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 PPI database:
— HPRD
http://www.hprd.org/

— B1oGRID (physic and genetic interaction)
http://www.thebiogrid.org/

— DIP (experimentally determined)
http://dip.doe-mbi.ucla.edu/dip/Main.cgi



http://www.hprd.org/
http://www.thebiogrid.org/
http://dip.doe-mbi.ucla.edu/dip/Main.cgi

PPl network provide:

Global view of functional relationship among proteins;

Differences between normal and disease states;

* Local view of protein complexes;

Details of signal pathways



Protein annotation
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Annotation database:
GO: directed, acyclic graph;
http://www.geneontology.org/

MIPS: tree-like structure
http://mips.gsf.de/projects/funcat



http://www.geneontology.org/
http://mips.gsf.de/projects/funcat

PPI & protein annotation
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Protein annotation based on PPI
and machine learning

Supervised learning

Supervised Learning
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2. Build epigenetic model by training

o L

Model

3. Estimate accuracy by calculating likelihood

Likelihood of model
P(D|M)

An example of a supervised learning process. Training is guided by a prion knowledge obtained
experimentally. Accuracy is improved using positive and negative data rather than merely using
positive data and random background information. The accuracy of the model is then estimated
by calculating its likelihood, P{D|M) where P is the probability of the dependency model M using

cdata D.



Supervised learning
Association method




Neighborhood




Markov random field (MRF)

The conditional probability on the functional labeling is proportional to
exp(—U(X)), where X 1s the value of X, and
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Global optimization

E=-Y Jydoio;) = hilo)

where J;; is the element of the adjacency matrix of the interaction network,
0(7,7) is the discrete 6 function and h;(o;) is the number of partners of protein

¢ annotated with function o;. The simulated annealing is employed to minimize



Unsupervised learning

Cluster 1 Cluster 2

Cluster 2
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Modular structure
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* Similarity based clustering

—  P-value
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where N is the total number of proteins in the PPI network, N, and Ng are respectively the
number of interaction partners of A and B, and m 1s the number of proteins in common
between N, and Ng.

- shortest path distance
For weighted PPI;

- Neighborhood similarity
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MCODE

1) vertex weighting _
Ci = 2n/ki(k-1)

where k; is the vertex size of the neighborhood of vertex i and n is the
number of edges in the neighborhood.

2) Finding complex

Given highest weighted vertex S, add the neighbors of s to the same complex, where the
weights of its corresponding neighbors are above given threshold. ?

Proceed until no more vertices can be added. O
Remove found complex; 6 \%\ _—

Repeat above procedure.




Conclusions

. PPl network provide insights into protein
functions;

. Machine learning techniques are
powerful in predicting protein functions.



Thank you for your attention!



	Protein annotation based on protein-protein interactions and machine learning
	Outline
	Protein-protein interaction
	Conclusions

