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Therapeutical molecules bind to preferred sites of action, which are in the majority of cases
pockets located within proteins or at their surface. Therefore, estimation and characterization of
pockets is a major issue in drug target discovery. Among the molecules, “drug-like molecules” [1]
are small molecules with particular properties as of small size, able to cross the digestive tract.
Pocket “druggability”, the ability of a pocket to bind “drug-like” molecules, is essential for drug
discovery studies [2] especially for discovering new targets.

Currently, identifying druggable pockets is possible by different statistical models of prediction

[3, 4, 5]. These methods differ by methods used to estimated pockets, by descriptors used to
characterized pockets and the statistical methods used. Moreover, the quality of these approaches
is limited by the few data available, and most of them allow the prediction of the pocket druggability
if the structure of the target is complexed to one ligand (holo forms). However of new target
discovery, it is important to be able to predict the “druggability” of a pocket in its apo form that
means when it is not yet bound to a ligand and deformed by the interaction with one ligand.
Here, we propose a model to predict pocket druggability from holo or apo form. To develop this
model, we started from a set of 113 complexes protein ligands [6], with 71 druggable proteins and
41 less druggable proteins. From this set, we used three approaches to estimate pockets by
taking, defines pockets as protein atoms less than 4 A away from the ligand or not the ligand
information, based on two algorithms Fpocket [7] and DoGSite [8].

Pockets estimated using three approaches, were then characterized using a set of 57
descriptors. This descriptor set, named pocket profile, allows a characterization of the geometry
and the physicochemical properties of pockets. We then built statistical models based on a linear
discriminant analysis to predict the pocket druggability from pocket estimated by Fpocket. The
construction of this model consisted in the selection of the models with the best accuracy and
containing as few descriptors as possible. Finally we used a consensus of 4 best models which
present a very good accuracy (close to 80% on average) from pocket set estimated by different
pocket estimators and also from apo pockets not complexed with a ligand.
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