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ABSTRACT

The Animal Transcription Factor DataBase (Ani-
malTFDB) is a resource aimed to provide the most
comprehensive and accurate information for ani-
mal transcription factors (TFs) and cofactors. The
AnimalTFDB has been maintained and updated for
seven years and we will continue to improve it.
Recently, we updated the AnimalTFDB to version
3.0 (http://bioinfo.life.hust.edu.cn/AnimalTFDB/) with
more data and functions to improve it. AnimalTFDB
contains 125,135 TF genes and 80,060 transcription
cofactor genes from 97 animal genomes. Besides the
expansion in data quantity, some new features and
functions have been added. These new features are:
(i) more accurate TF family assignment rules; (ii) clas-
sification of transcription cofactors; (iii) TF binding
sites information; (iv) the GWAS phenotype related
information of human TFs; (v) TF expressions in 22
animal species; (vi) a TF binding site prediction tool
to identify potential binding TFs for nucleotide se-
quences; (vii) a separate human TF database web in-
terface (HumanTFDB) was designed for better utiliz-
ing the human TFs. The new version of AnimalTFDB
provides a comprehensive annotation and classifi-
cation of TFs and cofactors, and will be a useful re-
source for studies of TF and transcription regulation.

INTRODUCTION

Transcription factors (TFs) are special proteins with se-
quence specific DNA-binding domains (DBDs) that bind
target DNA to promote or suppress gene transcription
(1) and play key roles in all kinds of biological processes

(2). Accurate identification of TFs is the basis for study-
ing the function of TFs. There are several databases for
TFs, for example, the current most comprehensive plant
TFs were well-defined and established by the PlantTFDB
databases (3,4). For animal TF databases, although there
are some databases such as The Human Transcription Fac-
tors database (5) and REGULATOR (6), which focus on
single genome and 77 metazoan species, respectively. Our
AnimalTFDB is the first and most comprehensive ani-
mal TF database including classification and annotation of
genome-wide TFs and cofactors. The AnimalTFDB was
firstly built in 2011 (7) and in 2015 it was updated to An-
imalTFDB v2.0 (8) with more species and annotations. It
has been accessed by millions, cited by hundreds and widely
used for the functional studies of animal TFs and TF pre-
diction.

As one of the major regulator types in biological pro-
cesses or diseases, TFs have been well studied in many as-
pects, such as functions and regulatory mechanism (9), evo-
lutionary analysis (10), drug targets analysis (11,12), dis-
ease or phenotype of TFs (13–15), TF regulatory networks
(16), TF target prediction (17), and TF-related single nu-
cleotide polymorphisms (SNPs) (18). The regulatory net-
works and functional interactions between TFs and tar-
get binding sites play key roles in cancers and other dis-
eases (19,20). The DNA binding sites of hundreds of ver-
tebrate TFs have been determined and collected by sev-
eral databases. HOCOMOCO contains transcription factor
binding site (TFBS) models of several hundreds of human
and mouse TFs (21). Besides, TRANSFAC and JASPAR
(22) embrace TFBS of several animal species, and Cis-BP
database (23) contains 6559 TFBS of 340 species. These re-
sources laid the foundation of regulatory research for TFs.
Since the TFBS is a short DNA sequence, genomic variants
about SNPs and mutations will affect the TF binding and
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regulation. Genome-wide association studies (GWAS) (24)
identified many phenotype related variants genome widely
which may be a useful resource to explore TF related vari-
ants and phenotypes (25,26).

In the past 4 years, the number of species in Ensembl
database has increased by doubled. To meet the urgent de-
mand of data-driven research, we upgraded AnimalTFDB
to version 3.0, which covers more species, more TFs and
cofactors with the latest annotation and new functions. In
addition, TF related GWAS phenotype and TFBS infor-
mation were integrated, as well as a TFBS prediction tool
was provided. The new AnimalTFDB3.0 will be a useful re-
source for transcriptional regulation and comparative ge-
nomic research.

DATA SOURCE AND SUMMARY

All protein sequences of 97 animal genomes were down-
loaded from the Ensembl database (version 92) (27). In An-
imalTFDB3.0, we identified 125,135 TFs and 80,060 tran-
scription cofactors in 97 animal species (Table 1) by using
the improved prediction pipeline as described in next sec-
tion. There are 1665 TFs (7.34% in protein-coding genes)
and 1025 cofactors (4.52%) in human. The numbers of
TFs and cofactors in 97 species were shown in Supplemen-
tary Table S1. Statistical data shows that TFs account for
5–8.5% of protein-coding genes in vertebrates, while this
data reduced to 2.9% ∼4% in other eukaryotic organisms
(Supplementary Table S1). The ’Species’ page was shown
in Figure 1A. We collected a large amount of annotations
from the NCBI Entrez Gene and Ensembl databases, in-
cluding basic information, gene phenotypes, homologous
genes, and Gene Ontology (GO). We acquired protein-
protein interaction (PPI) data from BioGRID (28) and
HPRD (29). The protein functional domains were predicted
by the PfamScan for all protein domain models in Pfam
database, while the signaling pathway information was ob-
tained from BioCarta (https://cgap.nci.nih.gov/Pathways/
BioCarta Pathways) and KEGG databases.

Next, 4257 gene-SNP pairs (2469 for TFs and 1796
for transcription cofactors) with the corresponding GWAS
phenotypes were gathered from the latest GWAS Catalog
(25) and dbSNP (release 144) (30). Furthermore, TFBS
for 18,952 TFs of 51 species were integrated from HO-
COMOCO (21), TRANSFAC, JASPAR (22) and CIS-BP
databases. In addition, we collected TF expression from
TCGA (31), EMBL-EBI Expression Atlas (32), RNA-seq
data published by Li et al. (33) and bgee database (34) of
22 animal species as well as the human protein expressions
from Human Protein Map (35). In AnimalTFDB3.0, the
data amount and types are more comprehensive compared
with the previous two versions (Table 1).

IMPROVED CONTENT AND NEW FEATURES

Animal TF family and assignment rules

TFs are typically characterized and classified into specific
families by their conserved DBDs. We adjusted the TF fami-
lies based on the AnimalTFDB2.0 by extracting several new
families from the ‘Others’ groups or merge some families af-
ter systematically literature review. The five new TF families

extracted from the ‘Others’ group of previous version were
zf-CCCH, LRRFIP, DACH, GCFC and CSRNP. In addi-
tion, we moved the CEP-1 family into the ‘Others’ group
because it has only one TF and also merged the C/EBP and
TF bZIP 2 families into TF bZIP family because of them
with the same DBD (36). Finally, we obtained 73 TF fam-
ilies in AnimalTFDB3.0 including an ‘Others’ group con-
tained orphan TFs.

We set up three rules to classify a TF into its correct fam-
ily. First, if a superfamily has several families, we classified
the TFs based on the family specific domain. For example,
the zf-C2H2 superfamily includes two families: zf-C2H2
and ZBTB. Proteins containing both zf-C2H2 and ZBTB
domains were assigned into the ZBTB family, while proteins
with only zf C2H2 domain were classified into the zf-C2H2
family. The second rule is that if a TF has multiple unrelated
DBDs, we will categorize it into the family with the smallest
E value in DBD prediction. The third rule is that some pro-
teins were predicted by some DBDs but they were annotated
as enzymes based on their functional domains and func-
tions, we removed them by their enzyme related domains.
For example, we found some acetyltransferases were also
predicted a zf-C2HC domain, so they were removed by the
prediction result of acetyltransferase domain MOZ SAS.

TF prediction pipeline

Based on the TF family and classification rules, we built
the TF prediction pipeline. The Hidden Markov Model
(HMM) profiles for DBDs of 58 TF families were down-
loaded from the latest Pfam database (version 31.0) (37)
and 14 TF families were reconstructed based on the DBD
sequences from classical species (human, mouse, zebrafish
and fly) by ourselves with HMMER (v3.1b2) (38). The self-
build HMM files of 14 TF families are downloadable in the
‘Download’ or ‘Document’ page. Next, we ran the hmm-
search program in HMMER package to search all the pro-
tein sequences against all DBD HMM profiles to predict
TFs in each species. To improve the accuracy of prediction
result, we set different E-value thresholds for different fam-
ilies (Supplementary Table S2 and online document page)
based on our manual curation rather than using a fixed cut-
off. For instance, E-value 1e–3 for zf-C2H2 domain while
1e–20 for zf-CCCH. In addition, orphan TFs with only one
member in their families and reported as TFs by literature
were categorized into the ‘Others’ group.

Identification of transcription cofactors and their family rules

Here, we defined transcription cofactors are proteins that
can modify chromatin status or interact with TFs to activate
or repress the transcription of genes. In AnimalTFDB3.0,
the chromatin remodeling factors were merged into tran-
scription cofactors. Same as the version 2.0, we collected the
human transcription cofactors from Tcof-DB v2 database
(39) and GO database according to the related GO terms.
Finally, we obtained 1,025 transcription cofactors in human
after manual curation and removing redundant genes. Co-
factors in the other 96 species were identified by performing
mutually best-hit BLAST between each of them and human
with E-value ≤1e–4, coverage ≥50% and identity ≥30%.

https://cgap.nci.nih.gov/Pathways/BioCarta_Pathways
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Figure 1. New features of AnimalTFDB3.0. (A) Part of the ’Species’ page. (B) The families and categories of transcription cofactors. (C) An example for
PPI network. (D) An example of TFBS information. (E) The GWAS phenotype related information of human TFs. (F) The TFBS prediction server and
the example of prediction result.
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Table 1. Data summary in AnimalTFDB3.0 database

AnimalTFDB Version 1.0 Version 2.0 Version 3.0

Species 50 65 97
TF families 72 70 73
TF genes 52,722 72,336 125,135
Cofactor genes 9066 21,053 80,060
CRFs genes 3476 6502 Merged into cofactors
Cofactor families 0 0 83
Species with expression data 0 9 22
Phenotype No Yes Yes
DBDs WebLogo No Yes Yes
TF prediction server No Yes Yes
BLAST search No Yes Yes
PPI network No No Yes
GWAS No No Yes
TFBS No No Yes
TFBS prediction server No No Yes

Transcription cofactors were divided into 83 families and
the following five major categories according to their pro-
tein families and functions (Figure 1B). Genes in the ‘Co-
activator/repressors’ category with the annotation of coac-
tivator or corepressor; ‘Histone-modifying Enzymes’ cat-
egory contains genes encoding histone modification en-
zymes; ‘Chromatin Remodeling Factors’ genes were col-
lected according to the description of GO annotations re-
lated to chromatin remodeling but excluding the histone
modification enzymes; Genes in ‘General Cofactors’ cate-
gory are transcription cofactors involving in initiation or
elongation process of transcription; ‘Cell Cycle’ genes are
cell cycle associated transcription cofactors; cofactors did
not belong to the above categories were classified as ‘Other
Cofactors’.

Gene expression

In AnimalTFDB3.0, we provided gene expression informa-
tion of TFs and transcription cofactors of 22 species, which
contains normal tissues, cell lines and cancers in human as
well as normal tissues and cells in other species. These ex-
pression data showed the ratio of expressed TFs varied from
37% to 99% and cofactors from 41% to 100% in 22 species
(Supplementary Table S3). The human TF and cofactor ex-
pression in 16 normal tissues collected from EBI Expression
Atlas (http://www.ebi.ac.uk/gxa/download.html) illustrates
that totally 52.62% TFs and 88.15% cofactors expressed in
the 16 tissues. For TFs, there are 6% of them expressed in
only one tissue, and for cofactors, the data reduced to 1%.

PPI network

TFs act as important regulators in the transcription process,
and a large number of proteins interact with them directly
or indirectly to affect the transcription. We got PPI data for
19 species from BioGRID (28) and human PPI data from
HPRD (29). In order to illustrate the interaction explicitly,
we visualized the PPI networks by Cytoscape.js (http://js.
cytoscape.org/) (Figure 1C). The two colors of the network
node represent a TF or other gene, and the edges represent
the interaction of these proteins with the selected TF.

TF related GWAS phenotypes

We collected the latest human GWAS data and SNP an-
notation data from GWAS Catalog (25) and dbSNP (re-
lease 144) (30) respectively. By mapping the GWAS iden-
tified phenotype associated SNPs to the genomic locations
of TF and transcription cofactor genes respectively, we ob-
tained a list of SNPs located in TFs and cofactors along
with 2469 TF-SNP pairs (680 TFs) and 1796 cofactor-SNP
pairs (538 cofactors) with the corresponding GWAS pheno-
types. The data indicates that 40.84% TFs and 52.49% co-
factors relate to disease phenotypes. For each GWAS SNP
locates in TFs or cofactors, the position, disease and refer-
ence literature were shown on the page (Figure 1E).

TFBS and its prediction server

TFs regulate gene transcription by binding to specific DNA
sequences on target genes. We extracted TFBS of vertebrate
TFs by integrating data from HOCOMOCO (v11) (21),
JASPAR (22), TRANSFAC (version 2017) and CIS-BP (23)
databases, which including TFBS for 18,952 TFs (1335 hu-
man TFs, 886 mouse TFs and TFs of other 49 species). The
MEME Suite (40) was used to draw the logo of each TFBS
(Figure 1D).

Identify the TF targets is a key step for understanding
the TF functions. To help users identify TF binding sites on
their nucleotide sequences, a TFBS prediction server (http://
bioinfo.life.hust.edu.cn/AnimalTFDB/#!/tfbs predict) was
built in current version. The TF motif matrices of human
for prediction was gathered from TRANSFAC, JASPAR,
HOCOMOCO and CIS-BP databases. We also collected
TF motifs from hTFtarget (http://bioinfo.life.hust.edu.cn/
hTFtarget), which were predicted by peaks calling of ChIP-
Seq data using MACS2 (41). The TFBS prediction server
will scan these TFBS matrices on user input sequences to
predict the TFBS by the motif detection function of the
FIMO tool (42) in MEME Suite. In the prediction result,
TFBS sequence, score, P-value, Q-value, and detailed align-
ment information will be shown (Figure 1F).

HumanTFDB web interface

Human is the most concerned and most studied species. In
order to facilitate people to directly browse or search human

http://www.ebi.ac.uk/gxa/download.html
http://js.cytoscape.org/
http://bioinfo.life.hust.edu.cn/AnimalTFDB/#!/tfbs_predict
http://bioinfo.life.hust.edu.cn/hTFtarget
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TFs, we separately built a webpage for Human Transcrip-
tion Factor Database (HumanTFDB, http://bioinfo.life.
hust.edu.cn/HumanTFDB/). In the HumanTFDB, users
can browse, search, and download human TFs and cofac-
tors. It also retains the web servers ‘Predict TF’, ‘Predict
TFBS’ and ‘Blast’ tool.

DISCUSSION

As the increasing of sequenced and well annotated animal
genomes, we updated AnimalTFDB to version 3.0 and sev-
eral new features were added. AnimalTFDB3.0 provided
TFs and cofactors in 97 animal genomes. Most importantly,
the accuracy of TF prediction result was improved by ad-
justing the TF family assignment rules and prediction cut-
offs. We have compared the human TFs in AnimalTFDB3.0
with TFs in a recent paper (5) and TRANSFAC data.
Among the 1639 TFs in Lambert’s paper, 1566 (95.55%)
of them are in our AnimalTFDB3.0. The remaining 73
genes (4.45%) were commented as ‘Likely to be sequence
specific TF’ in their website or without literature evidence.
However, most of the 157 unique TFs in AnimalTFDB3.0
were explicit TFs, such as transcriptional repressors (LR-
RFIP1, LRRFIP2, MIER1, MIER1, ID1/2/3/4 etc.) and
activators (SMAD2, SMAD6, SMAD7, UBTF, TCF19,
TCF25 etc.). Among the 736 human TFs in TRANS-
FAC, 598 (81.00%) of them were TFs or cofactors in Ani-
malTFDB3.0. Most of the remaining 138 genes are not TFs,
such as, nuclear ribonucleoproteins (HNRNPA1, HNRN-
PDL and HNRNPL), transporters (ABCG2, SLC22A1,
SLC22A3 and SLC6A2), and enzymes (ADAR, HNRN-
PAB and HSD17B4). These comparisons highlight the ac-
curacy of our TF prediction results.

The GWAS phenotype related information of human TF
and TFBS information will provide useful resources for re-
searchers to further exploration of TF function and regula-
tion. The TFBS prediction server and PPI network will be
helpful for user to analyze TF target and its regulatory net-
work. The HumanTFDB web interface is very convenient
for researchers to study human TFs. Overall, we believe
these improvements will make AnimalTFDB more compre-
hensive and more useful. There is no doubt that the ge-
nomic data of various species will continue to grow. We will
continue to update the AnimalTFDB database regularly to
make it as a core resource for TF regulation.

SUPPLEMENTARY DATA

Supplementary Data are available at NAR Online.
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