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Motivation	 
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  Why chemoinformatics (instead of bioinformatics)? 
  For drug discovery research 
  Analyses on biological data are of course important, but… 
  Drugs are compounds, after all 

  Efficient compound exploration methods are needed 
  Chemical libraries are very large 
  Huge volume of data are available 

Synthesizable: 1060	
In-house: 106	

Launched: 11	>>	 >>	



Graph Mining in Chemoinformatics	 
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  1 network = 1 compound (many atoms) 
  Node: atom; Edge: bond 

  Describe atoms and bonds in molecules 

  This has been the main focus until recently 

  1 network = 1 library (many compounds) 
  Node: compound; Edge: relationship (e.g., similarity) 
  There are few examples thus far 
  Chemical libraries are natural choices for network 

analyses 
  Members of compound libraries are not selected 

randomly 

  They are chosen for specific reasons (e.g., synthesis 
methods or activity)	

Topic of this paper	



Goals	 
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  Present applications of network analysis methods to 
networks based on molecular structural similarity 
  In order to answer frequently asked questions in 

chemoinformatics 

  Identify key molecules that hold central positions in the 
chemical space by finding the central nodes in molecular 
similarity networks 



Methods	 
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  Represent chemical libraries as networks 
  Similarity measures to connect nodes by edges 
  Network representations 

  Minimum spanning trees 
  Threshold networks 

  Analyze importance of nodes 
  Network centrality measures 

  Betweenness centrality 
  Centroid 



Similarity Measures	 
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  Molecular fingerprints 
  Encode molecular structure in a series of bits that represent the 

presence or absence of particular substructures in the molecule 
  Comparing fingerprints will allow you to determine the similarity 

between two molecules 

  Coefficients	

a	b	 c	

d	
n=a+b+c+d	

ss1	ss2	ss3	…	ssn	

1	 1	 0	 …	 1	

From Wikipedia	

# of bits (substructures)	

Most popular (and robust)	



Networks Representation 
-Minimum Spanning Trees-	 
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  Spanning tree 
  A subgraph which is a tree and 

connects all of the nodes together 

  Minimum spanning tree 
  A spanning tree with a weight less 

than or equal to the weight of 
every other spanning tree 

The minimum spanning tree of a 
planar graph. Each edge is labeled 
with its weight, which here is 
roughly proportional to its length.	

From Wikipedia	

  In molecular structure similarity 
networks… 
  The weight is defined by either 

molecular similarity or 
dissimilarity (1-similarity) values	



Networks Representation 
-Threshold Networks-	 
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  A graph in which every edge has a weight greater than a 
predefined threshold value 

€ 

G(V ,E)

€ 

V (G) = {v | v ∈L}
E(G) = {(v1,v2) | sim(v1,v2) ≥T}

where	 L: Chemical library	



Network Centrality Measures 
-Betweenness Centrality-	 
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  Portion of all of the shortest paths in 
a network that pass through the given 
node 
  For a graph G: = (V,E) with n vertices, the 

betweenness CB(v) for vertex v is: 

  where σst is the number of shortest 
paths from s to t, and σst(v) is the 
number of shortest paths from s to t that 
pass through a vertex v. 

  The higher the value, the more 
important a node is in linking together 
a number of other nodes 

Hue (from red=0 to 
blue=max) shows the node 
betweenness.	

From Wikipedia	



Network Centrality Measures 
-Centroid-	 
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  Centroid value Ccen(v) for node v 

  High centroid value indicates that a node v is much closer 
to other nodes 

  The centroid value suggests that a specific node has a 
central position within a graph region characterized by a 
high density of interacting nodes 

where	

is the number of vertex closer to v than to w	



Results & Discussion	 
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  Minimum spanning trees of CRF inhibitors 
  Threshold networks of CRF inhibitors 
  Networks of a multicategory data set 

  Adenosine A1 and A2 antagonists 



Minimum Spanning Trees of CRF Inhibitors	 
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Weighted by dissimilarity 
  Similar compounds are 

located close to each other 
  Useful for 

  Clustering 
  Selecting QSAR series 

  Same methods with 
different weights 

  2 MSTs supply solutions 
to different 
chemoinformatics tasks 

  Loss of information  
  All of the edges represent 

important information 
(similarity between any 
given pairs of compounds) 

Weighted by similarity 
  Dissimilar compounds are 

located close to each other 
  Useful for 

  Diversity analysis 
  Finding the most dissimilar 

compounds 

Merit	

Drawback	

Dataset: 400 CRF antagonists selected from MDDR 



Threshold Networks of CRF Inhibitors 
-Threshold-	 
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  The topology depends heavily on the threshold 

Sizes of the 5 largest components as a function of threshold	

At threshold 0.50, 
395 out of 400 nodes 
are connected	

  Threshold value 0.50 was chosen 
  Can include most data points 

  Without decreasing the diversity of the molecules in the network 
  Can reduce the number of edges to the necessary minimum 

  Reducing the complexity and redundancy 

The size of the second 
largest component is 
never significant 

Dataset: 400 CRF antagonists selected from MDDR 



Threshold Networks of CRF Inhibitors 
-Betweenness Centrality-	 
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  Most nodes with high BC values are at the intersection of some large 
clusters 

  These molecules can be considered bridge structures between two (or 
more) sets of homogeneous compounds 
  Useful in selecting representative subsets from a library 
  May serve as new lead compounds because of the lack of other similar 

compounds between the large homogeneous sets	

Threshold: 0.5 
395 nodes 
2865 edges	

CC: Centroid 
BC: Betweenness Centrality 

Dataset: 400 CRF antagonists selected from MDDR 



Threshold Networks of CRF Inhibitors 
-Centroid-	 
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  Nodes with high CC values are the most interconnected ones 
  These nodes can be viewed as central molecules of homogeneous 

subsets 
  The molecules of a larger subset have better ranking by centroid 

centrality than those of a smaller subset 
  When the task is the selection of a subset of a compound library, the 

centroid value is used best in combination with a clustering method 

Threshold: 0.5 
395 nodes 
2865 edges	

CC: Centroid 
BC: Betweenness Centrality 

Dataset: 400 CRF antagonists selected from MDDR 



Networks of a Multicategory Data Set 
-Minimum Spanning Tree-	 
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  Most of the data points are 
located in homogeneous 
regions 

  Useful to identify suspicious 
molecules by the points found 
inside a large group of a 
different color or at the 
intersection of two groups	

Colored by 3 categories	

A1 
192	

Dual 
63	

A2 
224	

Dataset: 479 adenosine antagonists selected from MDDR 



Networks of a Multicategory Data Set 
-Threshold Networks-	 
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Threshold: 0.36	 Threshold: 0.48	

Dataset: 479 adenosine antagonists selected from MDDR 



Networks of a Multicategory Data Set 
-Threshold Networks-	 
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Threshold: 0.48	

Colored by 3 categories	

A1 
192	

Dual 
63	

A2 
224	

  The clusters in the networks 
contain mostly compounds 
with the same activity 
  By clustering these networks, 

we could obtain some very 
important information about 
the structure of the molecule 
library 

Dataset: 479 adenosine antagonists selected from MDDR 



Networks of a Multicategory Data Set 
-Threshold Networks-	 
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Threshold: 0.36	

Colored by 3 categories	

A1 
192	

Dual 
63	

A2 
224	

  When calculating 
centralities, a network with 
only one component is 
necessary 

  The network with a 
threshold of 0.36 is used to 
calculate centralities 
  Including as many nodes as 

possible 
  Avoiding unnecessary 

complexity of the network 

Dataset: 479 adenosine antagonists selected from MDDR 



Networks of a Multicategory Data Set 
-Threshold Networks-	 
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  The dual antagonists (A12) have the highest average 
betweenness rankings 
  The compounds that are active against both proteins are 

expected to somehow have an average molecular structure of 
some of the two types of single antagonists 

  Calculating betweenness centrality values can be useful to 
identify compounds with multiple activities	

Highest 
average 
rank	

Dataset: 479 adenosine antagonists selected from MDDR 



Conclusion	 
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  Organizing the molecules into networks defined by 
structural similarity can be a convenient method to 
analyze libraries 
  Various chemoinformatics tasks can be performed through the 

analyses of the molecular networks 

  Central molecules in libraries can be identified by 
determining the central nodes in the networks  



Comments	 
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  On this paper 
  Are low thresholds meaningful in terms of chemistry? 

  Chemists would say two compounds with similarity value less than 0.5 
are not similar (they usually don’t share common chemical properties) 

  Library sizes are rather small 
  Interested in the application to larger libraries 
  Maybe need to use more efficient methods 

  General 
  Data mining techniques can be utilized in various fields 

  Many Data mining techniques are applicable to chemoinformatics 
  Techniques devised in chemoinformatics may also be applicable to other 

fields 
  Chemoinformatics may be an interesting filed if you are interested in 

bioinformatics 
  Especially if your focus is the application to drug discovery 
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Thanks!	


