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QUARK

LOMETS

COACH
COFACTOR
MetaGO
MUSTER

CEthreader

SEGMER
FG-MD
ModRefiner

REMO
DEMO

SPRING

COTH
BSpred

ANGLOR

EDock

BSP-SLIM

SAXSTER
FUpred

ThreaDom

ThreaDomEx

EvoDesign

GPCR-I-TASSER

MAGELLAN
BindProf

~_-ARTGO,

Protein Function Prediction

ATGO is a deep learning-based algorithm for high accuracy protein Gene Ontology (GO) prediction. Starting from a query
sequence, it first extracts three layers of feature embeddings from a pre-trained protein language model (ESM-1b). Next, a
fully connected neural network is used to fuse the feature embeddings, which are then fed into a supervised triplet
network for GO function prediction. Large-scale benchmark tests demonstrated significant advantage of ATGO on protein
function annotations due to the integration of discriminative feature embeddings from attention transformer models. (view
an example of ATGO prediction)

ATGO On-line Server

Input Sequence (Optional, [30,10000] residues in FASTA format)
Copy and paste your protein sequence file here (Sample input)

>Q9HGI3
MAYFRLYAVLLAVASSVAAVKVNPLPAPRHISWGHSGPKPLSDVSLRTERDTDDSILTNAWNRAWETIVSLEWVPAGIEA
PIPEFDEFPTSTPSASAAATRSKRANVPIQFVDVDVEDWDADLQHGVDESY TLDAKAGSDAIDITAKTVWGALHAFTTLQ
QLVISDGNGGLILEQPVHIKDAPLYPYRGLMVDTGRNFISVRKLHEQLDGMALSKLNVLHWHLDDTQSWPVHIDAYPEM
TKDAYSARETYSHDDLRNVVAYARARGIRVIPEIDMPAHSASGWQQVDPDIVACANSWWSNDNWPLHTAVQPNPGQL
DIINPKTYEVVQDVYEELSSIFTDDWFHVGGDEIQPNCYNFSTYVTEWFQEDPSRTYNDLMQHWVDKAVPIFRSVSDSR
RLVMWEDVVLNTEHADDVPTDIVMQSWNNGLENINKLTERGYDVIVSSADFMYLDCGRGGYVTNDDRYNEQTNPDPD
TPSFNYGGIGGSWCGPYKTWQRIYNYDFTLNLTNAQAKHVIGATAPLWSEQVDDVNISNLFWPRAAALAELVWSGNRD
AKGNKRTTLFTQRILNFREYLLANGVMAATVVPKYCLQHPHACDLNYDQTVLH

Or upload the sequence file from your local computer
EE | REEX M
Email: (mandatory, where results will be sent to)

Job ID: (optional, your given name to your job)

Run ATGO || Clear form

BindProfX
SSIPe
ResQ

lonCom

STRUM
DAMpred

TM-score

ATGO D load

« Download the standalone package.
« Download prediction models.
* Download benchmark datasets.

References:

* Yi-Heng Zhu, Chengxin Zhang, Dong-Jun Yu, Yang Zhang. Integrating unsupervised language model with triplet
neural networks for protein gene ontology prediction. PLOS Computational Biology, 2022, 18 (12): €1010793.

ATGO result for protein E7CIP7

[Download result.zip for all prediction results]

>E7CIP7 (382 residues)

MKIIVLLLLAVVLASADQTAPGTASRPILTASESNYFTTATYLQGWSPPSISTSKADYTV
GNGYNTIQAAVNAAINTGGTTRKYIKINAGTYQEVVYIPNTKVPLTIYGGGSSPSDTLIT
LNMPAQTTPSAYKSLVGSLFNSADPAYSMYNSCASKSGTIGTSCSTVEFWVKAPAVQIVNL
SIENSAKNTGDQQAVALQTNSDQIQIHNARLLGHQDTLYAGSGSSSVERSYYTNTYIEGD
IDFVFGGGSAIFESCTFYVKADRRSDTAVVFAPDTDPHKMYGYFVYKSTITGDSAWSSSK
KAYLGRAWDSGVSSSSAYVPGTSPNGQLIIKESTIDGIINTSGPWTTATSGRTYSGNNAN
SRDLNNDNYNRFWEYNNSGNGA

Download query sequence

Molecular Function (MF)
GO term Cscore®0 Name

. carboxylic ester hydrolase
50:0052689  0.982 activity
G0O:0016788  0.982 hydrolase activity, acting on
_— ester bonds
G0:0016787 0.982 hydrolase activity
G0:0003824 0.982 catalytic activity
G0:0003674 0.982 molecular_function
G0:0030599 0.935 pectinesterase activity
G0:0016829 0.027 lyase activity

GO:0097159 GO:1901363
- GO:0016829 .
organic eyclic y . heterocyclic compound
binding ding Iyase activit G0:1901363 0.022 binding
. organic cyclic compound
G0:0097159  0.022 binding

G0:0005488 0.022  binding

Download full result of the above consensus
prediction.

Click the graph to show a high resolution version.

(a) Cscore®© is the confidence score of predicted GO
terms. Cscore®© values range in between [0-1]; where
a higher value indicates a better confidence in
predicting the function using the template.

(b) The graph shows the predicted terms within the Gene
Ontology hierachy for Molecular Function. Confidently
predicted terms are color coded by Cscore®©:

[0.40,0.5) [0.5,0.6) [0.6,0.7) [0.7,0.8) [0.8,0.9) [0.9,1.0]

Biological Process (BP)
GOterm  Cscore®C Name
G0:0008150 0.751  biological_process

GO:0071704 0.727 organic substance metabolic
_—— : process

G0:0044238 0.727  primary metabolic process
G0:0008152 0.727 metabolic process
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Yi-Heng Zhu, Chengxin Zhang, Yan Liu, Gilbert Omenn, Peter
Freddolino, Dong-Jun Yu, Yang Zhang. TripletGO: Integrating
Transcript Expression Profiles with Protein Homology Inferences
for Gene Function Prediction. Genomics, Proteomics &

Bioinformatics. 2022, 20(5): 1013-1027.
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TripletGO result for Gene 839799

[Download result.zip for all prediction results]

>839799 (795 residues)
GGGCCTATTGGGCTGGAGCCTAGCCCATTTGTGTAGGTTGTGTTAAARACGATGTCGTTTG
GCATTTCAAGTTAGGGTTTTTTGGGGGTTTGGTTCAAGCTTCATCGTCGTCTCTCTGTCT
CTTCAATTTCATTCGTTTTCTGAGATAAAAGTGAGAGAGAAATCTAAATTCGAGAGGAGA
AGTTTTAATTTTTCTGAGTTAGATTCAATGGAAGAGATCACGGAAGGAGTTAACAACATG
AACTTGGCTGTTGATACCCAGAAGAAGAATCGGATTCAAGTTTCCAACACTAAGAAACCA
TTGTTCTTCTACGTCAATCTCGCCAAGAGGTACATGCAGCAGTACACTGATGTCGAATTG
TCTGCACTAGGAATGGCTATTGCCACTGTTGTTACGGTCGCTGAGATATTGAAGAACAAT
GGCTTTGCTGTTGAAAAGAAGATCATGACATCGACTGTGGATATCAAGGATGATTCAAGG
GGTCGTCCTGTGCAGAAAGCTAAGATTGAGATCACGCTTGCCAAGTCTGAGAAGTTTGAT
GAACTAATGGCTGCAGCTAATGAAGAGAAGGAGGCTGCAGAAGCCCAAGAGCAAAACTAG
ATTGTTTCAAGTTTTTTCTGTTCAACGATCTTATTTCTTCGTTCCCTATCTCTATCTGCT
TAATTTTAAGACACTTCTATTTCGTTAATTTTTGGTTCACTTTTTTATTTCACCTTGGAT
TGTGTCCTCTGTACCTCTGAGCATTTTTATTTAAAGATCGTAGGAAGTATAAAAAAGATG
GCTTCGTTGCATAAA

Download query sequence

[
[riplet
I-TASSER-MTD
C-I-TASSER
SRS Gene Function Prediction
QUARK
CQUARKC TripletGO is an algorithm for predicting Gene Ontology (GO) of genes. It consists of four pipelines to detect GO terms
_ through (1) expression profile similarity based on triplet network, (2) genetic sequence alignment, (3) protein sequence
LOMETS alignment, and (4) naive probability. The final function insights are a combination of the four pipelines through neural
MUSTER network. (view an example of TripletGO prediction)
CEthreader
Triplet On-line Server
SEGMER
DeepFold Sequence of Query Gene (Optional, [30,10000] residues in FASTA format)
—_— Copy and paste your genetic sequence file here (Sample input)
DeepFoldRNA p 2 & " .
We would suggest you provide Entrez ID for query gene, which helps to find its expression profile and coding
FoldDesign proteins.
COFACTOR Entrez ID provides unique integer identifiers for genes in National Center for Biotechnology Information.
>839799
COACH GGGCCTATTGGGCTGGAGCCTAGCCCATTTGTGTAGGTTGTGTTAAAACGATGTCGTTTGGCATTTCAAGTTAGG
MetaGO GTTTTTTGGGGGTTTGGTTCAAGCTTCATCGTCGTCTCTCTGTCTCTTCAATTTCATTCGTTTTCTGAGATAAAAG
o T ATCTAAATTCH AGTTTTAATTTTTCTGAGTTAGATTCAATGGAAGAGATCACGGAAGG
TripletGO AGTTAACAACATGAACTTGGCTGTTGATACCCAGAAGAAGAATCGGATTCAAGTTTCCAACACTAAGAAACCATTG
np TTCTTCTACGTCAATCTCGCCAAGAGGTACATGCAGCAGTACACTGATGTCGAATTGTCTGCACTAGGAATGGCTA
lonCom TTGCCACTGTTGTTACGGTCGCTGAGATATTGAAGAACAATGGCTTTGCTGTTGAAAAGAAGATCATGACATCGA
CTGTGGATATCAAGGATGATTCAAGGGGTCGTCCTGTGCAGAAAGCTAAGATTGAGATCACGCTTGCCAAGTCTG
FG-MD AGAAGTTTGATGAACTAATGGCTGCAGCTAATGAAGAGAAGGAGGCTGCAGAAGCCCAAGAGCAAAACTAGATTG
TTTCAAGTTTTTTCTGTTCAACGATCTTATTTCTTCGTTCCCTATCTCTATCTGCTTAATTTTAAGACACTTCTATTT
ModRefiner CGTTAATTTTTGGTTCACTTTTTTATTTCACCTTGGATTGTGTCCTCTGTACCTCTGAGCATTTTTATTTAAAGATC
S Or upload the sequence file from your local computer
BRI | FEEX M
DEMO
Email: (mandatory, where results will be sent to)
DEMO-EM
SPRING
o E-value el (optional, default 0.1)
The e-value for Blastn software in genetic sequence alignment
Threpp
PEPPI g
E-value e2 (optional, default 0.1)
BSpred The e-value for Blastp sofrware in protein sequence alignment
ANGLOR
EDock Cut-off value t1 (optional, 0.0-1.0, default 1.0)
BSP-SLIM The templates which have more than t1 seugnece identity with the query are removed in genetic sequence
SAXSTER alignment
FUpred
ThreaDom Cut-off value t2 (optional, 0.0-1.0, default 1.0)
The templates which have more than t2 seugnece identity with the query are removed in protein sequence
ThreaDomEx :
alignment
EvoDesign
BindProf ) ) .
it Job ID: (optional, your given name to your job)
BindProfX
SSIPe

Run TripletGO || Clear form

GO:0003674 Molecular Function (MF)
molecular_function GO term Cscore®© Name
GO:1901363  0.886 heterocyclic compound
_ binding
GO‘_OO(_)5488 G0:.0097159  0.886 organic cyclic compound
binding binding
G0:0003676 0.884 nucleic acid binding
G0:0003723 0.877 RNAbinding
GO:0097159 GO-1901363 G0:0003729 0.874 mRNA binding
organic cyclic compound heterocyclic compound
binding binding Download full result of the above consensus
\ / prediction.
GO-0003676 Click the graph to show a high resolution version.
| nuc]eic.acidbinding | (@) Cscore®0 s the confidence score of predicted GO
terms. Cscore®© values range in between [0-1]; where
a higher value indicates a better confidence in
predicting the function using the template.
GO0:0003723 (b) The graph shows the predicted terms within the Gene
RNA binding Ontology hierachy for Molecular Function. Confidently
predicted terms are color coded by Cscore®0:
T [0.13,0.5) [0.5,0.6) [0.6,0.7) [0.7,0.8) [0.8,0.9) [0.9,1.0]
G0:0003729
mRNA binding

Biological Process (BP)

GOterm  Cscore®© Name

G0:0009987 0.443  cellular process
G0:0008152 0.231 metabolic process
GO:0071704  0.221 organic substance metabolic
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Yi-Heng Zhu, Jun Hu, Xiao-Ning Song, Y !
F
Dong-Jun  Yu. DNAPred: Accurate 3 > AAFD-BN —
. . . . . | 1 1 + 1 ]
Identification of DNA-binding Sites from D Serial concatenation + Slide window
Querygluence Feature vectors for residues
Protein Sequence by Ensembled Hyperplane- with length

Distance-Based Support Vector
Machines. Journal of Chemical Information

and Modeling. 2019, 59:3057-3071.
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DNAPred: Identifying DNA-Binding Sites from Protein Sequence hy RESULTS PAGE
Ensemble Hyperplane-Distance-Based Support Vector Machine predicting Protein DNA Binding Sits
| Read Me | Dataset | Citation | Large-Scale Test | Protein Name
Input query protein sequence(s) in FASTA format: IXTNA
>2XTNA Model constructed on Dataset
MDQNEHSHWGPHAKGQCASRSELRIILVGKTGTGKSAAGNSILRKQAFESKLGS PDNA543
QTLTKTCSKSQGSWGNREIVIIDTPDMFSWKDHCEALYKEVQRCYLLSAPGPHV
LLLVTQLGRYTSQDQQAAQRVKEIFGEDAMGHTIVLFTHKEDLNGGSLMDYMH Threshold
DSDNKALSKLVAACGGRICAFNNRAEGSNQDDQVKELMDCIEDLLMEKNGDHY 0.265 (Max MCC)
TNGLYSLIQRSKCGPVGSDE Prediction Summary
Number of predicted DNA-binding residues in protein 2XTNA: 4
Specific position: 58 T 117 R 119 T 147 H
Predicted Results
Residue # | Amino Acid Type | Probability | Binding Residue
? 0001 M 0.058 N
‘ Example ‘ ‘ Reset Sequence(s) ‘ 0002 D 0.028 N
Choose a prediction model 0003 Q 0.024 N
0004 N 0.049 N
O Model constructed on PDNA-543 Model constructed on PDNA-335 0005 E 0013 N
Choose a threshold 0006 H 0.063 N
© Threshold 1 (Max MCC) Threshold 2 (FPR~5%) Threshold 3 (Sen~Spe) 0007 S 0008 oY
0008 H 0.037 N
Email Address (For receiving your prediction results)* 0009 W 0.095 N
| | 0010 G 0.009 N
Submit Clear All 0011 P 0.019 N
Submit | | Clear Al 0012 H 0.081 N
0013 A 0.017 N
eference: o o o 0014 K 0.080 N
i-Heng Zhu, Jun Hu, Xiao-Ning Song and Dong-Jun Yu *. DNAPred: Identifying DNA-Binding Sites from
rotein Sequence by Ensemble Hyperplane-Distance-Based Support Vector Machine. Journal of Chemical 0015 G 0.006 B
. nformation and Modeling, 2019. 0016 Q 0.013 N
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Output
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Confidence scores of belonging DNA-binding
sites for all residues in query sequence

Yi-Heng Zhu, Zi Liu, Zhiwei Ji, Dong-Jun Yu. ULDNA: Integrating Unsupervised Multi-Source Language Models with LSTM-Attention

Network for High-Accuracy Protein-DNA Binding Site Prediction. Briefings in Bioinformatics. 2024, 25(2):bbae040.
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ULDNA: Integrating Unsupervised Multi-Source Language Models with RESULTS PAGE
I.STM'A“G““““ “emn'k ““ P"“ein'nun Binding Site P'elli(“inn Predicting Protein-DNA Binding Sites

| Read Me | Dataset | Citation |

Protein Name

Input query protein sequence(s) in FASTA format: 2XTNA
>2XTNA Model constructed on Dataset
MDQNEHSHWGPHAKGQCASRSELRIILVGKTGTGKSAAGNSILRKQAFESKLGS PDNA-543

QTLTKTCSKSQGSWGNREIVIIDTPDMFSWKDHCEALYKEVQRCYLLSAPGPHV

LLLVTQLGRYTSQDQQAAQRVKEIFGEDAMGHTIVLFTHKEDLNGGSLMDYMH Threshold
DSDNKALSKLVAACGGRICAFNNRAEGSNQDDQVKELMDCIEDLLMEKNGDHY Wl (Wbt l0E)
TNGLYSLIQRSKCGPVGSDE Prediction Summary

Number of predicted DNA-binding residues in protein 2XTNA: 2
Specific position: 58 T 117 R

Predicted Results

Residue # | Amino Acid Type | Probability | Binding Residue

) 0001 M 0.046 N
' 0002 D 0.016 N
‘ Example ‘ ‘ Reset Sequence(s) ‘ 0003 Q 0.010 N
Choose a prediction model 0004 l 0.013 ol
0005 E 0.007 N
© Model constructed on PDNA-543 Model constructed on PDNA-335 0006 H 0.079 N
Choose a threshold 0007 S 0.006 N
0008 H 0.067 N

O Threshold 1 (Max MCC) Threshold 2 (FPR=5%) Threshold 3 (Sen~Spe)
0009 W 0.079 N
Email Address (For receiving your prediction results)* 0010 G 0.005 N
‘ ‘ 0011 P 0.012 N
0012 H 0.116 N
 Submit | | Clear All 0013 A 0.028 N
0014 K 0.090 N
eference: 0015 G 0.006 N
i-Heng Zhu, Zi Liu, Zhiwei Ji*, Dong-Jun Yu*. ULDNA: Integrating Unsupervised Multi-Source Language 0016 Q 0.013 N
odels with LSTM-Attention Network for High-Accuracy Protein-DNA Binding Site Prediction. Briefings 0017 C 0.010 N
in Bioinformatics. 2024, 25(2):bbae040. 0018 A 0.004 N
Contact @ Dong-Jun Yu 0019 S 0.006 N
Programmed by Yi-Heng Zhu 0020 R 0.010 N
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v Extraction
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Sigmoid

2D convolution
RELU Function
2D convolution
RELU Function

Batch Normalization
Batch Normalization

Inter-protein contact map
Attention map V LxL,

Lix L,<432

Identity

Deep residual network

Zi Liv#, Yi-Heng Zhu#, Long-Chen Shen, Xuan Xiao, Wang-Ren Qiu, Dong-Jun Yu. Integrating Unsupervised Language Model with Multi-View
Multiple Sequence Alignments for High-Accuracy Inter-Chain Contact Prediction. Computers in Biology and Medicine. 2023, 166: 107529
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time-series data characterization methods
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Z Ji*, Y Wang, X Xie, et al., Expert Systems with Applications, 2022. X Xie, F Xia, K Yan, H Xu, Z Ji*, Plant Phenomics, 2023.

N Jin, Y Zeng, K Yan, Z Ji, IEEE Transactions on Industrial Informatics, 2021. F Xia, X Xie, S Jin, K Yan, Z Ji*, Frontiers in Plant Science, 2021.

M Hu, X Feng, Z Ji*, et al., Information Sciences, 2019. KYan, ..., ZJi., et al., IEEE/ACM Trans on Computational Biology and Bioinformatics, 2021.
K Yan®, Z Ji*, et al., IEEE Transactions on Systems, Man, and Cybernetics: Systems, 2019. X Xie, X Gu, Y Li, Z Ji*, Knowledge-based Systems, 2021.

K Yan, Z Ji*, et al., Neurocomputing, 2017. Z1li, ..., B Wang*, Computational and mathematical methods in medicine, 2015.
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(A). “AND” gate for single activation (8). “OR" gate for multiple activations
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disease-free survival in breast cancer patients [13]. WNI5A belongs to
the large WNT family of cysteine-rich secreted glycoproteins, which is
involved in multiple signaling pathways that regulate a variety of cel-
lular processes [14]. Ji et al. revealed that WNT5A could mediate the
activation of Treg and TAM cells, which induced the immunosuppres-
" sion during tant prostate cancer progression [15]. Chen

Development and validation of a prognostic immune-associated gen
signature in clear cell renal cell carcinoma

Chengquan Shen™’, Jing Liu™', Jirong Wang’, Xiulong Zhong", Dahai Dong’, Xiaokun
Yonghua Wang™"
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of disease trajectories in response to intervention. On tissue-

" )
} frontiers cellular scale, ABMs have been employed and used for spatially
in Physiology explicit simulations to investigate emergent behavior arising

Digital Pathology Analysis Quantifies from interactions between cancer and immune cells, such as

Spatial Heterogeneity of CD3, CD4, spatial and spatio-temporal variations in tumor morphology
CD8, CD20, and FoxP3 Immune and immuno-architecture (Kim et al, 2009; Shi et al., 2014;
Markers in Triple-Negative Breast ~ Wells et al., 2015; Gong et al., 2017; Norton et al, 2017, 2019
Cancer Pourhasanzade et al., 2017; Hoehme et al., 2018; Ji et al., 2019).
Haoyang Mi'*, Chang Gong', Jeremias Sulam'?, Elana J. Fertig'?,

Alexander S. Szalay**, Elizabeth M. Jaffee**, Vered Stearns®, Leisha A. Emens’,
Ashley M. Cimino-Mathews* and Aleksander S. Popel’s
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increase the susceptibility of AD patients

or plasma (Lovheim et al., 2018). In addition, se\ Aral groups have
identified overlap between AD genetic risk factors and genes
affected by viral infection, such as a receptor involved in
spreading HSV-1 (Liu et al., 2018) and a human leukocyte anti-
gen (HLA) subtype associated with increased susceptibility to
HHV-6A infection (Rizzo et al., 2019).
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