneven data coverage. Second, imple-
ment automated data pipelines to achieve dynamic and real-time database updates—
for instance, integrating newly generated TCGA or ICGC ARGO data on a quarterly 
basis—and set up a warning mechanism for inactive databases while providing corre-
sponding alternative resources. Finally, adhere to the FAIR principles by adopting stan-
dardized metadata schemas (e.g., The Global Alliance for Genomics and Health [77]) 
and interoperable APIs to facilitate cross-database analysis, and develop a specialized 
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gastrointestinal cancer data portal that aggregates all FAIR-compliant databases for cen-
tralized access and utilization.

5.2.3  Collaboration and governance

Effective collaboration and standardized governance frameworks are essential to sustain 
the advancement of GI cancer data research. First, it is necessary to form global consor-
tia to unify the standards for GI cancer data collection—for example, harmonizing the 
Chinese population data in CCGD-ESCC with mainstream global datasets—and pro-
mote federated analysis strategies to circumvent the risks and limitations of data central-
ization. Second, multi-party stakeholder engagement should be integrated into database 
design processes, with clinicians, patients, and data scientists participating jointly to 
ensure the clinical relevance of database functions, such as incorporating patient input 
to prioritize quality of life endpoints in survival data statistics. Finally, targeted training 
and capacity building programs need to be launched, focusing on equipping researchers 
with the skills for database utilization and AI/ML tool operation, especially for those 
working in low-resource regions that bear a high burden of GI cancer.

5.2.4  Translational impact

The above technical and database optimization strategies are ultimately aimed at 
enhancing the translational impact of GI cancer research on clinical practice and drug 
development. On the clinical application front, databases can be integrated into rou-
tine clinical workflows, such as developing a point-of-care tool that leverages ResMark-
erDB and GDSC data to deliver personalized treatment recommendations for GI cancer 
patients. In terms of drug repurposing, cross-database analyses combining resources like 
GDSC and ClinicalOmicsDB can be conducted to identify potential repurposable drugs 
for GI cancer, with a notable example being the exploration of metformin for treating 
KRAS-mutant metastatic colorectal cancer [78]. Additionally, integrating real-world 
evidence derived from electronic health records into dedicated databases enables the 
validation of clinical trial findings across more diverse GI cancer patient populations, 
thereby improving the external validity of research outcomes.

6  Conclusion
In conclusion, we introduced several representative GI cancer databases, but due to 
scope limitations, many other useful resources and tools were not included in the arti-
cle. These databases can be divided into two categories: General Databases and Specific 
Databases. This study aims to improve diagnosis, optimize treatment strategies, and 
effectively prevent cancer by enhancing the understanding of the GI cancer databases. 
Meanwhile, we discussed the challenges faced in the construction of GI cancer databases 
and future research directions. We hope that such an introduction can raise awareness 
and promote the full and effective utilization of these data resources, thereby improving 
the management of patients with GI cancer.
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