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ABSTRACT
As immunotherapy is evolving into an essential armamentarium against cancers, numerous translational 
studies associated with relevant biomarkers, targets, and clinical effects have been reported in recent 
years. However, a large amount of associated experimental data remains unexplored due to the difficulty 
in accessibility and utilization. Here, we established a comprehensive high-quality database for cancer 
immunotherapy called CanImmunother (http://www.biomedical-web.com/cancerit/) through manual 
curation on 4515 publications. CanImmunother contains 3267 experimentally validated associations 
between 218 cancer sub-types across 34 body parts and 484 immunotherapies with 642 biomarkers, 
108 targets, and 121 control therapies. Each association was manually curated by professional curators, 
incorporated with valuable annotation and cross references, and assigned with an association score for 
prioritization. To help clinicians and researchers in identifying and discovering better cancer immunother
apy and their respective biomarkers and targets, CanImmunother offers user-friendly web applications 
including search, browse, excel table, association prioritization, and network visualization. 
CanImmunother presents a landscape of experimental cancer immunotherapy association data, serving 
as a useful resource to improve our insight and to facilitate further discovery of advanced immunotherapy 
options for cancer patients.
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Introduction

Cancer immunotherapy has emerged and rapidly developed 
over the past few decades1. Its basic principle is to promote and 
facilitate the immune system in targeting cancer cells. The 
technologies include single or bispecific monoclonal antibo
dies, immune checkpoint inhibitors, various forms of cellular 
therapies, immunomodulatory cytokines and chemokines, 
tumor vaccines, and so on 2. One of the successful strategies 
is immune checkpoint inhibitor, which targets at the cytotoxic 
T lymphocyte-associated protein 4 (CTLA-4), the programmed 
cell death protein 1 (PD-1), or their ligands (such as PD-L1).2,3 

Currently, various forms of cancer immunotherapy have 
already been proven by clinical trials to be effective, and they 
become an essential part of contemporary cancer therapy 1. 
Although applications of cancer immunotherapy cover a broad 
range of human cancers, their usefulness is restricted by 

whether particular cancer types have tumor-specific antigens 
or co-inhibitory molecules.1,4 In addition, different forms of 
cancer immunotherapy have their own unique toxicity profiles, 
depending on their mechanism of action, which are distinct 
from the usual therapy related to toxicity encountered in 
chemotherapy.1,5 However, useful association data about can
cer immunotherapy and their predictive biomarkers, therapy 
combination, clinical efficacy, and adverse effects, may still be 
unexplored within the large amount of categorical literature, 
which are difficult to be accessed and analyzed.

To facilitate the discovery of putative cancer immunothera
pies and their respective targets, several types of databases and 
tools have been developed for predicting or detecting tumor- 
specific neoantigen and immune antigen,6–13 compiling cancer 
immune checkpoints and their modulators 14, evaluating 
genetic variants on tumor immune infiltration 15, exploring 
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molecular mechanism of traditional Chinese medicine on can
cer immunology 16, and providing oncolytic virus-based cancer 
immunotherapy.17,18 For example, TSNAdb 11 is a database for 
tumor-specific neoantigens from immunogenomics data ana
lysis; pVAC-Seq 12 is a genome-guided tool for identifying 
tumor neoantigens; pTuneos 13 is another tool for prioritizing 
tumor neoantigens from next-generation sequencing data; and 
CancerImmunityQTL 15 is a database to systematically evaluate 
the impact of genetic variants on tumor immune infiltration. In 

October 2020, Zhang et al. developed the CKTTD 14 database 
via enhanced text-mining system with manual curation. 
CKTTD provides the association data between cancer immune 
checkpoint therapies and their targets. These databases and 
tools have facilitated the discovery of putative immunothera
pies and targets for human cancers. However, the lack of public 
accessible common database for in-depth validation of cancer 
immunotherapy associated with their predictive biomarkers, 
targets, control therapies, clinical efficacy, and adverse events 

Figure 1. The data curation and annotation framework of canimmunother.

Table 1. Database contents and features of CanImmunother compared with CKTTDB

Content and web 
applications CanImmunother CKTTDB

CanImmunother/CKTTDB 
(Fold change)

Non-redundant 
associations

2646 210 12.60

Cancer sub-types 218 33 6.61
Immunotherapy 484 (Various types of 

immunotherapy *)
53 (Immune checkpoint therapy only) 9.13

Control therapy 121 None –
Biomarker 642 None –
Target 108 105 1.03
Clinical efficacy Yes None –
Adverse event Yes None –
Sample information (type 

and size)
Yes None –

Study design Yes None –
Research type Yes None –
Gene expression profile for 

target
Yes Yes –

Association score Yes Yes –
Analysis application Association prioritization; 

Network visualization
None More web applications

Data quality Manual curation on literature Curation with an enhanced text-mining system and data integration Higher quality

Note: * The various types of immunotherapy include immune checkpoint therapy, tumor vaccine, immune-related cytokine, cellular immunotherapy, oncolytic viruses, 
and their combination with other non-immunotherapy, such as chemotherapy, target therapy, radiotherapy, surgery, chemoradiotherapy, and hormone therapy 
(Figure 2c).
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remains the current bottleneck. The establishment of such 
database can help clinicians and researchers to identify and 
develop novel immunotherapy options for cancer patients.

To tackle these problems, we developed the 
CanImmunother database (http://www.biomedical-web.com/ 
cancerit/) through manual curation on 4515 publications. 
CanImmunother is the first comprehensive database to provide 
experimentally validated cancer immunotherapies associated 
with their biomarkers, targets, and control therapies, enabling 
the comparison and clarification of their respective clinical 
efficacy and the adverse events. The association data in 
CanImmunother were consistently annotated with standard 
terminology and ontology (Figure 1). Currently, 
CanImmunother provides 3267 experimentally validated asso
ciations between 218 cancer sub-types and 484 immunothera
pies with 642 biomarkers, 108 targets, and 121 control 
therapies (Table 1). Each association was reviewed, manually 
curated by multiple professional curators and incorporated 
with valuable annotation and cross-references. 
CanImmunother offers user-friendly web interfaces and web 
applications such as excel table, association prioritization, and 
network visualization, to help clinicians and researchers in 
identifying and discovering advanced cancer immunotherapies 
and their respective biomarkers and targets. CanImmunother 
will be able to serve as a useful resource to improve our insight 
and to facilitate the identification and discovery of advanced 
immunotherapy options for patients with cancer.

Materials and methods

Literature reviewing and manual curation

To collect literature data manually, according to our previous 
method 19, we searched the National Center for Biotechnology 
Information (NCBI) PubMed database 20 for candidate pub
lications that described the studies for human cancer immu
notherapy. Search terms and their combinations used in the 
search strategy included cancer, carcinoma, neoplasm, tumor, 
leukemia, lymphoma, melanoma, malignancy, immunother
apy, immune checkpoint, and specific immune checkpoint 
agent and nonimmune checkpoint agent names, which were 
described in the systematic review publications.2,21 4515 can
didate publications were retrieved before August 2020. We 
then filtered the abstracts of these candidate publications 
based on two criteria. First, the publications are original 
research literature (including clinical and basic research 
papers, as well as case reports). However, review and commen
tary papers were excluded. Second, the publications reported 
experimentally validated human cancer immunotherapy, such 
as immune checkpoint therapy, tumor vaccine, immune 
related cytokine, cellular immunotherapy, and so on. 1932 
publications were retained after filtering abstracts. 
Furthermore, the full texts of 1932 publications were reviewed 
and manually curated by multiple professional curators to 
collect and annotate the association data for cancer immu
notherapy. All the curators are professionals in tumor immu
nology and genetics.

To ensure the quality in the data curating process based on 
our previous manual curation method 19, we randomly selected 

10.35% (200/1932) of the publications initially. They were 
curated and discussed among all curators to achieve 
a consensus for data manual curation. Second, each publication 
was reviewed and manually curated by at least two curators. 
Third, if the curated data from the same publication by differ
ent curators were not consistent, a third curator would review 
the publication and further discuss with the team to reach 
a consistent decision. The collected data include cancer sub- 
type, immunotherapy and its control therapy, biomarker, tar
get, adverse event, sample information (patients/cell lines/ani
mal models and size), PubMed identifier (PMID), research 
type, study design, and validation evidence, from the full text 
of the supporting publications (Figure 1). The study design 
information collected from publications, such as clinical trials 
of different phases, meta-analysis, and retrospective cohort 
study, enables users to clearly evaluate their reliability and 
methodological bias. In order to make the association data 
more useful, each association was annotated with a clinical 
significance, which is a brief summing-up description anno
tated by professional curators based on the information from 
the original publications (Figure 1).

Data annotation

To make the extracted data consistent and accessible, the 
cancer sub-types, immunotherapies and their control thera
pies, biomarkers, targets, and validating evidences in 
CanImmunother were manually annotated with standard ter
minology and ontology (Figure 1). Cancer sub-types were 
annotated by Experimental Factor Ontology (EFO), which 
provides a systematic description of many experimental vari
ables available in the European Bioinformatics Institute data
bases and for many international projects 22. The majority of 
immunotherapies and their control therapies were annotated 
by DrugBank 23, while the rest of the therapies, of which 
DrugBank does not cover, were annotated by National 
Cancer Institute Thesaurus (NCIT) OBO Edition 24. The 
UniProtKB 25 and NCIT OBO Edition 24 resources were 
adopted to annotate biomarkers and targets. The Evidence & 
Conclusion Ontology (ECO) 26 was used to annotate validation 
evidences. The multiple terminology and ontology resources 
were integrated for the data annotation that is to guarantee the 
accuracy. Moreover, the targets in CanImmunother were 
annotated with the expression (mean of FPKM) profile on 
gene level across 15 body parts in the Genotype-Tissue 
Expression (GTEx) 27 and The Cancer Genome Atlas 
(TCGA) 28 resources by using the PreMedKB tool 29. In addi
tion, each association was also systematically annotated with 
title, abstract, published journal, and published date of the 
supporting publication. The information of resources used in 
CanImmunother is detailed in Supplemental Table 1.

Association score

In exploiting large collections of aggregated association data, 
one of the main problems is how to prioritize and interpret the 
association data 30. According to our previous methods,19,31,32 

we refined a scoring model to compute an association score for 
each association data with or without predictive biomarker in 
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CanImmunother, respectively. It was based on two evidential 
metrics: the research types of the supporting publications (e.g., 
clinical research, basic research, and case report) and the num
ber of supporting publications. Different research types were 
assigned with different weights based on their reliability. 
Moreover, as a larger number of publications can enhance 
association score for the same association, a harmonic sum 
function 19,31,32 was employed not only to compute the score of 
the same association with multiple supporting publications but 
also to dampen the effect of data volume or quantity. Finally, 
association scores were normalized to limit their range from 0 
to 1.0 for better interpretation. The computation steps of 
association score were described in detail at the “Help” web- 
page of the database (http://www.biomedical-web.com/can 
cerit/help.jsp).

Web implementation

The web database was built with Spring MVC and jQuery 
AJAX frameworks. All association data in CanImmunother 
was organized in MySQL. The data accessing and processing 
programs were written in Java. The web interface was imple
mented by JavaScript, HTML5, and CSS3. The vis.js widget 
(http://www.visjs.org) was implemented to display the net
works on the web-pages. The widgets of excel-bootstrap-table- 
filter-bundle.js and dataTables.bootstrap.js were used to imple
ment the filter tables on the web pages. CanImmunother is 
freely available at the website http://www.biomedical-web. 
com/cancerit/.

Results

Data contents

Currently, CanImmunother provides 3267 experimentally vali
dated associations between 218 cancer sub-types across 34 
body parts and 484 immunotherapies with 642 biomarkers, 
108 targets, and 121 control therapies across 1661 supporting 
publications (Figure 1 & Table 1). Each association was incor
porated with valuable annotation and cross-references and 
given with a unique accession number (e.g., CANIT0000001). 
The top six cancer sub-types with the largest numbers of 
associations are melanoma, non-small cell lung carcinoma, 
renal cell carcinoma, colorectal cancer, urothelial carcinoma, 
and prostate cancer (Figure 2a). The top six body parts with the 
largest numbers of associations are skin, lung, kidney, blood 
and lymph node, bladder, and intestines (Figure 2b). 
CanImmunother provides various types of immunotherapy, 
which include immune checkpoint therapy, tumor vaccine, 
immune-related cytokine, cellular immunotherapy, oncolytic 
virus, and their combination, or they combined with other 
non-immunotherapy, such as chemotherapy, target therapy, 
radiotherapy, hormone therapy, chemoradiotherapy, and sur
gery (Figure 2c). The top six largest numbers of associations in 
CanImmunother are related to immune checkpoint therapy, 
immune checkpoint therapy plus chemotherapy, tumor vac
cine, immune checkpoint therapy plus target therapy, immune 
checkpoint therapy plus radiotherapy, and immune checkpoint 
therapy plus tumor vaccine (Figure 2c). Importantly, 

CanImmunother also provides 642 biomarkers and 108 targets 
for the cancer immunotherapy associations. The top six num
ber of biomarker types are gene expression signature on/in 
tumor cell, mutational status, disease status, gene expression 
signature on/in immune cell, gene expression signature in 
serum, and cell percentage/counts in blood (Figure 2d). 
Remarkably, the biomarker of PD-L1 expression level makes 
up the most common associations and is associated with 92 
cancer sub-types and 36 immunotherapies to form 223 asso
ciations in CanImmunother. In addition, approximately 
74.47% (2433/3267), 3.86% (126/3267), and 21.67% (708/ 
3267) of the associations are supported with clinical research 
publications, basic research publications, and case reports, 
respectively (Figure 2e).

Browse and search

CanImmunother (http://www.biomedical-web.com/cancerit/) 
provides user-friendly web interfaces and web services to 
enable users to search, browse, and analyze the association 
data, as well as to download and submit new associations for 
further investigation and integration. The “Browse all” web- 
page presents all of the associations in a table to allow users to 
filter for the interesting associations through the “search” box. 
Moreover, we implemented “Browse” sub-web-pages to allow 
users to browse interesting associations through different body 
parts, cancer sub-types, biomarker types, and immunotherapy 
types. In addition, at the “Home” web-page, the symbols in the 
word-cloud diagrams can be navigated to browse their entry 
details.

To enable users to quickly retrieve the interesting associa
tions and their supporting publications, CanImmunother pro
vides a search application using cancer sub-type, 
immunotherapy, biomarker, or target with setting filtration 
parameters, such as body part, immunotherapy type, biomar
ker type, and research type (Figure 3a). The search application 
also provides a smart assistance by listing the closest entries to 
that expectation. The resulting associations are shown in a brief 
table that displays key information, including cancer sub-types, 
immunotherapies and their control therapies, biomarkers, tar
gets, study designs, research types, and PMIDs (Figure 3b). 
Moreover, the “Detail” button in the result table links to 
further webpages for extra information of the association 
(Figure 3b). The extra information includes clinical signifi
cance and adverse event of the immunotherapy compared 
with the control therapy, sample information, validating evi
dence, and other information of the supporting publication 
(Figure 3b). In addition, CanImmunother provides external 
links to the related reference resources, such as NCBI 
PubMed, EFO, DrugBank, NCIT OBO Edition, UniProtKB, 
and ECO (Figure 3b). Furthermore, for the immunotherapy 
associated target, CanImmunother provides its expression 
(mean of FPKM) profile on gene level in the GTEx and 
TCGA resources across 15 body parts (Figure 3c).

Case study 1: assisting identification of better cancer 
immunotherapies and their predictive biomarkers

A simple search in CanImmunother with the keyword 
“non-small cell lung carcinoma” can obtain 624 associations 
between non-small cell lung carcinoma (NSCLC) and 97 
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Figure 2. The landscape of association data in canimmunother. (a) A word-cloud diagram shows the association landscape of 218 cancer sub-types in canimmunother. 
Larger sizes and more central locations of the cancer sub-type symbols in the diagram indicate more association data in the database. (b) The numbers of associations in 
different types of body part. (c) The number of associations in different types of immunotherapy. Others include cell immunotherapy followed by immune checkpoint 
therapy, cell immunotherapy followed by target therapy, cell immunotherapy plus immune cytokine, immune checkpoint therapy followed by immune checkpoint 
therapy plus target therapy, immune checkpoint therapy followed by radiotherapy, immune checkpoint therapy plus anti-angiogenesis therapy, immune checkpoint 
therapy plus cell immunotherapy, immune checkpoint therapy plus cell immunotherapy plus radiotherapy, immune checkpoint therapy plus chemotherapy followed by 
surgery, immune checkpoint therapy plus chemotherapy or radiotherapy, immune checkpoint therapy plus oncolytic virus plus chemotherapy, immune checkpoint 
therapy plus systemic therapy, immune cytokine followed immune checkpoint therapy, immune cytokine plus chemotherapy, immune cytokine plus target therapy 
followed by immune checkpoint therapy, radiotherapy followed by immune checkpoint therapy plus chemotherapy, surgery plus target therapy followed by immune 
checkpoint therapy, target therapy followed by immune checkpoint therapy plus hormone therapy. (d) The number of immunotherapy related biomarkers for different 
types of biomarker. (e) The percentage and number of associations in different research types of the supporting publication.
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Figure 3. The web interface of search and excel table application. (a) A resulting table by searching words like “non-small cell lung carcinoma” indicates non-small cell 
lung carcinoma associating with 97 immunotherapies, 219 biomarkers, 20 targets, and 27 control therapies to form 624 associations. (b) Each association in 
CanImmunother was manually curated and annotated with valuable annotation. (c) The mean expression profile of fragments per kilobase of exon model 
per million mapped fragments (FPKM) of CTLA-4 in the GTEx and TCGA resources across 15 body parts.

Figure 4. CanImmunother assists users to identify better cancer immunotherapies and their predictive biomarkers. By using the excel table application in 
CanImmunother, five associations, which describe atezolizumab versus docetaxel with their predictive biomarkers and targets for NSCLC, were efficiently obtained 
from 624 associations. By further accessing and following the five associations in CanImmunother, we identify that atezolizumab immunotherapy is a better therapy for 
advanced NSCLC in comparison with docetaxel chemotherapy, and PD-L1 expression and EGFR mutational status are predictive for atezolizumab benefit.
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immunotherapies with 219 biomarkers, 20 targets, and 27 
control therapies (Figure 3a). In order to allow users to filter 
out interesting associations efficiently from those large num
bers of associations, an excel table application was implemen
ted for combinational filtration. For example, to compare the 
clinical efficacy and adverse event of atezolizumab immu
notherapy with docetaxel chemotherapy in NSCLC, we used 
the excel table application in CanImmunother and efficiently 
obtained five associations, which describe atezolizumab versus 
docetaxel with their biomarkers and targets for NSCLC, from 
624 associations (Figure 3a & 4). Moreover, we further accessed 
and followed the five associations in CanImmunother. The five 
associations suggested that (1) compared with docetaxel, ate
zolizumab is safer with better survival in patients with 
advanced NSCLC, regardless of PD-L1 expression; however, 
higher PD-L1 levels on tumor cells and tumor-infiltrating 
immune cells were likely to correlate with better outcome; (2) 
compared with docetaxel, atezolizumab significantly improved 
survival in patients with advanced NSCLC in overall and in the 
EGFR wild-type subgroup, but not in the EGFR mutant sub
group. So, through searching, filtering, accessing, and follow
ing the interesting association data in CanImmunother, we 
identified that atezolizumab immunotherapy is a better therapy 
for advanced NSCLC in comparison with docetaxel che
motherapy, and PD-L1 expression and EGFR mutational status 
are predictive biomarkers for the beneficial effect of 
atezolizumab.

Case study 2: association prioritization to prioritize cancer 
immunotherapies and their predictive biomarkers

Multiple publications probably support the same associa
tion. To enable further analysis of the associations, 2646 non- 
redundant associations were produced from the 3267 associa
tions in CanImmunother by removing data redundancy based 
on the supporting publications. Each non-redundant associa
tion was assigned with an association score for further prior
itization and analysis. The assignment of association score was 
described in detail at the “Materials and Methods” and the 
“Help” webpage. To promptly evaluate the associations, an 
association prioritization application was established based 
on the non-redundant association data in CanImmunother. 
Association prioritization application allows users to retrieve 
a cancer sub-type, an immunotherapy, a biomarker, and 
a target alone or together for prioritizing cancer immunother
apy association data with their predictive biomarkers and tar
gets. For instance, we searched by a keyword like “serum lactate 
dehydrogenase level” and promptly identified that seven cancer 
sub-types and ten immunotherapies are associated with the 
biomarker of serum lactate dehydrogenase level to form sixteen 
associations. The top three associated immunotherapies are 
ipilimumab, nivolumab, and pembrolizumab, and the top 
three associated cancer sub-types are melanoma, cutaneous 
melanoma, and non-small cell lung carcinoma (Figure 5a). 
The results allow sorting by association scores and filtering 
by specific cancer sub-types, immunotherapies, biomarkers, 
and targets through the “search” box (Figure 5a). In addition, 
each prioritized association data can be optionally visualized in 
an interactive network diagram to display their relationships 
(Figure 5b). Figure 5b displays all experimentally validated 

biomarkers for uveal melanoma with nivolumab therapy to 
target PD-1 protein.

Case study 3: network visualization to discover potential 
cancer immunotherapies and their predictive biomarkers and 
targets

To explore the relationships of the experimentally validated 
association data in CanImmunother for discovering cancer 
immunotherapies and their predictive biomarkers and targets, 
a network visualization application was implemented in 
CanImmunother. The application allows users to input a set 
of cancer sub-types, immunotherapies, biomarkers, and targets 
and to construct interactive networks to display their relation
ships. For instance, we entered an input of “head and neck 
squamous cell carcinoma and nasopharyngeal squamous cell 
carcinoma” and constructed an interactive network to explore 
the relationships of the two cancer sub-types with immu
notherapies, biomarkers, and targets (Figure 6). The interac
tion diagram shown that head and neck squamous cell 
carcinoma has nine predictive biomarkers such as PD-L1 and 
PD-L2 expression level, HPV infection, tumor mutational bur
den, and DNA mismatch repair-deficient or microsatellite 
instability for nivolumab, pembrolizumab, and durvalumab 
therapy to, respectively, target PD-1 and PD-L1 proteins, 
while nasopharyngeal squamous cell carcinoma has only one 
predictive biomarker of EBV-positive for MVA-EL vaccine 
therapy to target EBNA1 and LMB2 proteins (Figure 6). 
Moreover, the interaction diagram also implied that the nine 
biomarkers of head and neck squamous cell carcinoma may be 
potential predictive biomarkers for nasopharyngeal squamous 
cell carcinoma with nivolumab, pembrolizumab, and durvalu
mab therapy, but need to further validate and confirm by 
clinical trials (Figure 6). Furthermore, the network diagram 
indicates that for patients with head and neck squamous cell 
carcinoma, PD-L1 expression level on tumor cells is the com
mon biomarker of pembrolizumab and durvalumab by target
ing PD-1 and PD-L1 proteins, respectively (Figure 6). So, the 
network visualization application not only demonstrates rela
tionships between different cancer sub-types and immu
notherapies with their respective biomarkers and targets but 
also discovers and develops potential cancer immunotherapies 
and their predictive biomarkers and targets from the experi
mentally validated association data in CanImmunother. As the 
interactive networks may consist of many nodes and even more 
interactions (Figure 5b and Figure 6), CanImmunother offers 
users filtering function to hide those interactions that are less 
interesting (Figure 6). When selecting or unselecting some of 
the nodes, the interactive network will be changed accordingly, 
and a sub-network of the whole interactive network will then 
be displayed. In addition, all nodes in the network allow adjust
ment except for node legends.

Data access

Web service application programming interfaces (APIs) were 
implemented for programmatic access of association data in 
the CanImmunother database. The accessing data by the APIs 
are available in the universal JSON formats. Moreover, all 
association data in the database can be freely downloaded for 
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further investigation and integration. In addition, we encou
rage users to submit their new experimentally validated asso
ciation data for cancer immunotherapy. Once checked and 
approved by our submission review committee, the submission 
data will be included in a future release. Finally, a detailed 
tutorial for the database is available on the ‘Help’ web-page.

Discussion and conclusion

As the publications for cancer immunotherapy exploded expo
nentially in recent years, a large amount of experimentally 
validated association data for cancer immunotherapy remains 

hidden in the literature and is difficult to access and utilize. 
Therefore, the curation and analysis of these association data 
from publications can economically utilize the existing data 
fully for expediting translational research and application of 
cancer immunotherapy. In this study, we designed and con
structed a comprehensive database called CanImmunother 
through manually curating cancer immunotherapy association 
data from peer-review publications. We consistently correlated 
these association data with valuable annotation. As far as we 
are aware, CanImmunother is the first comprehensive and 
high-quality database to provide experimentally validated 
information of cancer immunotherapy in association with 
their biomarkers, targets, and control therapies. This database 

Figure 5. The web interface of association prioritization and network visualization in canimmunother. (a) A resulting table prioritizes cancer sub-types, immunothera
pies, and targets associated with the biomarker of serum lactate dehydrogenase level. (b) A network diagram displays all experimentally validated biomarkers for uveal 
melanoma with nivolumab therapy to target PD-1 protein. Green lines connect biomarker with cancer sub-type and immunotherapy, while blue lines connect target 
with cancer sub-type and immunotherapy. The values on the green lines are association scores. The thicker green lines represent larger association scores, and the 
thinner green lines for smaller association scores. The association scores are ranging from 0 to 1.0.
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can help to compare and clarify on clinical efficacy and adverse 
events of specific immunotherapy on a particular cancer type.

To accelerate the progress of cancer immunotherapy, several 
useful computational resources for cancer immunology have 
been developed recently.7,14–17 Different from these computa
tional resources such as CKTTD, our CanImmunother database 
focuses on providing various cancer immunotherapy association 
data with experimentally validated to help clinicians and 
researchers for identification and discovery of advanced immu
notherapy options for patients with cancer. In Case study 1, we 
used CanImmunother to access and follow the association data 
about atezolizumab immunotherapy versus docetaxel che
motherapy in advanced NSCLC and identified that atezolizumab 
is a better option in terms of efficacy and safety when compared 
with docetaxel, and PD-L1 expression and EGFR mutational 

status are predictive biomarkers for atezolizumab benefit. 
Moreover, in Case study 3, our network visualization application 
improved our insight on potential cancer immunotherapy and 
their predictive biomarkers and targets through exploring the 
relationships between different cancer sub-types, immunothera
pies and their biomarkers and targets.

Compared with CKTTD, our CanImmunother database sig
nificantly outperforms CKTTD in data coverage, data quality, 
and application feature (Table 1). First, our CanImmunother 
database covers various types of cancer immunotherapy, includ
ing immune checkpoint therapy, tumor vaccine, immune 
related cytokine, cellular immunotherapy, oncolytic virus, and 
their combination or they combined with other non- 
immunotherapy, such as chemotherapy, target therapy, radio
therapy, chemoradiotherapy and hormone therapy, while 

Figure 6. Network visualization explores relationships of the experimental association data in canimmunother to discover potential cancer immunotherapies and their 
predictive biomarkers and targets. The network diagram displays the relationships of head and neck squamous cell carcinoma and nasopharyngeal squamous cell 
carcinoma with their immunotherapies, biomarkers, and targets. Green lines connect biomarker with cancer sub-type and immunotherapy, while blue lines connect 
target with cancer sub-type and immunotherapy. The values on the green lines are association scores. The thicker green lines represent larger association scores, and 
the thinner green lines for smaller association scores. The association scores are ranging from 0 to 1.0.
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CKTTD provides information related to single agent of immune 
checkpoint therapy only (Figure 2 c & Table 1). Second, each 
association in CanImmunother was annotated with extra valu
able annotation, including predictive biomarkers, control thera
pies, clinical efficacy and adverse events, sample information, 
and the research type and study design of the supporting pub
lications, while associations in CKTTD do not have similar 
function (Figure 3 c & Table 1). Third, CanImmunother offers 
extra applications for further analysis on the association data, 
including excel table application, association prioritization, and 
network visualization (Table 1). Finally, the number of associa
tions, cancer sub-types, and immunotherapies contained in 
CanImmunother are approximately 12.60-, 6.61-, and 9.13- 
fold of those in CKTTD (Table 1). In addition, each association 
in CanImmunother was designated with an association score for 
prioritization by assigning different weights to different research 
types of the supporting publications. The comparison of data 
contents and features between CanImmunother and CKTTD is 
shown in Table 1.

With the rapid advancement of cancer immunotherapy, 
more and more experimentally validated cancer immunotherapy 
data are expected to be reported in the near future. To serve the 
research communities in fully utilizing the vast amount of data, 
we will update CanImmunother every six months and constantly 
improve it with more features and functionalities. Currently, all 
data in CanImmunother were manually curated from peer- 
review publications, thus without association data from the 
international collaboration projects and resources, such as 
TCGA 28, International Cancer Genome Consortium (ICGC) 
33, and Gene Expression Omnibus (GEO) 34. Therefore, we plan 
to enrich new association data through analyzing cancer immu
notherapy-related datasets in those projects and resources. In 
addition, we will also develop and integrate more computational 
resources 35–37 and tools 8,9,13 in the database to annotate and 
analyze those association data, such as similarity prediction 
between new chemicals and known cancer immunotherapeutic 
agents. In conclusion, as a timely and helpful resource, 
CanImmunother will enhance our insight on cancer immu
notherapy, and to facilitate the identification and discovery of 
advanced immunotherapy options for patients with cancer.
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