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Docking belongs to one of the most popular tools used in computer- - ‘C,%’L*'Z)J: >
alded drug design protocols. However, inferring about compounds X% A S -R \(f.?j»?)‘())
activit is of | is Sti i SIS Qelidp

y on the basis of its results is still a very challenging task. There CZ %2 ’ { j%
are some approaches that enable automation of the procedure of I 2o e “\11, i
ligand-protein complexes analysis, among which there Is \ o k| N f*"«? J / \ }
a combination of Structural Interaction Fingerprints with machine ' ’
learning algorithms.! Nevertheless, there still remains the problem of Y

selection of proper set of models for docking studies that can be
considered from both quantitative (the number of receptors that
should be taken into account) and qualitative (the way the best
models are selected) point of view. In the study, the number of
receptors considered in post-docking analysis was optimized and the
confrontation between the application of homology models and
\crystal structures was carried out.
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Beta-2 adrenergic receptors? were chosen as a case study due to\ _
presence of crystal structures and relatively high number of ligands. actives

) assumed
Homology models of beta-2 were constructed on nine templates (20 ) "

INactives

models per template were generated). Compounds with reported
activity towards beta-2 were picked from the ChEMBL?3 database.
Moreover, two sets of assumed Iinactives were generated: by
random selection from ZINC and with the use of DUD approach. All
the compounds were docked into the binding site of the constructed ‘
homology models and to 10 crystal structures of beta-2.

Ligand-receptor complexes obtained in the docking procedure were
represented by the Structural Interaction Fingerprint.# Then, for each Docking
docked compound, the SIFt profile was calculated in a way that on

each position in the string, the values were averaged over all
receptors/crystal structures that were considered in the given
situation. The number of receptors that were taken into account was
varying from 3 to 20 (10 for the crystal structures).

Such representation constituted an input for machine learning
experiments. They were performed with the use of the WEKA
package with the Support Vector Machines® applied as a
classification method in 10-fold cross-validation experiments.

The machine learning method effectiveness was evaluated by

Matthews Correlation Coefficient (MCC).
N (MCC) y,

true Inactives

In general, increase in the number of receptors that were included in\ Machine learning experiments
profiles calculation led to the improvement of the classification
effectiveness. In the majority of cases, the optimal number of
receptors was found to be 20. The number of receptors for which the A A
MCC values were the lowest was equal to 3 in the majority of cases

Support Vector
Machines
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Changes occurring In actives/true inactives classification WEKA * ® fﬁﬁéﬂﬁL
experiments were characterized by the highest rate of randomness The University of -

I for each template, there were several number of receptors Wakaito - ®
Included in the profile that were not beneficial in comparison to the
experiments with one less number of receptors (D). However, when
actives were distinguished from DUDs (E) and ZINC (F) compounds,
it was clear that the higher number of receptors included in the MCC act vs true inactives MCC changes act vs true inactives - homology models
profile, the higher MCC values. 0.12
Changes in MCC for crystal structures were more significant than it
was In the case of homology models (B). There were some EHT1E
experiments in which inclusion of additional crystal to the profile o 5-HT1B
caused significant changes in MCC values i up to 0.3 improvement T R
In act/DUD and act/ZINC experiments and up to 0.4 decrease in = = CXC
case of act/true inactives discrimination. >4 5?
The analysis of the results show that the number of receptors >3 - M2
Included Iin the profiles section has significant influence on the >2 1 " M3

obtained results. In case of homology models it was around 10-15% Bl g e 004 -
iImprovement in MCC when the optimal number of receptors .t 6 7 8 9 10 11 15 13 14 15 16 17 18 19 20 006
considered was compared with the worst SIFt profile composition. A number of receptors in the profile D

The highest impact however occurred for experiments with crystal
structures 1 In case of discrimination between actives from true
Inactives it was around 15% change in MCC, over 35% for
actives/DUD and 75% for actives/ZINC experiments (C). 050
The best performing individual models (in terms of AUROC) are 0.40
Indicated with red frames. The lack of significant change in MCC
values after adding the best model to the profile indicates that the
model quality assessed in the previous step has rather no influence
on the obtained results. The MCC values were more dependent on
Qhe number of models in the profile than on their quality. /

Conclusions

e
It was proved that increasing the number of models improved the\ 050 number of receptors in the profile 0.06
results Iin all types of experiments (actives/true Inactives, B E
actives/DUDs, actives/ZINC cmds discrimination). Although further
addition of receptors would probably also cause further increase In S erEneE mE - T MEE MCC changes act vs ZINC - homology models
MCC values, due to computational expenses arising from the
necessity of performing the docking procedure, the set of considered
receptors was not further extended. It was also proved that for beta-2
receptor, homology models are much more effective in terms of
identification of active molecules than crystal structures and also that
the number of receptors had more influence on the obtained results
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than their quality evaluated by AUROC. Therefore, despite the - m act vs ZING 002 IHd' ] ;Th [ ] L | 1 =03
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presence of crystall_og_raphlc_ data for some proteins, for virtual el [ ' i m - r T m _ 000 1% i L TSIMFHWS%IJ ;) “H;
screening purposes it is advisable to use also a set of homology 2 2 0.02

models of a given protein to provide the diversity of receptor AN 5 0.04
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