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http://geneontology.org/
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<« > C @ O @ geneontology.org ¥¢  Q function annotation protein

£* Most Visited @) Getting Started Apple iCloud @ Facebook Twitter {§f Wikipedia @) Yahoo! [JNews [JPopular @) CytoSorb | Cytosor.. [Bll Family Calendar @) files///Users/work/D...

GEN&%’;‘;RL'YOGY About Ontology Annotations Downloads Help (] v f /'\(I;:Hé[jog(g
Current release 2022-06-15: 43,613 GO terms | 7,511,461 annotations
1,473,261 gene products | 5,183 species (see statistics)
Q :
=1
£ VA 5 THE GENE ONTOLOGY RESOURCE
GO Enrichment Analysis @

i The mission of the GO Consortium is to develop a comprehensive, computational model of biological systems, Powered by PANTHER

ranging from the molecular to the organism level, across the multiplicity of species in the tree of life.

The Gene Ontology (GO) knowledgebase is the world’s largest source of information on the functions of genes.

\ This knowledge is both human-readable and machine-readable, and is a foundation for computational analysis of
ﬁ% r % large-scale molecular biology and genetics experiments in biomedical research.
biological process
\ G :
'% Homo sapiens Examples  Laun

© Any @ Ontology @ Gene Product

Hint: can use UniProt ID/AC, Gene Name, Gene Symbols, MOD IDs
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H. Zhou and Y. Zhou, "Distance-scaled, finite ideal-gas reference state improves structure-derived
potentials of mean force for structure selection and stability prediction, Protein Science, 11 , 2714-

2726 (2002).
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H. Zhou and Y. Zhou, 'Single-body residue-level knowledge-based energy score combined with sequence-
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BEAREETTEIN

S0FMFFIE| a3 HT1E R

Results for Servers
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121207, 210, 400, 237
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CASP 6, 2004 o (/164, 223
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#1: Comparative Modeling by SPARKS

Alfonso Valencia CNB-CSIC
Gaeta, 2004

H. Zhou and Y. Zhou, “SPARKS 2 and SP3 servers in CASP 6.”, Proteins (Supplement CASP issue), Suppl7 152-156 (2005).
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PRS0, v, 0 REBANTHMNER, 0 =180
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Amino .

terminu

h

¢, the rotational angle about the C,-N bond
U, the rotational angle about the C-C, bond
w, the rotational angle about the N-C bond



PNAS, 108, 109-113 (2010)
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Proteins 68:76-81 (2007).
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PROTEINS: Structure, Function, and Bioinformatics 68:76-81 (2007)
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2 _>Y
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Proteins 72:427-433 (2008). 2008 (1/=)

Real-value prediction of backbone o
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Bin Xue,"? Ofer Dor,> Eshel Faraggi,l 2 and Yaoqi Zhou'**
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Real-value prediction of backbone
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Improving the prediction accuracy of residue
solvent accessibility and real-value backbont

torsion angles of proteins by guided-learninc !
through a two-layer neural network

Guided learning
i RER, B/
2 hidden layers

&= X e
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6° Real-SPINE3
2009 (22)

Eshel Faraggi,"” Bin Xue,"? and Yaoqi Zhou

!Indiana University School of Informatics, Indiana University-Purdue University, Indianapolis, IN 46202
2 Center for Computational Biology and Bioinformatics, Indiana University School of Medicine, 719 Indiana Ave.,

Walker Plaza Building Suite 319, Indianapolis, IN 46202, USA
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J. Compu Chem 33:259-267 (2012). RIGINAL

DOI10.1002/jcc.21968

SPINE X: Improving Protein Secondary Structure Prediction
by Multistep Learning Coupled with Prediction of Solvent
Accessible Surface Area and Backbone Torsion Angles

Eshel Faraggi,@®! Tuo Zhang,®P! Yuedong Yang®P! Lukasz Kurgan,"< and Yaoqi Zhou*(2*]
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Structure 17:1515-1527 (2009).
Predicting Continuous Local Structure and the

Effect of Its Substitution for Secondary Structure

in Fragment-Free Protein Structure Prediction

Eshel Faraggi,’® Yuedong Yang,'® Shesheng Zhang,' and Yaoqi Zhou'-2*

Two-state Classifier + Real-value Prediction —> CRF Refinement

—————

L 1
- 1
1, 1stlayer 'i2nd layen

.....................

* Predict Angle Peak first and then the

' Output |
1 layer
1

____________

|
I
> Output

1 layer
1

.....................

fluctuation around the peak.

* Using angles as restraints for structure prediction
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Structure

Structure 17:1515-1527 (2009).

Predicting Continuous Local Structure and the
Effect of Its Substitution for Secondary Structure
in Fragment-Free Protein Structure Prediction

Eshel Faraggi,’® Yuedong Yang,'® Shesheng Zhang,' and Yaoqi Zhou'-2*
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Structure

Structure 17:1515-1527 (2009).

Predicting Continuous Local Structure and the
Effect of Its Substitution for Secondary Structure
in Fragment-Free Protein Structure Prediction

Eshel Faraggi,’® Yuedong Yang,'® Shesheng Zhang,' and Yaoqi Zhou'-2*
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