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Introduction 
 

All compounds active at 5-HT1A receptor, and stored in ChEMBL data-
base (version from August 2010) [1], were extracted from circa 520 
papers. Among them, 3616 were relatively strong binders with Ki (or 
equivalent) below 100 nM. Interestingly, more than a half (1828) were 
characterized by Ki<10 nM. All those compounds were clustered by 
three different approaches, and cluster representatives were used for 
pharmacophore models development. 

Clustering procedures 
 

3D Pharmacophore Fingerprints (the first approach) and MOL-
PRINT2D Fingerprints [4] (the second approach) were first gener-
ated for all the analyzed compounds, and next used as an input for Hi-
erarchical Clustering Tool implemented in Canvas software [2]. Very 
small clusters (up to 3 elements) were merged into special class called 
“outliers”, which, in the first case, resulted in 27 classes consisting of 
8-497 compounds. Regarding the second approach, only 7 classes 
were initially generated, and so the largest cluster (containing 3490 
compounds) was further split, resulting in 36 groups with 6–744 
5-HT1AR ligands obtained. 

The third approach All the active compounds were manually split into 
groups with a common core in multistep process of ligands classifica-
tion (Figure 1). Generally, basic scaffolds are similar to those described 
in review papers (Lopez-Rodriguez 2002 [5]; Caliendo 2005 [6]). This 
time-consuming procedure led to 28 clusters with 17–605 compounds.  

Compounds selection 
 

From each cluster the most diverse compounds were selected, using 
diversity-based selection tool implemented in Canvas. The number of 
clusters representatives depended on its size, from 2 to 10, for 8 to 
>500 respectively. 

Pharmacophore models  
development 

 
For representative compounds selected from each cluster separate 
pharmacophore hypotheses were generated and tested using Phase 
software [3]. All of them mapped at least half of the ligands used for 
their development. The best hypothesis for each cluster was selected 
on the basis of following criteria: maximal number of features, the 
highest number of matched representative compounds, and the highest 
value of selectivity score. Pharmacophore models were tested on three 
different test sets (actives, assumed inactives and decoys, each con-
taining 200 compounds), and characterized by MCC coefficient, which 
was an average from MCC coefficients obtained for combinations of ac-
tives/decoys and actives/assumed inactives. In the last step, the MCC 
coefficients for all possible linear combinations of hypotheses were cal-
culated by an in-house script.  

Test sets 
 
The set (active compounds) comprises from the most diverse 5–HT1AR 
ligands which were not used for pharmacophore models development. 
The second set (decoys) was extracted from ChEMBL database, and 
contained the most diverse compounds with confirmed inactivity to 5-
HT1A receptor, i. e. with Ki or equivalent higher than 10000 nM). The 
third set (assumed inactives) included compounds from FDA database 
without data about activity to 5-HT1A receptor. They all contained two 
main pharmacophore features, i.e. protonable nitrogen atom and aro-
matic fragment. 

What does MCC value really mean? 
 
Matthews correlation coefficient (MCC) is a measure of the quality of binary classifications. The range of 
MCC is from -1 to 1 where value of 1 represents perfect prediction; 0 random prediction and -1 an inverse 
prediction. The MCC is calculated using the following formula: 
 
 
 
 
In this equation, TP is the number of true positives (actives labeled as actives), TN the number of true 
negatives (inactives labeled as inactives), FP the number of false positives (inactives labeled as actives) and 
FN the number of false negatives (actives labeled as inactives). 
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Fig. 1 Dendrogram obtained from the third clustering procedure. Number of compounds  each class is given in brackets. In the last 
column composition of the best developed hypothesis is shown. Hydrogen-bond acceptor – A, hydrogen-bond donor – D, hydropho-
bic group – H, positively charged group – P and aromatic ring – R. 
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Combination 
lenght 

Actives 
Assummed  
inactives Decoys MCC 

TP FN TN FP TN FP 
1 56 144 199 1 183 17 0.323 
2 72 128 198 2 183 17 0.391 
3 103 97 195 5 157 43 0.432 
4 114 86 195 5 155 45 0.474 
5 120 80 195 5 153 47 0.495 
6 122 78 195 5 152 48 0.501 
7 125 75 194 6 151 49 0.509 
8 125 75 194 6 152 48 0.511 
9 126 74 193 7 152 48 0.512 
10 126 74 193 7 152 48 0.512 

Approach Combination 
lenght 

Actives 
Assummed  
inactives Decoys 

MCC 
TP FN TN FP TN FP 

1st 6 108 92 198 2 168 32 0.496 

2nd 11 141 59 188 12 156 44 0.568 

3rd 9 126 74 193 7 152 48 0.512 

Conclusions 
 

Results indicate that linear combinations 
of hypotheses are more efficient than a 
single hypothesis. Moreover, best combi-
nations of hypotheses are obtained when 
clustering is performed on MOLPRINT2D 
fingerprints. An additional advantage of 
this approach is its automation and speed. 
This creates the possibility of applying the 
proposed methodology for generating 
useful models for virtual screening proce-
dure. 

Table 1. Performance comparison for linear combinations consisting of 
various amounts of hypotheses obtained in the second clustering appro-
ach 

Table 2. Performance comparison for the best combinations generated in each clustering 
approach 


