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The incidence of early-onset colorectal cancer (EOCRC) has increased significantly worldwide. Uncovering
biomarkers that are unique to EOCRC is of great importance to facilitate the prevention and detection of this
growing cancer subtype. Although efforts have been made in the data curation about CRC, there is no integrated
platform that gives access to data specifically related to young CRC patients. Here, we constructed a user-friendly
open integrated resource called CRCDB (URL: http://credb-hust.com) which contains multi-omics data of 785
EOCRC, 4898 late-onset CRCs (LOCRC), and 1110 normal control samples from tissue, whole blood, platelets,
and serum exosomes. CRCDB manages the differential analysis, survival analysis, co-expression analysis, and
immune cell infiltration comparison analysis results in different CRC groups. Meta-analysis results were also
provided for users for further data interpretation. Using the resource in CRCDB, we identified that genes asso-
ciated with the metabolic process were less expressed in EOCRC patients, while up regulated genes most asso-
ciated with the mitosis process might play an important role in the molecular pathogenesis of LOCRC. Survival-
related genes were most enriched in oxidoreduction pathways in EOCRC while in immune-related pathways in
LOCRC. With all the data gathered and processed, we anticipate that CRCDB could be a practical data mining
platform to help explore potential applications of omics data and develop effective prevention and therapeutic
strategies for the specific group of CRC patients.

1. Introduction among young adults [3], uncovering biomarkers unique to EOCRC is of

great importance to facilitate the prevention and detection of this

Colorectal cancer (CRC) is the third most common malignancy and
the second leading cause of cancer-related death worldwide [1].
Although CRC is previously considered a disease primarily affecting
older individuals, there has been a global increase in early-onset CRC
(EOCRC) patients, defined as patients under 50 years old, over the past
few decades [2]. Given that more than 86 % of EOCRC are diagnosed at
later stages with worse outcomes which causes a large burden of disease

growing cancer subtype.

With more researches focusing on EOCRGC, it has been revealed that
EOCRC exhibits distinct molecular characteristics compared to late-
onset CRC (LOCRC; age >= 50 years old). For instance, EOCRC pa-
tients were found to have higher rates of mutations in genes related to
cancer-predisposing syndromes, such as MSH2 and MSH6; the preva-
lence of MSI-high tumors was found to be twice higher in EOCRC
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compared to LOCRC [4,5]. Besides, EOCRC patients may have stronger
immune reactions and a lower prevalence of activation of WNT and MYC
signaling pathways and epithelial-mesenchymal transition compared to
CRC patients aged 50-69 years old [6,7]. Thus, the current identified
biomarkers or used disease prevention strategies for overall CRC might
not apply to EOCRC. As for disease treatment, since long-term treat-
ment-related complications should be considered, we need to find more
appropriate ways for these younger patients than traditional therapies
[8]. Therefore, further elucidating their characteristics, especially at the
molecular level, may provide important insights into the underlying
disease processes, which might ultimately help to develop effective
prevention, early detection, and therapeutic strategies for the specific
group of patients.

Until now, some efforts have been made in the data curation about
CRC [9,10] and several databases have been constructed. Colorectal
Cancer Atlas was established as a resource for the genomic and prote-
omic annotations identified in CRC tissues and cell lines [11]. CBD
collected 870 CRC biomarkers from articles in PubMed published from
1986 to 2017 and provided users with data for further statistics and
bioinformatics analyses [12]. These databases provide valuable infor-
mation for researchers; however, no integrated platform gives access to
data specifically related to EOCRC.
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In the current study, we carefully curated the public datasets from
four kinds of data resources (tissue, whole blood, platelets, and serum
exosomes) that cover 6793 clinical samples in EOCRC, LOCRC, and
normal samples to depict the differential omics landscapes of specific
groups of CRC patients. We visualized all the data and analysis results in
an open integrated platform CRCDB (http://crcdb-hust.com). Users can
compare the gene expression, methylation level, copy number variation
(CNV), and immune infiltration status in different groups of CRC pa-
tients and explore the survival outcome-related genes in four kinds of
data resources. We believe that CRCDB will serve as a useful platform for
the understanding of tumor progression and may have further practical
value in CRC clinical treatment.

2. Materials and methods
2.1. Data extraction and preprocessing

TCGA CRC data was downloaded from UCSC Xena (https://xena.
ucsc.edu/) and other datasets were downloaded from the GEO data-
base (https://www.ncbi.nlm.nih.gov/geo/)(Table S1). For the GEO
database, we only obtained the datasets with age information and with
sample size > 20 (EOCRC > 3). All the samples were divided into
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Fig. 1. The work flowchart of the data collection and process of the platform. All the datasets were downloaded from the GEO or TCGA database. Samples are divided
into three different age groups: EOCRC group, LOCRC group, and CA group composed of both EOCRC and LOCRC. The datasets include mRNA, IncRNA, and miRNA
expression data, methylation data, and copy number variation data. Data were extracted from CRC tissue, whole blood, platelets, or serum exosomes. CRCCP presents
the differential analysis, survival analysis, co-expression analysis, immune cell fraction comparison analysis, and meta-analysis results.
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different age groups: EOCRC group, LOCRC group, or groups with both
EOCRC and LOCRC patients which called CA group in this study. We
downloaded the series matrix files from the GEO database. The datasets
include mRNA, IncRNA, miRNA, methylation data, or CNV data. Data
was extracted from tissue, whole blood, platelets, or serum exosomes
from CRC patients and the healthy control samples. Gene expression was
log-transformed when needed. The flowchart of the data processing
procedure and overall design of CRCDB is shown in Fig. 1. Detailed in-
formation on all the datasets included in this platform can be found on
the ‘Help’ page online.

2.2. Identification of differentially expressed genes and methylated probes

We regrouped the CRC patients as well as the normal control samples
according to age and identified the differentially expressed genes be-
tween CRC patients and the normal controls in different groups,
respectively. Genes with very low expression (average expression < 0.1)
were removed; Student’s t-test and “limma” package in R studio were
used for the differential analysis and paired t-test was conducted when
there was matched normal tissue. For methylation data, we used DMP in
the R package “ChAMP” to identify the differentially methylated probes.

2.3. Survival analysis

For datasets with survival information, we calculated the association
between gene expression and cancer outcome. Genes were divided into
two groups according to the median value and log-rank analysis was
used for the prognostic analysis. The cancer outcomes include OS
(overall survival), DFS (disease free survival), DSS (disease specific
survival), DFI (disease free interval), PFS (progression free survival), PFI
(progression free interval), and RFS (recover free interval).

2.4. Correlation and network analysis

We used Pearson analysis to obtain the correlation value r and P-
value between the selected two genes of a certain group of CRC patients.
R packages “Hmisc” and “igraph” were used for the network calculation
and graph presentation, respectively. The network chart was based on
the related genes with P-value < 0.05.

2.5. Integration analysis

The robust rank aggregation algorithm (RRA) was used to integrate
the results of differential analysis in an unbiased manner [13]. The ag-
gregation rank score represents the integrated rank from the
meta-analysis of the fold-changes in different studies. Meta-analysis was
also calculated for the prognostic analysis by using “metagen” in the R
package “meta”.

2.6. Immune cell fraction analysis

For the tissue-originated gene expression data, we used CIBERSORT
[14] coupled with LM22, which contains 547 genes that distinguish 22
human hematopoietic cell phenotypes to obtain the abundance of the 22
leukocyte subsets in each patient. Then we calculated the differences of
the proportion of 22 immune cell types between CRC and normal con-
trols in different age groups using Student’s t-test, respectively.

2.7. Identification of the differences between EOCRC and LOCRC using
partial data of CRCDB

We used Chi-square test or Fisher’s exact test to compare the clinical
or histological characteristics such as gender, disease stage, gene mu-
tation, or relapse status in EOCRC and LOCRC groups. The R package
“clusterProfiler” was then used for the GO enrichment analysis using the
RRA and meta-analysis results.
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2.8. Implementation

CRCDB was built using the NodeJS 8.10.0 (https://nodejs.org/en/)
framework. MongoDB 3.6.5 (https://www.mongodb.com/) was used as
the platform engine. The web interfaces were implemented in the
JavaScript library of ReactJS (https://reactjs.org/). The platform runs
on a Linux-based Nginx Web server and the CRCDB website is available
online (http://credb-hust.com) with no registration requirement.

3. Results
3.1. Summary of the platform

We filtered out 30 datasets from 472 datasets with age information
and enough samples for the database construction, which included 29
GEO datasets and the TCGA dataset. The data came from tissue, whole
blood, platelets, or serum exosomes with 14 datasets had normal control
samples, 9 datasets had paired normal tissue samples and 7 had the
prognosis information. There were in total 5683 cancer samples with
785 EOCRCs, 4898 LOCRCs, and 1110 normal controls. Three RNA types
(4916 IncRNAs, 19177 mRNAs, and 2402 miRNAs), methylation probes
(486710 cpg probes), and CNVs (29590 genes) were included in the
platform (Table S1).

3.2. Clinical characteristics of EOCRC and LOCRC

By comparing the clinical and histological features between the
LOCRC and EOCRC patients, we identified that there were more females
(P =0.008) and advanced stage patients (P = 0.001) in the EOCRC
group. The frequency of BRAF mutation was lower (P < 0.001) and the
frequency of PIK3CA mutation was higher (P = 0.005) in EOCRC. The
results also showed that the EOCRC patients more frequently had lymph
node involvement (P = 0.007) and liver and lung metastasis (P = 0.020)
than LOCRC patients did. We did not find any statistically significant
difference in BMI, microsatellite status, KRAS mutation, TP53 mutation,
lymphatic invasion, and relapse in EOCRC and LOCRC patients
(Table S2).

3.3. Module usage in CRCDB

On the Home page of CRCDB, when users click on the examples
presented at the bottom of the page, they will be led to the corre-
sponding data type module. Research paper related to LOCRC and
EOCRC were presented on the top right of the Home page.

In the “Data Type” module, we provide the basic gene information,
differential analysis, survival analysis, or co-expression analysis results
of each dataset of omics data. For example, in the mRNA&LncRNA sub-
module, after choosing the “EO” option of CRC group, filling in the gene
name of “SLC35D1”, and choosing the data source of “tissue”, the plat-
form presented the gene information, the differential analysis results,
and survival analysis results of the gene. When choosing “limma”
analysis, the results showed that this gene was down-regulated in all the
EOCRC datasets (Fig. 2a-c). In addition, when clicking the gene name
presented in the gene information table, users can be linked to: 1) the
DrugBank database, which shows the target drugs of SLC35D1; 2) the
miRTarBase database, which provides the miRNAs related to SLC35D1
and users could search for the miRNAs’ expression in the miRNA mod-
ule; 3) the methylation probes related to SLC35D1 in CRCDB, users could
identify whether there were differentially methylated probes in the
gene; or 4) the copy number variation of SLC35D1 in each sample of the
selected CRC group in CRCDB (Fig. 2c). Also, users can explore the co-
expression and network analysis results between SLC35D1 and a set of
genes in the Co-expression part at the bottom of the page (Fig. 2d).
SLC35D1 was reported to be one of the key genes involved in UC-
associated CRC [15] and its function in EOCRC is worth exploring.
Here, we give another example for the survival analysis in the
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Fig. 2. Data type module of CRCDB. a. The basic information of the searched gene SLC35D1. b. Differential analysis results of tissue samples in EOCRC samples. c.
Genes can be linked to the DrugBank database, the miRTarBase database, the methylation and CNV modeule. The box plot shows the expression of SLC35D1 in each
dataset. d. The co-expression analysis results of SLC35D1. e. MS4A14 gene expression is associated with the overall survival outcome of EOCRC patients. d. Users can
take a view of the copy number variation of their interested gene(s) in each sample of the input dataset.
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mRNA&LncRNA sub-module. When we put “MS4A14” in the “Gene
name” box and chose the CRC groups and data source, the data showed
that MS4A14 was significantly associated with OS in EOCRC tissue in 3
of 5 datasets with P value < 0.05. By clicking on the KM plot, the sur-
vival curves could be shown and downloaded (Fig. 2e). MS4A14 was
identified to be associated with advanced stage and worse prognosis in
both clear-cell renal cell carcinoma and gastric cancer [16,17], the
function of MS4A 14 in EOCRC was unknown. For the CNV module, after
choosing the specific CRC group and dataset, and putting in gene name
(s), the platform provides scatter plots to show the variation of the gene
(s) in each sample of the selected dataset (Fig. 2f).

In the “Analysis” module, the RRA or meta-analysis results are pre-
sented. Users can compare the gene expression profiles in three CRC
groups in the “differential analysis” sub-module and the “survival
analysis” sub-module. The color levels of the heatmap show the meta-FC
or meta-HR values and the P values are presented in the boxes (Fig. 3a,
b). Besides, users can have an overview of the expression of 22 immune
cell fractions in the EOCRC, LOCRC, and overall CRC group of patients in
each dataset in the TME sub-module (Fig. 3c). Then CRCDB would
provide the differential analysis results of the cell infiltration between
tumor and normal tissue, and the results would be shown in both table
and bar chart form (Fig. 3d).

For the “Explore” module, in the Explore-Meta analysis part, users
could choose the datasets and genes of their interest and get the new
meta-analysis results in the heatmap format; and on the Explore-
differential analysis page, users could upload the transcriptome data
or the methylation data and do the differential analysis in combination
with the data in the CRCDB (Figs. 3e-3f).

3.4. Query on the “Download” and “Submission” page

We provide users with the analysis results on the download page. In
addition, we provided a submission interface to invite the community to
upload novel expression profiles derived from CRC samples with clinical
information, especially age information. Notably, users would be
required to offer the other basic information including names, email
addresses, and institution names, and please provide the information for
us to access the data in the “Message box”. More information about the
dataset is also welcomed.

3.5. Bioinformatic analysis using the database

After we did the differential analysis in the individual dataset, RRA
was used to integrate the results. There are some interesting observa-
tions. When considering the differentially expressed genes identified
using limma analysis followed by RRA in tissue samples, the most
differentially expressed genes (|[LogFC| > 2, P value < 0.05) in EOCRC
patients including up regulated genes of MMP7, CDH3, KRT23, CLDN1
[18-21], and down regulate genes of CD177, PCK1, and GUCA2A [22,
23], which were associated with immunity or proliferation, migration,
and invasion of the tumor. The GO enrichment analysis identified that
the most enriched pathways were the small molecule catabolic process,
lipid catabolic process, fatty acid metabolic process, and leukocyte
migration in EOCRC, which mainly consisted of down regulated genes
(Fig. 4a, Fig. Sla-S1b), suggesting inefficient metabolic prosses in
EOCRC. While in LOCRC, differentially expressed genes are mainly
enriched in pathways associated with the mitosis process. Those genes
were up regulated in LOCRC, such as BOP1, DKC1, and WDR43, illus-
trating a higher cell proliferative activity in LOCRC patients (Fig. 4b,
Fig. S1c-S1d). When we pooled the data together, which formed the
overall CRC group, the differentially expressed genes were similar to
LOCRC (Fig. 4c). These results informed us that general analysis of the
CRC patients might conceal the specific characteristics of EOCRC.

We did meta-analysis in different groups of patients integrating the
survival analysis results from individual dataset, which could also lead
to some inspiring results. Taking the OS related genes as an example, the
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GO analysis results showed that genes related to mitochondrial and
oxidoreductase function were identified to play an important role in
EOCRC. While in LOCRC, genes were most enriched in immune-related
pathways including immunoglobulin production, phagocytosis, antigen
receptor-mediated signaling pathway, regulation of B cell activation,
and the pathway of plasma membrane invagination as well. As for
overall CRC, genes were also enriched in the mitochondrial translation
pathway but mainly in the immune-related pathways (Fig. 5).

4. Discussion

CRCDB is the first platform containing EOCRC patients and is a
valuable resource for studying the molecular mechanisms of CRC. With
the increasing number of high-through sequencing data, consistent
patterns across multiple datasets would be beneficial to identify reliable
biomarkers of CRC. Integrating data from GEO and TCGA, CRCDB pro-
vides a one-stop online resource for exploring molecular information of
CRC with user-friendly interfaces.

In CRCDB, we presented the analysis results of differential analysis,
prognosis analysis, and co-expression analysis of individual dataset and
we provided meta-analysis results for the integration of all the datasets
in different CRC groups. Thus, CRCDB might help to overcome technical
problems when analyzing data from diverse studies. In addition, there is
also an overview of the 22 immune cell fractions in the EOCRC, LOCRC,
and overall CRC group of patients in each dataset. The mRNA, IncRNA,
miRNA expression data, methylation level data, and CNV data come
from not only tissue, but also whole blood, platelets, and serum exo-
somes which broaden the option of biomarkers for both early detection
and therapy target identification. By using meta results of CRCDB
combined with GO enrichment analysis, we confirmed that EOCRC has
specific features and the previous research which pooled all the patients
of EOCRC and LOCRC may hide the unique characteristics of EOCRC. Of
note, we identified some important genes in the key pathways such as
the metabolic process, mitosis process, oxidoreduction pathways, or in
immune-related pathways that might be associated with the tumor
progression and outcomes in the specific subtypes of CRC. These results
might help in the understanding of the molecular mechanisms of the
different CRC types, suggesting the effectiveness and utility of CRCDB to
filter EOCRC or LOCRC biomarkers for follow-up experiments. From a
treatment point of view, more over-expression of proliferation-
associated genes among LOCRC patients may suggest a better response
to proliferation-targeted therapy in that group. However, in the current
study, we presented the bioinformatic analysis results using genes with P
value < 0.05 considering taking into consideration of all the potentially
cancer related genes. The analysis results might need validation in other
datasets. In addition, considering long-term impact on quality of life
such as fertility preservation, the economic and financial ramifications,
and the psychosocial stressors, different treatment method may be used
for the younger patients, which might result in the differences in omics
[3,24], especially those omics data collected from patients who have
been treated before the tumor sample collected. Thus, there might be
some omics observations that were consequences of treatment rather
than characteristic of the age of onset - early or late.

There are also some limitations of the study. Since the research
related to CRC is accumulating, the datasets included in our platform are
limited. We will improve CRCDB by providing more RNA expression
profiles in the future version of this platform, such as circle RNA [25]
and cell-free DNA [26]. And more data resources might be included in
CRCDB especially data on liquid biopsy which has promising future
applications in clinical needs in tumor patients [27,28]. Furthermore,
datasets that include multi-omics information are limited and the ma-
jority multi-omics data comes from the different individuals. In CRCDB,
we only obtained the datasets with diagnosed age information and
sample size > 20 (EOCRC > 3), which might limit the datasets that
include all the datatype. We will try to collect the datasets included
multi-omics data in the future and add them to our database. We would
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Fig. 4. The integrated differential analysis results using RRA. The volcano plots showed the up and down-regulated genes in EOCRC (a), LOCRC (b), and overall CRC
(c) patients, respectively. GO enrichment analysis was conducted for the differentially expressed genes identified using limma analysis followed by RRA in tissue
samples to explore the top 20 pathways in EOCRC, LOCRC, and overall CRC patients, respectively (adjust P value < 0.1).

obtain more public multi-omics data on different groups of CRC patients,
including proteomic [29], metagenomic, and metabolomic data [30,31].
With more data collected, we will also upgrade the analysis results of our
platform.

In conclusion, we presented the genomic landscape in tissue, plate-
lets, whole blood, and serum exosomes in both EOCRC, LOCRC and
overall CRC patients and presented the profiles in an open platform
CRCDB. We believe CRCDB could serve as a very useful public resource
for researchers and contribute to clinical studies.
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