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Background 

• Proteins do not function as isolated entities. 

• Protein-Protein interaction is essential to 
cellular functions. 

• When two proteins interact, it can mean: 

– They physically interact 

– They are enzymes catalyzing successive reactions 
in a pathway 

– One protein regulates expression of the other 
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Protein-Protein Interaction plays essential 

roles in cellular processes 



PPI network reconstruction is a central task in 

systems biology 

Given a pair of proteins: 

1. Do they interact? (identify de novo pathways, cross talk) 

2. How do they interact, i.e., which amino acids are involved 

in interaction?  (design mutants to modulate PPI) 
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Data sources 

• Yeast 2-hybrid system 

• 2-D gel + MSMS 

• Gene expression (DNA microarray) 

• Localization data 

• Phylogenetic profiles 

• Structural information at binding sites 

• Sequences? 
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Shoemaker & Panchenko, 2007 PLoS Computational Biology 
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Shoemaker & Panchenko, 2007 PLoS Computational Biology 
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Use of sequence information 
(gene cluster) 

Moreno-Hagelsieb G, Collado-Vides J (2002) A powerful non-homology 

method for the prediction of operons in prokaryotes. Bioinformatics 18: 

S329–S336 
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Use of sequence information 
(Rosetta stone, Gene fusion) 
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Marcotte et al, Science (1999) 
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Trypsin inhibitor Thermitase 

Structural Compatibility  
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Use of structural information 
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Protein 

X 

Protein 

Y 

Domain A Domain B 

Proteins Interact via Domains 

Residues at 

interface tend to be 

more conserved 

due to selection 

pressure during 

evolution. 

Chemical bonds 

are formed 

between amino 

acids across 

interface at two 

interacting 

proteins. 



Not all residues in domain directly participate in 

interaction 

Wilson et al, BMC Dev. Biol. 

(2011) 

RING domain:  

cysteines residues in 

red interact with 

Zn++ ions to 

stabilize the ring 

finger structure; 

residues colored 

blue are on the 

interacting 

interface. 
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Profile Hidden Markov Models capturing interaction 

domains • P(x|) : probability that sequence x contains a domain described 

by the model . 

• Viterbi algorithm can align x against the model to annotate 

interacting residues. 
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Simple Solution:  

i. Query the sequences against domain databases like 

Pfam. 

ii. If Protein X contains domain A, Protein Y contains 

domain B, and it is known that domain A interacts 

with domain B, then Protein X interact with Protein Y. 

From Domain to Domain-Domain Interaction 

Given a pair of proteins: 

1. Do they interact? 

2. How do they interact, i.e., which amino 

acids are involved in interaction?   

How reliable is the prediction? 

If P(X|A) = 0.8, P(Y|B) = 0.8, probability X and 

Y interact via domains A and B is P(X|A)P(Y|B) 

= 0.8 x 0.8 = 0.64. 



Gonzalez & Liao, BMC Bioinformatics 2010 

From Domain to Domain-Domain Interaction to Protein-

Protein Interaction 
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What is residue contact matrix? 
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Given a pair of proteins: 

1. Do they interact? 

2. How do they interact, i.e., which amino 

acids are involved in interaction?   
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Predicting residue contact matrix for a pair of interacting 

proteins 

Gonzalez, Liao, Wu, Bioinformatics 2013 
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PPI 

Contact 

matrix 

CM-

ipHMM 

ipHMM 

ipHMM+S

VM 

Knowledge Leverage and Integration for Better 

Learning 



 Method: 
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Integrated machine learning classifier with contact matrix 

prediction and ipHMM site prediction.  

Classifier: Logistic Regression 
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CM-ipHMM vs. ipHMM :  p-value, 4.36E-77;  

CM-ipHMM vs. CM-Only :  p-value, 9.32E-10; 

Ground-truth-CM: Replace predicted contact matrix with 

ground-truth 

contact matrix 

Results 

The data set contains 72 DDI families collected from 

3DID. Each has 10 ~ 20 member sequences, with 

domain length < 150 residues.  



Basic idea of our method 



Weight Optimization by Linear 

Programming (WOLP) 



Weight Optimization by Linear 

Programming (WOLP) 



Algorithm 

tnG (E)∪
vnG (E)∪

ttG (E) =G (E)

tnG (E)∪
vnG (E)∪

ttG (E) = f
Golden standard connected 

network: G(V, E)  

Connected training network: 

Gtn(V, E) 

Validation edge set: Gvn(V, E)  

Testing edge set: Gtt(V, E)) 



 Experiments on network inference 

with real data 

Data description of DIP yeast PPI networks(Release 

20150101) 

• Largest connected component: G(V, E) = G(5,030, 22,394) 

① Connected training network: Gtn(V, E) = (5,030, 5,394) 

② Validation edge set: Gvn(V, E) = (?, 1,000) 

③ Testing edge set: Gtt(V, E) = (?, 16,000) 



Experiments on network inference with 
real data) 

• Feature kernels [39]  

① KJaccard[15]: This kernel measure the similarity of protein pairs i, j in term of 
neighbors(i)∩neighbors(j)/neighbors(i)∪neighbors(j). 

② KSN: It measures the total number of neighbors of protein i and j, KSN = 
neighbors(i) + neighbors(j).  

③ KB: It is a sequence-based kernel matrix that is generated using the BLAST. 

④ KE: This is a gene co-expression kernel matrix constructed entirely from 
microarray gene expression measurements. 

⑤ KPfam: This is a generalization of the previous pairwise comparison-based 
matrices in which the pairwise comparison scores are replaced by expectation 
values derived from hidden Markov models (HMMs) in the Pfam database. 

[39] Y. Yamanishi, J.-P. Vert, and M. Kanehisa. Protein network inference from multiple genomic data: a supervised approach. 

Bioinformatics, 20(suppl 1):i363–i370, 2004. 




