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ABSTRACT

In 2017, we released GEPIA (Gene Expression Pro-
filing Interactive Analysis) webserver to facilitate the
widely used analyses based on the bulk gene expres-
sion datasets in the TCGA and the GTEx projects,
providing the biologists and clinicians with a handy
tool to perform comprehensive and complex data
mining tasks. Recently, the deconvolution tools have
led to revolutionary trends to resolve bulk RNA
datasets at cell type-level resolution, interrogating
the characteristics of different cell types in cancer
and controlled cohorts became an important strat-
egy to investigate the biological questions. Thus,
we present GEPIA2021, a standalone extension of
GEPIA, allowing users to perform multiple interac-
tive analysis based on the deconvolution results, in-
cluding cell type-level proportion comparison, cor-
relation analysis, differential expression, and sur-
vival analysis. With GEPIA2021, experimental biolo-
gists could easily explore the large TCGA and GTEx
datasets and validate their hypotheses in an en-
hanced resolution. GEPIA2021 is publicly accessible
at http://gepia2021.cancer-pku.cn/.

GRAPHICAL ABSTRACT

INTRODUCTION

The TCGA (1) and the GTEx (2) projects have produced
tremendous expression data for researchers to investigate
the expression profiles across cancer and healthy patient
cohorts. GEPIA series tools (3,4) leveraged the expression
data and clinical data to enable the biologists to interrogate
the important genes, such as the prognosis-related biomark-
ers (5), cancer-specific non-coding RNA (6) and the expres-
sion profile of the COVID-19 related gene ACE2 (7).

The natural deficiency in the resolution of bulk-RNA
data limits the usage to a certain extent, that is, one cannot
directly obtain the cell type-level information, such as the
proportion and gene expression in each cell type. Recently,
accumulated single cell sequencing data enabled researchers
to analyze gene expression profiles at cell type-level. How-
ever, the costs of traditional single cell sequencing technolo-
gies limit their applications in screening the cell-type expres-
sion profiles across thousands of samples. Meanwhile, the
relationship of the patient prognosis and cell type charac-
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teristics also cannot be analyzed due to the missing clinical
follow-up data. Fortunately, the bulk expression data in the
TCGA and GTEx provided us with the opportunity to an-
alyze the cell types in these strategies.

Using the deconvolution tools CIBERSORT (8), EPIC
(9) and quanTIseq (10) for accurately estimating the cell
proportion by the gene signature matrix of multiple cell
types, we can obtain the absolute cell proportions in each
bulk sample. Specifically, with the deconvolution strategy,
the cell type information with clinical data would be un-
leash for interrogating the relationship of the cell propor-
tion and the prognosis. Based on the deconvolution result,
users will be able to select which tool to use, compare the
proportions of different cell types, calculate and compare
the gene expression in bulk samples contributed by differ-
ent cell types, and perform the survival analysis between
two sample groups with different proportion of a certain
cell type. Furthermore, compared to GEPIA1/2 which ap-
plied the static pictures for data visualization, GEPIA2021
enhanced the user experience by using interactive plots in-
cluding boxplots, scatter plots and Kaplan–Meier survival
plots, in which the key statistics are dynamically calculated
and displayed.

MATERIALS AND METHODS

Data collecting and pre-processing

We downloaded tcga RSEM gene tpm and
gtex RSEM gene tpm datasets from UCSC Xena project
(11) as the input for each of the three deconvolution
tools. The codes for pre-processing are included in the
AVAILABILITY section.

Bulk data deconvolution

If we have R as the reference expression matrix of n genes
and c cell types, the expression profile in a mixture M can
be modeled by the deconvolution tool as M = R·P, where P
is the proportion of c cell types in this mixture. This can be
written as following:

⎡
⎢⎣

M1
...

Mn

⎤
⎥⎦ =

⎡
⎢⎣

R11 · · · R1c
...

. . .
...

Rn1 · · · Rnc

⎤
⎥⎦ ·

⎡
⎢⎣

P1
...

Pc

⎤
⎥⎦ (1)

For each GTEx/TCGA sample, we run CIBERSORT
(absolute mode), EPIC or quanTIseq with the default pa-
rameters to obtain the absolute proportions of 22, 7 or 10
cell types, respectively. Multiple machine-learning regres-
sion algorithm were used to approximately deconvolute the
mixtures because the number of equations (genes used) is
even greater than the number of variables (cell types in the
reference), as shown in formula (1). The feature selection
procedure was applied by all three tools, where only the ex-
pression profile of s signature genes (s << n) was extracted
from the complete reference matrix and then applied to es-
timate P in a more robust way:
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...
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Figure 1. Schema describing the overall architecture of GEPIA2021.

As Pk (k = 1,2,. . . ,c) is the absolute proportion, it is com-
parable in an intra-sample (same sample with different cell
types) or inter-sample (same cell type with different sam-
ples) manner (8,10).

Sub-expression calculation

According to formula (1), the expression of gene j (j =
1,2,. . . ,n) of the mixture M can be written as:

Mj = Rj1 ∗ P1 + Rj2 ∗ P2 + . . . + Rjc ∗ Pc (3)

After obtaining P, then we define and calculate the ‘sub-
expression’ as the gene j expression in the mixture M con-
tributed by the cell type k as following:

Ejk = Rjk ∗ Pk (4)

Thus, the formula (3) can be re-written as:

Mj = Ej1 + Ej2 + . . . + Ejc (5)

With the given gene j, Ejk (k = 1,2,. . . ,c) is also compa-
rable in an intra-sample manner like Pk.

Survival analysis

We applied the python package lifelines (https://github.
com/CamDavidsonPilon/lifelines) for the survival analysis,
including fitting the Kaplan–Meier curve, calculating its
95% confidence interval and comparing two K-M curves
with log-rank test.

Webserver architecture

The graphic abstract of the GEPIA2021 architec-
ture is shown in Figure 1. We applied the MogoDB
(https://www.mongodb.com/) database to store the
processed TCGA/GTEx expression datasets, the decon-
volution results and the TCGA clinical data migrated
from the GEPIA1/2 database. The server-side soft-
ware Apache2 (https://httpd.apache.org/) and Django
(https://www.djangoproject.com/) were used to handle
custom requests from users. Based on the frontend archi-
tecture of GEPIA1/2 (HTML5 + CSS3 + JavaScript), we
enhanced the interactive interface by utilizing the plotly.js
(https://plotly.com/javascript/) package for drawing dy-
namic plots where users can see detailed statistics by
mouseover, zoom-in/out, hide/show sub-plots or save the
currently modified plot into a PNG file.
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Figure 2. Examples of GEPIA2021 outputs. (A) Users can filter samples in the TCGA/GTEx sub-datasets they selected, visualize and compare the pro-
portions of selected cell types by the interactive boxplot along with the in-browser ANOVA module. (B) By selecting two cell types, users can perform the
correlation analysis with the interactive scatter plot. Samples from different TCGA/GTEx sub-datasets are colored differently. The Pearson Correlation
Coefficient between the proportions of the two cell types are shown in the title. (C) Based on the pure cell proportions inferred and the gene expression
in the reference, users can visualize and compare the gene expression contributed by different cell types in each TCGA/GTEx sample. The interactive
boxplot with the ANOVA module is also available. (D) By splitting the samples according to the cell type proportion into two groups, users can perform
the survival analysis with the log-rank test between their corresponding Kaplan-Meier curves. The 95% confidence interval is plotted by the dotted lines
and the right censored samples are represented with the cross mark.

RESULTS

Cell proportion comparison

This function (Figure 2A) allows users to filter samples in
the sub-datasets (tissues from GTEx or cancer types from
TCGA) they selected, and filter the cell types of interest.
Then the interactive boxplot grouped by cell types and
sub-datasets will be displayed. In addition, we also pro-
vide the re-normalization option for each sample. For ex-
ample, users can visualize and compare the B cell propor-
tion against all immune cells rather than against all cells in
bulk samples, to obtain the relative cell type proportion.

Furthermore, ANOVA (analysis of variance) module has
been integrated into the boxplot, allowing users to have
a quantitative comparison of the cell proportions or sub-
expressions. This functionality also shows the F-statistic
and the significance (p-value) for each group of boxplots,
and users can change their filtering conditions of sub-
datasets and cell types to obtain customized results.

Cell proportion correlation analysis

This function (Figure 2B) allows users to keep samples in
the sub-datasets, and select two cell types of interest to per-
form the correlation analysis across bulk samples. The in-
teractive scatter plot will be shown, with cell proportion in-
formation from different sub-datasets in different colors. In
addition, the PCC (Pearson correlation coefficient) calcula-
tion module has been integrated into the scatter plot.

Cell type-level differential expression

This function enables users to visualize and compare the
sub-expression in a dynamical and interactive manner,
along with the in-browser ANOVA module. For example,
users can filter all stomach samples (TCGA tumor/normal
and GTEx normal), input the gene CD3D and visualize the
expression contributed by different cell types. In the box-
plots, each data point represents one sample in the selected
dataset (Figure 2C).
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Table 1. The comparison of different tools used in GEPIA2021

CIBERSORT EPIC quanTIseq

Key algorithm Support Vector
Regression

Constrained weighted least square
regression

Constrained Least Squares
Regression

Cell types in the default
reference

22 immune cell sub-types 5 immune cell types, epithelia and
fibroblasts

10 immune cell types

Number of signature genes used 547 98 170
Ability to output absolute
proportions

Yes (beta version) Yes Yes

Number of genes available for
sub-expression analysis

11 277 21 756 18 839

Applicability No limitation Designed For tumor samples and
validated on normal blood and
tumor samples

Designed For tumor samples
and validated on normal blood
and tumor samples

Survival analysis

Users can first choose the range of sub-datasets, and then
separate the selected samples kept into two groups, ac-
cording to the proportion of the cell type selected. For ex-
ample, based on the proportion of macrophages in each
TCGA liver cancer sample, we can divide the samples into
a macrophages-proportion-high group and a macrophages-
proportion-low group. Then two Kaplan–Meier curves of
both groups will be available, along with their confiden-
tial intervals, respectively. Additionally, we also provide the
quantitative measurement, log-rank test, to test whether the
two Kaplan–Meier curves are statistically different (Figure
2D).

DISCUSSIONS

We have developed multiple useful functionalities for
GTEx/TCGA expression data analysis in GEPIA1, and re-
leased the GEPIA2 upgraded version with the novel mod-
ules, such as isoform-level analysis and cancer subtype anal-
ysis. Up to date, GEPIA + GEPIA2 have been cited for 2871
+ 368 times according to Google Scholar (GEPIA as the
most-cited in 2017 NAR webserver issue), and have totally
processed ∼1 300 000 analysis requests for ∼300 000 users
worldwide according to Google Analytics. The key feature
of GEPIA series is to provide the users with the convenient,
comprehensive and interactive analysis functionalities for
tumor and normal samples from TCGA and GTEx. Based
on the feedbacks and suggestions, we then decided to de-
velop GEPIA2021 to expand the strategy to cell type-level
analysis for tumor and normal samples. Although there
is the very functional TIMER2.0 (13) as the platform for
TCGA deconvolution analysis, there are still strong but un-
met needs from users on the tumor-normal comparison and
other practical functionalities such as the differential anal-
ysis in the cell type level. In addition to facilitating the anal-
ysis modules for bulk data in the cell type-level, the interac-
tive plots in GEPIA2021 would further improve the user ex-
perience. For example, users can not only inspect the key pa-
rameters in the boxplots such as upper quantile, but also ob-
tain the percentage survival in any given time in the Kaplan–
Meier curves. With the extending functions and character-
istics, we believe GEPIA series would be more powerful for
the expression data analysis and visualization.

We included 3 different deconvolution tools in
GEPIA2021 to meet a variety of user needs, here we
compare the key features of the three tools (Table 1) in

order to provide a guidance for selecting the best tool
under different scenarios. CIBERSORT is recommended
when users want to investigate the immune cell types
with high resolution (providing cell sub-types such as
T.cells.CD4.memory.activated). EPIC provides the ref-
erence with two non-immune cell types but the least
immune cell types. The strategies to estimate the absolute
proportion of all three tools are basically similar. For
example, CIBERSORT estimates the proportion of each
cell type against the total immune cell content first, and
then estimates the immune cell content in the mixture
by the median gene expression of the s signature genes
(in formula 2) against the median of all genes, based on
the assumption that the signature gene expression cannot
be contributed by other cell types beyond the reference.
Notably, the absolute proportion output is natively sup-
ported by EPIC and quanTIseq, while the absolute mode
in CIBERSORT is still a beta version. The numbers of
genes available for sub-expression analysis differ in three
tools, which depend on the references provided by the tools.
According to the publications of the 3 tools, CIBERSORT
was designed for multiple types of tissues, while EPIC and
quanTIseq were orginally designed for tumor samples.
Therefore, we would recommend CIBERSORT as the first
choice for the tumor-normal comparison. However, as all
three tools were extensively validated on normal blood and
tumor samples, there is still potential applicability for the
usage of EPIC/quanTIseq on the blood cell deconvolution
on GTEx samples. In addition, EPIC/quanTIseq also
achieved high performance in a comprehensive evaluation
study (12).

DATA AVAILABILITY

GEPIA2021 is publicly accessible at http://gepia2021.
cancer-pku.cn/. The codes for bulk data deconvolution are
accessible at https://github.com/zwj-tina/GEPIA2021.

SUPPLEMENTARY DATA

Supplementary Data are available at NAR Online.
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