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ABSTRACT

Deciphering the cell-type composition in the tu-
mor immune microenvironment (TIME) can signif-
icantly increase the efficacy of cancer treatment
and improve the prognosis of cancer. Such a task
has benefited from microarrays and RNA sequenc-
ing technologies, which have been widely adopted
in cancer studies, resulting in extensive expres-
sion profiles with clinical phenotypes across mul-
tiple cancers. Current state-of-the-art tools can in-
fer cell-type composition from bulk expression pro-
files, providing the possibility of investigating the
inter-heterogeneity and intra-heterogeneity of TIME
across cancer types. Much can be gained from these
tools in conjunction with a well-curated database
of TIME cell-type composition data, accompanied
by the corresponding clinical information. However,
currently available databases fall short in data vol-
ume, multi-platform dataset integration, and tool in-
tegration. In this work, we introduce TIMEDB (https:
//timedb.deepomics.org), an online database for hu-
man tumor immune microenvironment cell-type com-
position estimated from bulk expression profiles.
TIMEDB stores manually curated expression profiles,
cell-type composition profiles, and the correspond-
ing clinical information of a total of 39,706 samples
from 546 datasets across 43 cancer types. TIMEDB
comes readily equipped with online tools for auto-
matic analysis and interactive visualization, and aims

to serve the community as a convenient tool for in-
vestigating the human tumor microenvironment.

GRAPHICAL ABSTRACT

INTRODUCTION

In cancer, the tumor immune microenvironment (TIME) is
characterized by dynamic interactions between tumor and
immune cells (1,2). Deciphering the cell-type composition
in the TIME can significantly improve cancer prognosis and
increase the efficacy of cancer treatment (3). TIME cell-type
composition could illuminate details on how tumor cells
escape the immune response. In clinical trials, TIME cell-
type composition can stratify patients and assign the most
appropriate treatment regimen according to the target cell
types, thus enhancing the treatment options and ultimately
improving overall survival (4).
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Wet-lab approaches like fluorescence-activated cell sort-
ing and immunohistochemical staining have been adopted
as the gold standards for assessing the number of im-
mune cells in tumor samples. However, flow cytometry de-
mands plenty of cells, which limits its use in tumor biopsies.
Immunohistochemical staining estimates individual tumor
dissection slides, which cannot represent the heterogeneous
immune panorama of the tumor. Additionally, both meth-
ods merely infer a small number of cell types. Recent break-
throughs in single-cell RNA sequencing (scRNA-Seq) have
been used to catalog cell type and status. However, it is still
costly and tedious for routine clinical applications (5–7).

Microarray and bulk RNA sequencing (RNA-Seq) have
been widely adopted in cancer studies, accumulating ex-
tensive bulk expression profiles with clinical phenotypes in
multiple cancers (6). Present state-of-the-art tools estimate
the cell-type composition from bulk expression profiles, al-
lowing the investigation of inter-heterogeneity and intra-
heterogeneity of TIME across cancers. However, there are
very steep learning curves in running these tools for non-
bioinformaticians and in curating the corresponding clini-
cal data for non-clinicians. The task can be made more ac-
cessible with a well-curated database that brings together
TIME cell-type composition data, the corresponding clin-
ical information, and the tools for effective TIME explo-
ration.

Existing online databases that estimated TIME cell-type
composition from bulk expression profiles include Can-
cerImmunityQTL (7), GEPIA2021 (8), TCIA (9), TISMO
(10), and TIMER2.0 (11). However, these databases have
several limitations. (i) Most of the TIME cell-type compo-
sition profiles are estimated from The Cancer Genome Atlas
(TCGA) repositories (12); the TIME cell-type composition
profiles from the extensive pool of bulk expression outside
TCGA are ineffectively exploited. (ii) The TIME cell-type
composition profiles from the state-of-the-art tools are un-
available in the current databases, and the computational bi-
ases from different approaches are incompletely presented.
(iii) Integration analyses of TIME cell-type composition
among multiple datasets are required to infer the landscape
of tumor-specific TIME signatures (1,2). However, such in-
tegration analyses from multiple datasets are either missing
from these databases or only provided rudimentarily. (iv)
These databases offer little in the way of interactive visual-
izations that are helpful to scientific explorations (13,14).

To overcome these limitations, we propose TIMEDB
(https://timedb.deepomics.org), an online human tumor im-
mune microenvironment cell-type composition database
with automatic analysis and interactive visualization.
TIMEDB has three key features: (i) A curated TIME
database of more than 39,706 samples and 546 datasets
across 43 cancers, including bulk expression data, clinical
data, TIME cell-type composition data estimated by ten
state-of-the-art tools, C1-C6 immune subtyping data, etc.
(ii) Automatic interfaces of 21 tumor immune microenvi-
ronment analyses, including TIME cell-type composition
estimation, survival, etc. (iii) Interactive visualizations of
gene expression, TIME cell-type composition estimation,
patient subtyping, survival, and correlation result from the
database or analysis.

MATERIALS AND METHODS

Data collection

We first summarized and collected gene expression data for
32 cancer types from Cancer Genome Atlas (TCGA) (12)
and six cancer types from Therapeutically Applicable Re-
search to Generate Effective Treatments (TARGET) (Sup-
plementary Table S1) (15) . TCGA clinical data and raw
RNA-Seq (HTSeq) counts were downloaded through TC-
GAbiolinks (16). Collapsed files from the publicly available
TARGET clinical and level 3 gene expression matrix were
downloaded from https://ocg.cancer.gov/programs/target/
data-matrix (15). Then, we conducted a systematic search
in Gene Expression Omnibus (GEO, https://www.ncbi.nlm.
nih.gov/geoprofiles/) (17) and the Array Express portal
(https://www.ebi.ac.uk/arrayexpress/) (18) with the names
of 38 cancer types and ‘Expression Profile’ as keywords dur-
ing June 2021–June 2022. As a result, we collected a total
of 39,706 samples from 546 publicly available datasets with
curated clinical information and gene expression profiles.
The brief descriptions and references of the 546 datasets are
listed in Supplementary Table S2.

Clinical data curation

We manually assigned each sample to 38 cancer types ac-
cording to their primary lesions and metastatic statuses.
Tumors other than the 38 types were assigned to SCLC
(Small Cell Lung Cancer), CLL (Chronic Lymphocytic
Leukemia), RT (Rhabdoid Tumor), CML (Chronic Myel-
ogenic Leukemia), and Other, resulting a total of 43 can-
cer types except ‘Other’ (Supplementary Table S1). We cu-
rated two primary endpoints for each dataset: overall sur-
vival (OS) and progression-free survival (PFS). OS refers
to the date of diagnosis to death or the last follow-up, and
PFS indicates the date of recurrence/relapse/progression or
last follow-up. Tumor subtype, stage, grade, type, metas-
tasis, treatment response, etc., are curated if available. All
manually curated profiles are checked by at least three in-
dividuals. The curation details can be viewed at the ‘Cu-
rated Clinical Headers’ on each dataset information page.
Here, we also included any available normal or blood
samples labeled with ‘tumor subtype: normal’ in each
dataset.

Bulk expression profiles preprocessing

We first transferred the array probe id (microarray) or the
gene ensemble id (RNA-Seq) to the HUGO gene symbol
for each data set. Duplicated gene entries are aggregated
with their mean expression data. The normalization and
transformation of the expression data conform to the guid-
ing principles of Quackenbush (19), Ali et al. (1), and Gao
et al. (2). We applied quantile normalization, log2, and
scale to microarray intensity datasets. We converted the raw
count of RNA-Seq into logarithmic transcripts per kilo-
base million (log2 TPM) values. The preprocessing steps for
each dataset are recorded in the ‘Dataset’ table with the
‘TIMEDB RNA process’ field.
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Batch effect elimination

In an analysis involving multiple datasets, we employed sva
(20) to eliminate batch effects of expression profiles from
different datasets or platforms. We applied Uniform Man-
ifold Approximation and Projection (UMAP) (21) into the
expression profiles to check the efficacy of the batch ef-
fect elimination. In the UMAP plot (Supplementary Figure
S1A), each point represents a sample. Before batch effect
removal, samples in different datasets and platforms stay
apart in the UMAP plot. After batch-effect removal, sam-
ples with the same molecular characteristics from different
datasets or platforms tend to be mixed (Supplementary Fig-
ure S1B).

TIME cell-type composition quality control, estimation, and
other data processing

The details of the TIME cell-type composition quality con-
trol, estimation, and further data processing are recorded in
Supplementary Methods.

Platform development

TIMEDB is hosted on a CentOS 7.4 server with 128GB
memory and 60TB storage. The backend is supported
by in-house framework (22), consisting of Ruby (v2.7.1),
Ruby on Rails (v6.0.2), Apache (v2.4.6), and PostgreSQL
(v12.3). The frontend support includes HTML5, Boot-
strap4, ES6, Node.js, Vue.js (v2.6.10), and Oviz (13) (https://
oviz.org). We have tested TIMEDB on the following operat-
ing systems and browsers. Linux: Firefox, Chrome; macOS:
Chrome, Firefox, Safari, Edge; Windows: Firefox, Edge,
and Chrome.

RESULTS

TIMEDB database

TIMEDB holds curated gene expression profiles and the
corresponding clinical information (basic characteristics,
survival, etc.) from a total of 39,706 samples across 546
datasets across 43 cancer types (Figure 1, Supplementary
Table S1, and Supplementary Figures S2–S3). Sequenc-
ing protocols include microarray and RNA-Seq. The data
sources consist of TCGA, TARGET, GEO (17), and Array-
Express (18).

TIMEDB stores the TIME cell-type composition pro-
files estimated by ten state-of-the-art methods. TIME cell-
type composition estimation methods are classified into
regression-based deconvolution approaches and gene set
enrichment-based approaches. ABIS performs deconvolu-
tion of the absolute cell proportion of 29 immune cell types
on RNA-Seq and microarray data (23). CIBERSORT in-
fers the fraction of 22 TIME cell types from gene expres-
sion data (24). This method relies on cell-specific gene sig-
natures and Nu-support vector regression. CIBERSORTx,
which extends on CIBERSORT, incorporates ComBat to
address possible cross-platform batch effects in gene ex-
perssion data (25). EPIC quantitatively analyzes the ra-
tio of immune and non-tumor cells in TIME from ex-

pression profiles by applying constrained least squares re-
gression (26). The quanTIseq method quantifies the pro-
portion of ten different immune cell types and the pro-
portion of other noncharacteristic cells from bulk gene
expression of heterogeneous samples. It solves cell-type
composition devolution problems by constrained least
squares regression (27). TIMER selects marker genes neg-
atively correlated with tumor purity for 32 cancer types
from TCGA. It adopts constrained least squares to in-
fer the fraction of six immune cell types (28). TIMEDB
database stores the predicted cell-type composition profiles
of ABIS, CIBERSORT, CIBERSORTx, EPIC, quanTIseq,
and TIMER of the datasets 513, 513, 507, 37, 512, and 455,
respectively.

In addition, there are four enrichment-based tools. Con-
sensusTME (29) is an ssGSEA-based approach. It first in-
tegrates gene sets from Bindea et al. (30), Davoli et al. (31),
Danaher et al. (32), CIBERSORT LM22 (24), MCPcounter
(33), TIMER (28), and xCell (34). Then, consensus marker
genes for 18 cell types and 32 TCGA cancer types are cu-
rated. This package allows users to choose a type of TCGA
cancer and uses ssGSEA to generate normalized enrich-
ment scores and infer the relative TIME cell-type fractions.
ImmuCellAI is an online cell abundance identifier based on
ssGSEA, explicitly focusing on determining the abundance
of 18 T cell subtypes (35). MCPcounter quantifies the abso-
lute abundance of eight immune cell types and two stromal
cell types from gene expression data via ssGSEA (33). xCell
is a cell quantitative analysis tool based on ssGSEA; it cal-
culates the enrichment fraction of 64 types of immune and
nonimmune cells (34). In the TIMEDB database, we ob-
tained ConsensusTME-, ImmuCellAI-, MCPcounter-, and
xCell-inferred cell abundance for the 452, 475, 483, and 461
datasets, respectively.

Furthermore, TIMEDB provides the consensus and inte-
grated TIME cell-type composition estimation by ten state-
of-the-art tools for each dataset. The consensus result re-
moves cell types that occur only once among ten tools. The
integration result means that the cell-type composition is in-
ferred from all tools, and the composition profiles of all cell
types are combined into one file.

TIMEDB also keeps immune subtypes predicted by Im-
muneSubtypeClassifier (36,37), which forms a part of the
‘Immune Landscape of Cancer’ (38). The tool accepts
RNA sequencing data as input and calculates the proba-
bilities for a patient concerning six immune statuses, in-
cluding C1 (wound healing), C2 (IFN-� dominant), C3
(inflammatory), C4 (lymphocyte depleted), C5 (immuno-
logically quiet), and C6 (TGF-� dominant). Currently,
TIMEDB contains the ImmuneSubtypeClassifier-inferred
C1–C6 subtyping results for 511 curated datasets.

The ‘Immune Landscape of Cancer’ (38) also asserts
seventy-nine immunomodulators. These immunomodulat-
ing proteins can be categorized into TNF, MHC Class II,
Immunoglobulin, or CXC chemokine gene family; they can
also be classified into ligand, receptor, or antigen presen-
tation. From an immune checkpoint view, they can be in-
hibitory or stimulatory. In the TIMEDB database, we pro-
vide 520 immunomodulatory gene expression profiles from
curated datasets.
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Figure 1. The overview of TIMEDB database design.

TIMEDB analysis

TIMEDB offers an automatic TIME analysis workflow for
researchers to run their newly sequenced bulk expression
profiles (Figure 2). This workflow includes all the tools men-
tioned earlier for TIME cell-type composition estimation,
TIME cell-type composition-guided patient subtyping, sur-
vival analysis, correlation analysis, differential expression
analysis, etc. Users can upload their gene expression data
or select TIMEDB datasets for independent or integrated
analyzes with simple mouse operations.

Regarding TIME estimation, with the exception of
CIBERSORTx and ImmunecellAI, which only provide
online interfaces, all remaining composition estimation
tools are included in the TIMEDB analysis interfaces. We
have five deconvolution-based interfaces: ‘TIMEDB De-
conv ABIS’, ‘TIMEDB Deconv CIBERSORT’, ‘TIMEDB
Deconv EPIC’, ‘TIMEDB Deconv quanTIseq’, and
‘TIMEDB Deconv TIMER’. Similarly, we have three
enrichment-based analysis interfaces: ‘TIMEDB Deconv
ConsensusTME’, ‘TIMEDB Deconv MCPcounter’, and
‘TIMEDB Deconv xCell’. TIMEDB also includes the
LinSeed software into the analysis interface ‘TIMEDB
Deconv LinSeed’. Unlike supervised prediction, Linseed
utilizes nonnegative matrix factorization to reveal the
TIME cell-type composition without prior knowledge of
the cell types and their abundances (39). It predicts the
fraction of k TIME cell subtypes and the gene signatures
of the corresponding cell subtypes. Users need to manually
annotate resolved cell subtypes.RNA-Seq

Furthermore, TIMEDB implements ‘TIME Consensus
RNA-Seq’, ‘TIME Consensus Array’, ‘TIMEDB ALL
RNA-Seq’, and ‘TIMEDB ALL Array’ to provide com-

parison analysis among different datasets and estimation
tools. ‘Consensus’ mode keeps cell types occurring more
than twice among different tools, and the ‘All’ mode com-
bines absolute results for all TIME cell types.

TIMEDB also supports several downstream immune
analyses. Molecular subtyping of tumors is an approach to
categorizing cancer patients into different subgroups based
on molecular profiles and unsupervised clustering tools. Im-
muneSubtypeClassifier is included in TIMEDB as the anal-
ysis interface ‘TIMEDB C1–C6 Subtyping’ for researchers
to predict the six immune statuses, C1–C6 as explained in
database section. Moreover, we provide the TIME cell-type
composition-guided patient subtyping. Unsupervised clus-
tering approaches, including k-means, hierarchical cluster-
ing, and nonnegative matrix factorization, are available in
the analysis interface ‘TIMEDB Cell Fraction Subtyping’.
Furthermore, we group the patients into quantiles based on
the TIME cell-type composition and consider the quantiles
as the patient subtype. For example, patients can be classi-
fied into Q1 B cell (0–25%), Q2 B cell (25–50%), Q3 B cell
(50–75%), and Q4 B cell (75–100%) according to the quan-
tiles of the fraction of B cell types.

Survival analysis is essential to draw the clinical implica-
tion from TIME cell-type composition. The Kaplan–Meier
(KM) study shows the probability of OS or PFS for a pa-
tient subgroup at a specific time, illustrating the difference
in prognostic events between different subtypes of patients.
The hazard ratio (HR) and the odds ratio (OR) of prognos-
tic associations between the subtypes of patients and sur-
vival outcomes customized (OS or PFS) are also vital prog-
nostic indications. Here, the ‘TIMEDB KM Estimator’ and
‘TIMEDB HR OR’ allow researchers to run their newly se-
quenced data and custom clinical subgroup labels.
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Figure 2. The overview of TIMEDB analysis design.

Figure 3. The overview of TIMEDB visualization design.

Cell-type interaction and correlation are essential in
TIME. We provide ‘TIMEDB Correlation’ and ‘TIMEDB
Interaction’ for researchers to calculate the Pearson corre-
lation and associated significance test.

Understanding the expressions of immunomodulatory
genes in different stages of TIME is critical for im-
munotherapy (38). TIMEDB provides an analysis interface
‘TIMEDB Immunoregulator’ that shows the differential ex-

pression of immunomodulatory genes among different pa-
tient subtypes, including tumor grades, tumor stages, tumor
types, etc., wherever available.

Interactive visualization

TIMEDB supports interactive visualizations of TIME
cell-type composition estimation (Supplementary Fig-
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Table 1. Comparison of existing TIME databases and webservers. ‘�’ for available and ‘-’ for not applicable. ‘x’ signifies offered but unworkable. For
instance, CancerImmunityQTL offered downloadable datasets, but no dataset could be downloaded when the button was clicked. In addition, Cancer-
ImmunityQTL provides some visualizations about the cell-type composition and KM survival estimation, but the current version does not successfully
display these visualizations. ‘o’ means only a few are included. For example, TCIA merely collects one GEO dataset GSE78220. KM: Kaplan Meier.

Human TIME database
Human TIME analysis

webserver

Mouse
TIME

database

Functionality
TIMEDB

(2022) CancerImmunityQTL (2021)
TCIA
(2016)

GEPIA
(2021)

TIMER2.0
(2020)

TISMO
(2022)

Database Data source TCGA � � � � � -
TARGET � - - - - -
ArrayExpress � - - - - -
GEO � - © - - -

TIME Bulk expression profiles � x � - - -
basic Curated clinical profiles � - � - - -
TIME ABIS � - - - - -
cell-type CIBERSORT � x � - - -
composition CIBERSORTx � - - - - -

ConsensusTME � - - - - -
EPIC � - - - - -
ImmucellAI � - - - - -
MCPcounter � - - - - -
quanTIseq � - - - - -
TIMER � - - - - -
xCell � - - - - -
Consensus � - - - - -
ALL � - - - - -

TIME Patients subtyping � x � - - -
advanced Survival � x � - - -

Immunoregulator � - - - - -
Total Cancer types 43 33 20 - - -
number Datasets number 546 33 24 - - -

Sample number 39706 8514 9672 - - -
Analysis TIME ABIS � - - - - -

cell-type CIBERSORT � - - � � �
composition ConsensusTME � - - � � �

EPIC � - - - - -
Linseed � - - - - -
MCPcounter � - - � � �
quanTIseq � - - - � �
TIMER � - - - � �
xCell � - - - � �
Consensus � - - - � �
ALL � - - - � �
Multiple datasets � - - - � �

Others Patients subtyping � - - - - -
KM estimation � - - � - -
Hazard ratio � - - - - -
Odds ratio � - - - - -
Cell correlation � - - � - -
Cell interaction � - - - - -
Immunoregulator � - - - - -

Visualization Interactive Informative tooltips � � � � - -
Changeable plot size � - - - - -
Editable label � - - - - -
Color picker � - - - - -

Downloadable � x � � � �

ures S4 and S5), patient subtyping (Supplementary
Figures S6 and S7), survival (Supplementary Figures
S8–S10), cell-type correlation, interaction (Supplemen-
tary Figures S11 and S12), and immunoregulator data
(Supplementary Figure S13) from databases or analyses
(Figure 3). Multiple interaction options are available,
including informative tooltips, changeable plot size,
edited labels, and color picker, etc. All visualizations
are downloadable in high-quality publication-ready
format.

DISCUSSION

Understanding the cell-type composition in the tumor
immune microenvironment (TIME) can significantly im-
prove the cancer prognosis and increase cancer treatment
efficacy. Here, we present TIMEDB, an online human
tumor immune microenvironment cell-type composition
database with automatic analysis and interactive visualiza-
tion. TIMEDB has the following merits compared to exist-
ing online TIME cell-type composition databases and web-
servers (Table 1):
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First, TIMEDB manually curated bulk expression and
clinical profiles of 39,678 samples and 545 datasets across
43 types of cancer from TCGA, TARGET, GEO, and Array
Express. Other databases such as CancerImmunityQTL,
GEPIA2021, TCIA and TIMER2.0 only contain 33, 33,
33 and 32 TCGA datasets, respectively. TIMEDB provides
the opportunity to effectively explore the heterogeneity of
TIME from the extensive pool of bulk expression profiles
outside TCGA.

Second, we conducted TIME cell estimation using
ten state-of-the-art tools, including ABIS, CIBER-
SORT, CIBERSORTx, EPIC, quanTIseq, TIMER,
ConsensusTME, ImmuneCellAI, MCPcounter, and
xCell. Such comprehensive TIME cell-type composition
profiles from state-of-the-art tools are unavailable in
existing databases. For instance, CancerImmunityQTL,
GEPIA2021, TCIA, and TIMER2.0 only adopted one
(CIBERSORT), one (CIBERSORT), and three (CIBER-
SORT, EPIC, quanTIseq), and six (CIBERSORT, EPIC,
quanTIseq, TIMER, MCPcounter, xCell) estimation
tools, respectively. This comprehensiveness can help avoid
possible computational biases in the individual tool. Third,
TIMEDB infers the landscape of tumor-specific TIME
signatures through integration analysis of TIME cell-type
composition among multiple datasets, including the above
TIME cell-type composition estimation tools, TIME
cell-type composition guided patient subtyping, survival
analysis, correlation analysis, differential expression anal-
ysis, etc. In contrast, CancerImmunityQTL and TCIA
databases do not support online analysis. GEPIA2021,
TISMO, and TIMER2.0 embed a few TIME cell-type com-
position tools and do not have inconvenient integration
analyses for multiple datasets.

Fourth, TIMEDB provides informative visualizations to
boost productive scientific explorations, including gene ex-
pression, TIME cell-type composition, patient subtyping,
survival, and correlation data from databases or analyses.
Multiple interaction options are available, including infor-
mative tooltips, changeable plot size, edited labels, optional
color picker, etc. All visualizations are available for down-
load in a high-quality publication-ready format. In con-
trast, CancerImmunityQTL, TISMO, and TIMER2.0 only
provide static low-resolution pictures.

One thing to note here is that TIMEDB focuses on the
cell-type composition profiles estimated from the bulk ex-
pression. Recent breakthroughs in scRNA-Seq have been
used to classify cell types and states in TIME with single-
cell resolution. Currently, we are collecting and collating
cell-type composition profiles from scRNA-Seq for the up-
graded version of TIMEDB.

With comprehensive TIME cell-type composition pro-
files, analyses, and visualizations at the pan-cancer level, we
envision TIMEDB to become a convenient tool for scien-
tists to investigate the biological understanding of human
tumor microenvironment study.
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