
Diffusion profiles capture
graph topological features

around an interaction

Classification results

Scale-spaces from protein networks
how diffusion profiles reveal functional information 

in physical interaction topologies
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Understanding the living cell as a system of interconnected components is one of the 
key contemporary challenges. This is a complex problem, in which different types of 
functional interactions play a role, each operating across multiple distinct scales.  

To investigate this we explore scale independent descriptions of the topology of the 
physical protein-protein and protein-DNA interaction networks in yeast.

Supervised and
unsupervised 

analysis

Predicting functional from physical interactions

Clustering di�usion pro�les results in groups of interactions that exhibit enrichment 
for distinct biological functions and graph topological properties.

Diffusion profiles capture topological fea-
tures that distinguish between three classes 
of functional interaction

To differentiate between different classes of functional 
interactions features from both PPI and PDI networks and 
features across a range of scales are required

Clustering Diffusion Profiles

How do functional interactions emerge 
from the topology of the physical interaction network?

physical interaction
network

functional interactions in
small signaling cascade

functional interactions
within protein complex 

functional 
interactions
between
protein 
complexes 

scale parameter (β, log10)
−3 −2.5 −2 −1.5 −1 −0.5 0 0.5 1 1.5

Kernel diffusion

Artificial examples Diffusion profiles

Scale parameter (β)0 ∞
Based on principle of heat diffusion
Scale parameter determines amount
of smoothing
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correlation [5]
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Epistatic interactions [6]  
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Enrichment

Clusters enriched for knock-
out e�ect pairs predomi-
nantly consist of small-scale 
Protein-DNA interactions.

Long distance knock-out 
e�ects

Clusters not enriched for 
functional interaction con-
sist of poorly connected 
protein pairs

Clusters enriched for epi-
static interactions predomi-
nantly consist of small to 
medium-scale Protein-
Protein interactions.

Clusters enriched for expres-
sion correlations predomi-
nantly consist of medium to 
large-scale interactions from 
both PPI and PDI graphs

Interactions in these clusters are 
enriched for transcription regulator 
activity

Interactions in these clusters are 
enriched for catalytic activity

Highly correlated proteins co-
cluster with other functional inter-
actions

Mostly 2-hop interactions (medium 
scale)

Physical

Functional

Di�usion pro�les capture biologically meaningful features by 
exploiting, across multiple scales, graph topology in readily 

available physical interaction data. 

Kernel diffusion: Construct scale space
by varying α and β  

[1] Hu, Z., Killion, P., and Iyer, V. (2007). Genetic  
 reconstruction of a  functional transcriptional  
 regulatory network. Nature genetics, 39(5),   
 683–687.
[2] Chua, G., Morris, Q., Sopko, R., Robinson, M.,  
 Ryan, O., Chan, E., Frey, B., Andrews, B., Boone, C.,  
 and Hughes, T. (2006). Identifying transcription  
 factor  functions and targets by phenotypic  
 activation. Proceedings of the National Academy  
 of Sciences, 103(32), 12045.
[3] van Wageningen, S., Kemmeren, P., Lijnzaad, P.,  
 Margaritis, T., Benschop, J., de Castro, I., van  
 Leenen, D., Groot Koerkamp, M., Ko, C., Miles, A.,  
 et al. (2010). Functional Overlap and Regulatory  
 Links Shape Genetic Interactions between   
 Signaling Pathways. Cell, 143(6), 991–1004.
[4] Hughes, T.R. and Marton, M.J. and Jones, A.R.  
 and Roberts, C.J. and Stoughton, R. and Armour,  
 C.D. and Bennett, H.A. and Co�ey, E. and Dai, H.  
 and He, Y.D, et al. (2000) Functional discovery  
 via a compendium of expression pro�les. Cell.  
 102(1) 109-126
[5] http://gasch.genetics.wisc.edu/datasets.html.
[6] http://thebiogrid.org/ 


