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Abstract With accumulating dysregulated circular RNAs (circRNAs) in pathological processes,

the regulatory functions of circRNAs, especially circRNAs as microRNA (miRNA) sponges and

their interactions with RNA-binding proteins (RBPs), have been widely validated. However, the

collected information on experimentally validated circRNA–disease associations is only preliminary.

Therefore, an updated CircR2Disease database providing a comprehensive resource and web tool

to clarify the relationships between circRNAs and diseases in diverse species is necessary. Here, we

present an updated CircR2Disease v2.0 with the increased number of circRNA–disease associations

and novel characteristics. CircR2Disease v2.0 provides more than 5-fold experimentally validated

circRNA–disease associations compared to its previous version. This version includes 4201 entries

between 3077 circRNAs and 312 disease subtypes. Secondly, the information of circRNA–miRNA,

circRNA–miRNA–target, and circRNA–RBP interactions has been manually collected for various

diseases. Thirdly, the gene symbols of circRNAs and disease name IDs can be linked with various

nomenclature databases. Detailed descriptions such as samples and journals have also been

integrated into the updated version. Thus, CircR2Disease v2.0 can serve as a platform for users

to systematically investigate the roles of dysregulated circRNAs in various diseases and further

explore the posttranscriptional regulatory function in diseases. Finally, we propose a

computational method named circDis based on the graph convolutional network (GCN) and

gradient boosting decision tree (GBDT) to illustrate the applications of the CircR2Disease v2.0
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database. CircR2Disease v2.0 is available at http://bioinfo.snnu.edu.cn/CircR2Disease_v2.0 and

https://github.com/bioinforlab/CircR2Disease-v2.0.

Introduction

Circular RNAs (circRNAs) are a type of endogenous non-
coding RNAs formed through back-splicing or lariat events
in genes [1]. Owing to their circular characteristics, circRNAs

are difficult to be degraded by exonucleases and are more
stable than linear RNAs [2]. Accumulating evidence indicates
that circRNAs play significant roles in physiological and
pathological processes by acting as microRNA (miRNA)

and RNA-binding protein (RBP) sponges, regulators of tran-
scription and splicing [3], and translators to produce polypep-
tides. Currently, the changes in circRNA expression profiles in

various diseases, such as cancer [4], Alzheimer’s disease [5],
and cardiovascular disease [6], have attracted increasing atten-
tion. Thus, circRNAs may have significant application as diag-

nostic biomarkers for complex diseases.
Recently, several circRNA-related databases have been

constructed, such as circBase [7], CircInteractome [8], and

starBase [9]. These mainly provide basic circRNA annotation
and functional information. The published circRNA-related
databases are listed in Table 1. Although some disease-
related circRNA databases have been developed, such as

Circ2Traits [11] and CSCD [20], the circRNAs in these
databases are mainly analyzed using next-generation
sequencing technology and bioinformatics tools. To further

understand the roles of circRNAs in diseases, it is necessary
to determine the associations between circRNAs and diseases.

Therefore, the first version of CircR2Disease database was
constructed to collect 739 high-quality associations between

661 circRNAs and 100 diseases, prior to March 31, 2018
[33]. CircRNADisease [34], Circ2Disease [35], and Circad
[36] databases were subsequently established, and these

databases contained 354, 273, and 1388 circRNA–disease
associations, respectively. Owing to the increasing reports on
circRNA–disease associations, the collected circRNA–disease
associations are not suffiently thorough. Furthermore, the

regulatory functions of circRNAs, especially as miRNA
sponges and RBPs, have been widely validated. Therefore,
an updated CircR2Disease database for collecting and

integrating more resources focusing on circRNAs as disease
biomarkers is urgently required.

In this study, we updated the CircR2Disease database to

version 2.0 (named CircR2Disease v2.0), aiming to provide a
comprehensive resource and web tool to clarify the
relationships between circRNAs and diseases in diverse

species. The updated CircR2Disease v2.0 includes 4201 entries
of circRNA–disease associations retrieved from 2449 existing
publications prior to May 15, 2021, exceeding the previous
version by over 5-fold. In addition, the updated version of

CircR2Disease database also includes high-quality
information on genes producing circRNAs, circRNA–miRNA
interactions, miRNA–miRNA target interactions, and

circRNA-binding proteins. Furthermore, we proposed a
computational method called circDis to predict the potential

Figure 1 Overview of the entry information curated in CircR2Disease v2.0

The information of CircR2Disease v2.0 consists of three parts, circRNA information, disease information, and other information.

circRNA information includes CRD ID, circRNA name, synonyms, species, region, strand, gene symbol, interacted miRNAs, miRNA

targets, other associators, external links for gene symbol including HGNC, Entrez gene, Ensembl, and OMIM. Disease information

includes disease name, external links for disease names including disease ontology, MeSH, OMIM, EFO, NCI Thesaurus code, UMLS

CUI, and HPO. Other information includes expression pattern, sample, experimental techniques, brief description, Pubmed ID, year, title,

and journal. CRD ID, the ID of CircR2Disease v2.0; HGNC, HUGO Gene Nomenclature Committee; OMIM, Online Mendelian

Inheritance in Man; MeSH, medical subject headings; EFO, experimental factor ontology; NCI, National Cancer Institute; UMLS CUI,

Unified Medical Language System concept unique identifier; HPO, human phenotype ontology.
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circRNA–disease associations as an example of the application

of CircR2Disease v2.0. circDis was developed by combining
graph convolutional network (GCN) and gradient boosting
decision tree (GBDT). The results thus indicate that the

updated CircR2Disease v2.0 can contribute to predicting
circRNA–disease associations and exploring the roles of the
circRNAs in disease diagnosis, treatment, and prognosis.

Data expansion and pre-processing

CircR2Disease v2.0 is an updated database for the increased

information on circRNA–disease associations, and the details
for each entry are depicted in Figure 1. First, the PubMed
database was used to search relevant literature using

keywords, such as ‘‘circular disease” and ‘‘circRNA cancer”
(prior to May 15, 2021). Moreover, the literature was
rescreened to retrieve more information on the
CircR2Disease database. Secondly, entries between

dysregulated circRNAs and diseases were collected, supported
by strong experimental techniques (qRT-PCR, Western blot,

luciferase reporter assay, and others). In addition, circRNAs

with validated or predicted functions as miRNA sponges,
circRNA–miRNA–target interactions, circRNA-related
associators in the literature were also manually curated.

Thirdly, the circRNA names and disease names were
normalized to multiple nomenclature resources. As circRNAs
from different studies may have more than one name, we
normalized them using circBase database IDs. Furthermore,

external links and corresponding IDs for the host genes of
circRNAs were provided, including HUGO Gene
Nomenclature Committee (HGNC), Entrez Gene, Ensembl,

and Online Mendelian Inheritance in Man (OMIM) databases.
As for disease names, we provided multiple disease
nomenclature database links, including disease ontology

(DO), medical subject headings (MeSH), OMIM, experimental
factor ontology (EFO), NCI thesaurus code, Unified Medical
Language System concept unique identifier (UMLS CUI),

and human phenotype ontology (HPO).
Although four databases have been constructed for

collecting experimentally supported circRNA–disease
associations, the entries are kept in the updated CircR2Disease

Table 2 The features of current circRNA–disease association databases

Feature CircR2Disease v2.0 CircR2Disease CircRNADisease Circ2Disease Circad

circRNA–disease associations 4201 725 354 273 1388

circRNAs 3077 661 330 237 1292

Gene symbols 1611 445 236 211 706

Disease subtypes 312 100 48 54 129

circRNAs regulated by miRNAs 1496 – 148 44 –

circRNAs as miRNA sponges 1108 – 35 40 –

circRNA-binding proteins 283 – 22 20 –

Disease name IDs DO, MeSH, OMIM, EFO, HPO, etc. – – – –

Gene symbol IDs HGNC, Entrez Gene, Ensembl, OMIM – – – –

Note: DO, disease ontology; MeSH, medical subject headings; OMIM, Online Mendelian Inheritance in Man; EFO, experimental factor ontology;

HPO, human phenotype ontology; HGNC, HUGO Gene Nomenclature Committee. –, not available.

Figure 2 Information on CircR2Disease v2.0

A. Distribution of circRNA–disease associations in three databases. B. Distribution of disease entries in CircR2Disease v2.0.
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v2.0 database. Comparison of CircR2Disease v2.0 with
CircR2Disease and three other databases indicated that the
CircR2Disease v2.0 database provides the largest number of

associations and features (Table 2). In CircR2Disease v2.0,
because the Circad database is not available, we collected
strong experimentally validated associations recorded in

CircRNADisease and Circ2Disease. In addition, we plotted
the distribution of circRNA–disease entries in
CircRNADisease, Circ2Disease, and CircR2Disease v2.0. We

then found that CircRNADisease has 71 circRNA–disease
associations only detected by microarray or RNA-seq
techniques (Figure 2). Furthermore, according to the disease
hierarchy based on MeSH [37], we conducted a survey on

the circRNA–disease entries in CircR2Disease v2.0. The
results revealed that neoplasms are the most thoroughly
investigated disease subtypes (68.7%), followed by cardiovas-

cular diseases (5.76%) and nervous system diseases (4.81%)
(Figure 2).

Improved user interface

In this study, we used the SQL server to store and manage the
data in CircR2Disease v2.0. The website was built using

the ‘‘.Net”, a C# web framework (version 4.5). CircR2Disease
v2.0 is available at http://bioinfo.snnu.edu.cn/CircR2Disease_
v2.0 and https://github.com/bioinforlab/CircR2Disease-v2.0,

and the previous version CircR2Disease database is still in ser-
vice at http://bioinfo.snnu.edu.cn/CircR2Disease/.

CircR2Disease v2.0 provides a novel web service for users

to browse, search, download, and submit circRNA–disease
associations (Figure 3). From the ‘‘Browse” page, users can
view the entries of interest regarding circRNA–disease associa-

tions by selecting the species, circRNAs, or diseases in three
pull-down menus (Figure 3A). The ‘‘Search” page is divided
into ‘‘Quick Search” and ‘‘Advanced Search”. On the ‘‘Quick
Search” page, users can search by the circRNA name, disease

name, or gene symbol (Figure 3B). On the ‘‘Advanced Search”
page, the sample or experiment information can be restricted
to obtain a systemic search (Figure 3C). As a result,

CircR2Disease v2.0 returns a brief table with seven items,
including CRD ID (the ID of CircR2Disease v2.0), circRNA
name, gene symbol, disease name, expression pattern, and

Pubmed ID (Figure 3D). When clicking the hyperlink of ‘More
Details’ in the result table on the ‘‘Browse” page, the entry
details are displayed with three main parts, circRNA informa-

tion (CRD ID, circRNA name, synonyms, species, region,
strand, gene symbol, expression pattern, binding miRNAs,

Figure 3 Schematic workflow for CircR2Disease v2.0

A. Users could browse circRNA–disease associations by selecting the species, disease names, or individual circRNAs with circBase ID,

circRNA name, and host gene. B. Interface of the ‘‘Quick Search” model in a fuzzy or exact manner. C. Interface of the ‘‘Advanced

Search” model. D. Results of the ‘‘Browse” or ‘‘Search” page. E. Detailed information of the circRNA–disease entries.
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miRNA targets, other associators, and external links for gene
symbol including HGNC, Entrez gene, Ensembl, and OMIM),
disease information (disease name, and external links for dis-

ease names including disease ontology, MeSH, OMIM, EFO,
NCI thesaurus code, UMLS CUI, and HPO), and reference
(Pubmed ID, sample, experimental techniques, brief

description, year, title, and journal) (Figure 3E). In addition,
users can submit novel experimentally validated circRNA–
disease associations on the ‘‘Submit” page. The ‘‘Download”

page allows users to obtain the data in CircR2Disease v2.0.
On the ‘‘Help” page, a detailed tutorial on how to use the
database is available.

Interactions of biomolecules in CircR2Disease v2.0

The CircR2Disease v2.0 database includes 4201 circRNA–dis-

ease entries, 3077 circRNAs (1496 circRNAs are regulated by

miRNAs, and 1108 circRNAs are validated as miRNA
sponges), 1611 genes, 312 diseases, and 283 circRNA-binding
proteins (Table 2). Besides the experimentally verified

circRNA–disease associations, the database also includes
high-quality information on genes producing circRNAs,
circRNA–miRNA interactions, miRNA–miRNA target

interactions, and circRNA-binding proteins. Therefore, these
relationships could be used to study the pathogenesis of
complex diseases. In this section, circRNA–gene, circ

RNA–miRNA, circRNA–miRNA–target, and circRNA–RBP
interactions are integrated into the circRNA–disease
interaction network. For example, the hsa_circ_0007874,
circRNA-MTO1, circMTO1, hsa_circ_0132266, and hsa_

circ_0076979 are derived from the MTO1 gene locus (Figure
4). By facilitating the analysis of more relationships among the
biomolecules involved in diseases, this database is useful for

predicting circRNA–disease associations, as well as for explor-
ing the roles of other related biomolecules in complex diseases.

Figure 4 Relationships among the MTO1 gene, circRNAs derived from the MTO1 gene locus, miRNAs, miRNA targets, and circRNA-

binding proteins

Pink nodes represent circRNAs, red nodes represent diseases, blue nodes represent miRNAs, yellow nodes represent miRNA targets,

green nodes represent circRNA-binding proteins, and edges represent relationships among circRNAs, diseases, and other biomolecules.

440 Genomics Proteomics Bioinformatics 20 (2022) 435–445



Applications of CircR2Disease v2.0

The collected data resources could be widely used to predict the
circRNA–disease associations, depict the high-quality

miRNA–circRNA associations, predict the circRNA-binding
proteins, etc. In addition, because circRNAs are a class of
non-coding RNAs, the information of CircR2Disease v2.0

could also be utilized to predict the miRNA–disease and long
non-coding RNA (lncRNA)–disease associations [38]. For
example, experimentally validated circRNA–disease associa-
tions are widely applied to design computational methods for

predicting relationships between circRNAs and diseases, such
as PWCDA [39], KATZHCDA [40], iCircDA-MF [41],
DWNN-RLS [42]. In this section, we propose a computational

method named circDis based on GCN and GBDT to mine
potential circRNA–disease associations.

Prediction of circRNA–disease associations with GCN and GBDT

In this section, we present the GCN- and GBDT-based
framework named circDis, developed to predict potential

circRNA–disease associations. The flow chart of the circDis
method is shown in Figure 5. First, GCN is used to extract
circRNA features and disease features from the bipartite graph

of known circRNA–disease associations. Meanwhile, we
calculate circRNA functional similarity, disease semantic
similarity, and Gaussian interaction profile (GIP) kernel

similarity for circRNAs and diseases. Second, the circRNA
sequence information and disease names are converted to the
node features of a network using k-mer encoding and word

embedding techniques, respectively. Finally, the feature
vectors of circRNA–disease pairs can be obtained based on
circRNA features and disease features; we then apply a GBDT
classifier to predict the potential circRNA–disease associations.

Similarities in circRNA and disease associations

The gold standard circRNA–disease associations were derived

from CircR2Disease v2.0, and the human associations between
circRNAs and diseases were retained when the circRNAs
matched the circRNA IDs in the circBase database [7]. Here,

we extracted 2099 experimentally validated circRNA–disease
associations from CircR2Disease v2.0, which involved 1577

Figure 5 Schematic of the circDis model for predicting circRNA–disease associations

Firstly, GCN is used to extract circRNA features and disease features from the bipartite graph of known circRNA–disease associations.

Meanwhile, circRNA functional similarity, disease semantic similarity, and GIP kernel similarity for circRNAs and diseases are

calculated. Secondly, the circRNA sequence information and disease names are converted to the node features of a network using k-mer

encoding and word embedding techniques, respectively. Then, the feature vectors of circRNA–disease pairs can be obtained based on

circRNA features and disease features. Finally, we apply a GBDT classifier to predict the potential circRNA–disease associations. GCN,

graph convolutional network; PCA, principal component analysis; GBDT, gradient boosting decision tree; ReLU, Rectified Linear Unit.
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circRNAs and 202 diseases. We defined the adjacency matrix I
to represent the circRNA–disease associations. If there was an
association between circRNA i and disease j, Ii,j was

considered equal to 1; otherwise, it was considered equal to 0.
We further constructed the circRNA functional similarity

matrix CF and disease semantic similarity matrix DSe. The

circRNA functional similarity matrix was computed according
to the previous method proposed by Wang et al. [43], whereas
the disease sematic similarity matrix was calculated based on

the DOSE tool [44]. Considering that some circRNAs or
diseases have no similarity scores in CF and DSe, we calculated
the GIP kernel similarity for circRNAs (CG) and diseases
(DG), respectively. We used the matrix CG and matrix DG

to replace the zero values in the similarity matrices CF and
DSe, respectively. The circRNA fusion similarity (CS) and
disease fusion similarity (DS) are defined as follows:

CSði; jÞ ¼ CFði; jÞ; if CFði; jÞ–0

CGði; jÞ; otherwise

�
ð1Þ

DSði; jÞ ¼ DSeði; jÞ; if DSeði; jÞ–0

DGði; jÞ; otherwise

�
ð2Þ

By integrating the circRNA similarity network, disease

similarity network, and circRNA–disease association network,
we constructed a circRNA–disease heterogeneous network.

Extracted features of circRNAs and diseases using GCN

In previously proposed GCN [45], the number of graph edges
follows a linear scale, and hidden layer representations that
encode both local graph structure and features of nodes are

learned. In this study, GCN was employed to learn the latent
representation of circRNAs and diseases by combining the
circRNA–disease association matrix I. The circRNA–disease

heterogeneous network A is defined as follows:

A ¼ 0 I

IT 0

� �
ð3Þ

where matrix A is a symmetric matrix, and each node in the
heterogeneous network can connect with itself. Then, the

normalized symmetric adjacent matrix Â of matrix A is

calculated as:

Â ¼ D�1A ð4Þ
where D is the degree matrix, and its diagonal elements are:

Dii ¼
X
j

Aij ð5Þ

The forward propagation of this network followed the

method described by Kipf [45], which is defined as follows:

Hl ¼ ReLuðÂHl�1Wl�1Þ ð6Þ
where Hl�1 indicates the features of the (l�1) layer. Specially,
H0 is an identity matrix, with the diagonal elements 1. The
latent embedding vectors of circRNAs and diseases are defined

as circ_gcn and dis_gcn, respectively.
In this study, two-layer GCN was used to obtain the

circRNA and disease features. The dimensions of the two

layers are 32 and 16, respectively. To prevent overfitting, the
dropout rate was introduced, which can select some neurons
randomly, hide or discard them temporarily, and then train

and optimize them. We set the dropout rate as 0.05 and the
learning rate as 0.001. Finally, we obtained the latent
embedding vector of circRNA, circ_gcn, and the latent

embedding vector of disease, dis_gcn, both with dimensions
of 8.

Construction of feature vectors for circRNA–disease pairs

To better enrich the features of circRNAs and diseases,
circRNA sequence features and disease name features were also

introduced. The circRNA sequences were extracted from the
circBase database [7], and the circRNA sequence features were
converted to their feature vectors with 3-mer encoding. Disease

name features were transformed into word vectors using bidir-
ectional encoder representations from transformers (BERT)
[46]. We then utilized principal component analysis (PCA) to
obtain low-dimensional circRNA fc and disease fd feature vec-

tors. Specifically, the dimensions of both fc and fd are 8.
Finally, three types of circRNA features and three types of

disease features were obtained. The three types of circRNA

(disease) features include circRNA (disease) fusion feature,
low-dimensional circRNA (disease) feature, and embedding
vector of circRNA (disease) extracted from the circRNA–

disease bipartite network with GCN. The feature matrices of
circRNAs and diseases can be defined as Fcirc ¼ CS; fc; circ gcn½ �
and Fdis ¼ DS; fd; dis gcn½ �, respectively. The feature vector of
circRNA ci and disease dj can be defined as follows:

Fi;j ¼ Fcircði; �Þ;Fdisðj; �Þ½ � ð7Þ
where Fi,j is the feature vector of the association between

circRNA ci and disease dj. The matrix F is used to indicate
the feature of all circRNA–disease pairs. [�] indicates the
connection of two vectors.

Training the circDis model

GBDT is the combination of decision trees and gradient
boosting. GBDT inherits many advantages of decision trees,

but also improves on their disadvantages. As the trees used
by GBDT are all low complexity trees, the variance is very
small. Integration of multiple decision trees through gradient

promotion can finally solve the problem of overfitting [47].
GBDT is an additive model composed of multiple cart decision
regression trees, and can be described as follows:

Fm xð Þ ¼
XM
m¼1

Tðx; hmÞ ð8Þ

where M indicates the total training times of the model, and a
weak classifier Tðx; hmÞ is generated each time. The model of
step m can be expressed as:

Fm xð Þ ¼ Fm�1 xð Þ þ Tðx; hmÞ ð9Þ
where Fm�1ðxiÞ represents the current model, and GBDT
determines the next weak classifier by minimizing the
parameters.

ĥm ¼ argmin
XN
i¼1

Lðyi;Fm�1ðxiÞ þ Tðxi; hmÞÞ ð10Þ

where N is the number of samples, L (�) represents the loss

function.
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In the iteration of GBDT, a weak learner is found based on
the strong learner obtained in the previous iteration to mini-

mize the loss function in this round. In other words, the core
of GBDT is that each tree learns the results and residuals of
all previous trees. This residual is an accumulated amount that

can be obtained after adding the predicted value.
GBDT is a mature algorithm that has been integrated into

the machine library in Python. In this study, we used GBDT to

classify circRNA–disease pairs by feeding the final feature into
the GBDT classifier. The main parameters of GBDT,
learning_rate, max_depth, and min_samples_leaf, are set to

0.1, 3, and 30, respectively.
During the training process of the circDis model, we mini-

mized the cross-entropy loss and utilized the 5-fold cross-
validation to evaluate the performance of the proposed

method. All samples are divided into five equal parts; each part
is regarded as testing samples in turn, whereas the other parts
are selected as training samples. The area under the receiver

operating characteristic curve (AUC) is selected as the evalua-
tion metric of model classification ability. As shown in Figure

6, the AUC value of circDis is 0.95185, which is better than five

other methods, including KATZ, NetCF, RWR, BiRWR, and
RWRKNN. Therefore, CircR2Disease v2.0 could be effec-
tively utilized to predict potential circRNA–disease

associations.

Conclusion

Information regarding associations between circRNAs and
diseases is valuable information for clinical diagnosis,
prognosis, and treatment. In this study, the CircR2Disease

database was updated to CircR2Disease v2.0, including novel
services and high-quality information on the latest
circRNA–disease associations. Information of the experimen-

tally validated circRNA–miRNA, circRNA–miRNA–target,
and circRNA–RPB interactions from literature were also inte-
grated. This circRNA-related information could provide

effective materials to design computational models for mining
potential circRNA–disease associations. In this study, we also
proposed a computational model to predict potential

associations between circRNAs and diseases, based on machine
learning and multiple similarity features. Furthermore, the
circRNA–disease associations and experimentally validated

circRNA–miRNA interactions could be integrated to mine
miRNA–disease associations. Therefore, we believe that
CircR2Disease v2.0 can serve as a significant resource to study

dysregulated circRNAs as disease mechanisms in the future.

Data availability

The CircR2Disease v2.0 database is available at http://bioinfo.
snnu.edu.cn/CircR2Disease_v2.0, and also available at https://
github.com/bioinforlab/CircR2Disease-v2.0.

CRediT author statement

Chunyan Fan: Data curation, Visualization, Writing - original
draft. Xiujuan Lei: Conceptualization, Supervision, Writing -
review & editing. Jiaojiao Tie: Methodology. Yuchen Zhang:

Methodology, Visualization. Fang-Xiang Wu: Writing -

review & editing. Yi Pan: Writing - review & editing. All
authors have read and approved the final manuscript.

Competing interests

The authors have declared no competing interests.

Acknowledgments

This work is supported by the National Natural Science Foun-

dation of China (Grant Nos. 61972451, 61672334, and
61902230) and the Fundamental Research Funds for the Cen-
tral Universities (Grant No. GK201901010).

ORCID

ORCID 0000-0002-0954-1327 (Chunyan Fan)
ORCID 0000-0002-9901-1732 (Xiujuan Lei)

ORCID 0000-0002-8348-5394 (Jiaojiao Tie)
ORCID 0000-0003-1991-1560 (Yuchen Zhang)
ORCID 0000-0002-4593-9332 (Fang-Xiang Wu)

ORCID 0000-0002-2766-3096 (Yi Pan)

References

[1] Li X, Yang L, Chen LL. The biogenesis, functions, and challenges

of circular RNAs. Mol Cell 2018;71:428–42.

[2] Su M, Xiao Y, Ma J, Tang Y, Tian B, Zhang Y, et al. Circular

RNAs in cancer: emerging functions in hallmarks, stemness,

resistance and roles as potential biomarkers. Mol Cancer

2019;18:90.

[3] Conn VM, Hugouvieux V, Nayak A, Conos SA, Capovilla G,

Cildir G, et al. A circRNA from SEPALLATA3 regulates splicing

of its cognate mRNA through R-loop formation. Nat Plants

2017;3:17053.

Figure 6 ROC curves and AUC values of the circDis method

The ROC curves and AUC values of the circDis and other five

methods. ROC, receiver operating characteristic; AUC, area

under the receiver operating characteristic curve.

Fan C et al / CircR2Disease v2.0: An Updated Web Server for circRNA–disease Associations 443



[4] Bach DH, Lee SK, Sood AK. Circular RNAs in cancer. Mol Ther

Nucleic Acids 2019;16:118–29.

[5] Lu Y, Tan L, Wang X. Circular HDAC9/microRNA-138/Sirtuin-

1 pathway mediates synaptic and amyloid precursor protein

processing deficits in Alzheimer’s disease. Neurosci Bull

2019;35:877–88.

[6] Zhao B, Li G, Peng J, Ren L, Lei L, Ye H, et al. CircMACF1

attenuates acute myocardial infarction through miR-500b-5p-

EMP1 axis. J Cardiovasc Transl Res 2021;14:161–72.
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