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ntroduction

HIV integrase which is essential in the virus replication cycle and has no
nomologue among human enzymes [1], became an important target for
drug development more than twenty years ago. Nevertheless, progress
has been hampered by the lack of assays suitable for high throughput
screening. Thus, a real breakthrough was only observed in 2007 with the
introduction of the first integrase inhibitor, raltegravir, into treatment.
Crystal structure for HIV-1 integrase is already known and thus, both
techniques commonly used in VS campaigns (structure and ligand-based)
could be developed. Here we introduced a multistep ligand-based
screening cascade because it is suggested that ligand-based methods
outperform structure-based in true positives identification [2]. Our
strategy consists of two sequential modules: machine learning-based
(ML-based) and privileged fragments-based (PF-based).

Priviliged fragments
ldea described herein is an extention of privileged structures (PS) concept intruduced by
Johnson [4] and further developed by others. PS are understood as a chemical moieties (e.g.
biphenyl etc.) which are effective in design of bioactive structures which are able to interact
with more than one target whilst PF are chemical subunits (definied in SMARTS format
corresponding to particular bits from Klekota-Roth fingerprint) specially effective in
distinguishing active compounds from inactives for a particular target.
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Figure 1. Examples of compounds interacting with different targets (chelocistokinin antagonist,
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- . potassium channel blocker and GABA-A agonist respectively) and containing benzoazephane as a
privileged structure.
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Figure 2. Virtual screening workflow. Test set was composed by actives not used in modules
- g ~ development. Decoys were generated basing on Directory of Useful Decoys methodology
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introduced by Huang et al. [4].

Results

The performance of VS protocols composed with the use of PF-based module is definied as an
area under the curve (AUC), enrichment factor (specified as a change of actives fraction among
all compounds population after and before screening stage) for 1% of top-scored instances (EF4)
and maximum value of EF.
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MI-DSE [5] formalism for search for the most discriminating fragments
led to novel scoring function. VS experiments show that PF-based
module can be used as a standalone screening filter, however, the best
enrichment factors were reached when PF-based module was supported
by machine learning in screening cascade. The developed methodology
was applied to search of new HIV integrase inhibitors in databases of
commercialy available compounds.

False positive rate

Figure 4. Left: the results of PF-based module performance. True poistive rate is fraction of
correctly classified actives out of all actives, and false positive rate is fraction of incorrectly
classified inactives out of all inactives. Right: statistical comparison of PF-based and full cascade
(ML-based + PF-based) protocols.
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This poster is a continuation of poster entitled “Development of multistep ligand-based virtual screening cascade methodology in a search for novel HIV-1 integrase
inhibitors: 1. Machine learning”.



