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Virtual Screening (VS) has become an essential elemeneidriing discovery. Based on the 3D
structure of the receptor, molecular docking studies caappdied to screen large libraries of
compounds for candidate molecules specific for the paaticialrget. Molecular docking sim-
ulation methods describe protein-ligand interactionst@iné level within a force field-based
approach. However, due to their high computational costéecnlar docking simulation meth-
ods have rarely been applied to VS. We present PSO@Autodockyel molecular docking
molecular tool for virtual screening. It is based on PagtiSlwarm Optimization (PSO) and
has been implemented in AutoDock3 (AD3), a widely used dagkirogram. In comparison
to standard AD3, PSOAutodock requires less than 20% of ctingptime for predicting the
correct protein-ligand complex. Thus, simulating the dogkof 2000 compounds with full
flexible treatment of the ligands employing PSO@Autodoakmmaw be finished over night on
a standard personal computer.

1 Introduction

Virtual Screening (VS) techniques applying computatiomalecular docking methods
have proven to be a viable alternative to experimental Higiotighput Screening (HTS).
Given the 3-D structure of the protein target, molecularkilog methods allow screening
large libraries of compounds and provide detailed inforamabn the protein-ligand inter-
actions.

Currently, most VS strategies employ geometric matchinthods that dock an ensemble
of ligands and rank them based on empirical scoring funstiddn contrary, simulation
methods apply force fields to describe the molecular dogiingess in more detail. How-
ever, this is computational demanding. Simulation methetison the assumption that
the protein-inhibitor complex with the lowest calculatedding energy A E'g;.q) is the
closest to the native one. Thus, predicting the proteirbitdr complex can be considered
as multidimensional optimization problem. Various optation algorithms have been
proposed to solve this flexible docking problem. AutoDock8D3) is one of the widely
used docking programs of this type and utilizes a Lamarciianetic Algorithm (LGA)
solve this optimization problem. It allows flexible dockinfjthe ligand while treating the
receptor as rigid. In AD3 the binding energy of the ligandriedicted based on Eq. 1

AEjBind - AEﬂvdVV + AEﬂelec + AEﬂhbond + AEﬂdesolv + AEji&m“s (1)

2 PSO@Autodock

PSO@Autodock, our fast flexible docking tool for virtual&ening is based on Particle
Swarm Optimizatiof (PSO) and has been implemented in AD3. It emplegeCPSO-Is
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(velocity adaptive andegenerativeConstrictionParticle Swarm Optimization withlocal
search) algorithm. PSO is a form of swarm intelligence anddees developed to describe
the social behavior of flocking birds. If one member of theswéparticle) sees a desirable
path to go (i.e. the global minimum &FEp;,,4) the rest of the particles will follow quickly
even if they are on the opposite side to the particle in theidiodensional hyperspace. In
varCPSO-Is, each particle is initialized at random positiothmreal valued search space.
The position of the particleis represented by the vectey = (z;1, x42, . .., x;x5) WhereN

is the dimension of the problem. The velocity of each pagtislgiven by the vector; =
(vi1, vio, ...,v;n). Furthermore, each particle has two kinds of memory tiatémce the
movement in the search space. The cognitive mempry (p;1, pi2, - .., pin) Stores the
best previous position visited by each individual particlée social memory, = (p,1 ,
Dg2, - - -, DgN) CONtains the position of the best point in search spactedisly all particles
in the swarm. In each swarm move, the particle velocity isatgd according to Eq. 2

vi(t +1) = x - {vi(t) + rand(0,1) - c1 - (pi — xi(t)) + rand(0,1) - c2 - (pg — xz(t))(}za)

with the constriction factog = ¢ is computed with cognitive and social param-

2
2—/¢2—4"
etersc; andey, accordingtap = ¢; + ca, ¢ > 4.0.

After the velocity has been calculated, the positions ofpicles are updated according

to Eq. 3

In varCPSO-Is, the constriction factar controls the magnitude of the particle velocity
leading to a fast convergencearCPSO-Is is characterized by three important features,
which help to reduce the computational cost while maintejrihe diversity of the swarm
and preventing from premature convergence in local minifjavelocity adaptive The
velocity of the particle is updated only if the current fitaed the particle is lower than its
fitness at previous iteration. (ifegenerative If a particle moves out of the search space,
the particle is removed from the swarm and regenerated wigwarandom position. (iii)
local search At each swarm move, the best particle of the swafm,; undergoes local
search according to Solis and Wets.

3 Performance of PSO@Autodock

We accessed the performancerafCPSO-Is implemented in PSO@Autodock employing
a suite of seven different protein-ligand complexes andpamed it to the default LGA of
AD3 (Table 1). The optimization process was performed withrhillion evaluations for
LGA and 50,000 evaluations for PSO@Autodock. Fig.( 1) iaths thavarCPSO-Is of
PSO@Autodock clearly outperforms the default LGA of AD3. didler to compare the
performance on VS we selected the complex of HIV proteaseti K263 (1hvr.pdb)
for screening the NCI diversity data 3€1.990 compounds with unique scaffolds). Since
PSO@Autodock uses the same objective function (Eq. 1), dhrelation coefficient be-
tween the predicted F'g;,,4 of LGA and that ofvarCPSO-Is is 0.94.

The performance speed of PSO@Autodock is comparable tartppkograms tailored for
VS, like Glide (version4.0, Schrodinger Inc, San Diego, €2122) or GOLD (version3.0,
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LGA varCPSO-Is Top Hits in VS farCPSO-Is)

AEBmd RMSD AEBmd RMSD | NCI Number AEBmd

PDB ID | kcal/mol A kcal/mol A kcal/mol
3ptb -8.15 0.32 -8.15 0.29 | NCI371876 -11.34
2cpp -7.40 1.76 -7.32 1.09 | NCI101825 -10.57
2mcep -5.45 1.09 -5.02 0.95 | NCl12181 -10.99
1stp -10.93 0.46 -10.85 0.39 | NCI3354 -11.96
1lhvr -21.31 0.69 -21.34 0.29 | NCI343227 -14.62
4hmg -8.39 0.78 -8.30 0.80 | NCI179187 -10.18
Adfr -13.03 1.10 -12.64 0.96 | NCI371884 -13.24

Table 1. Binding energies and rmsd values predicted by LGAvanCPSO-Is. Shown are also the top hit of the
NCI diversity data sétscreening employing PSO@Autodock.
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Figure 1. (a) Performance oarCPSO-Is and genetic algorithms(GA and LGA) on lhvr.pdb. Gbmputing
times for screening the NCI diversity data set on 1hvr.pdb.

CCDC, Cambridge UK). Thus, PSO@Autodock employing the heaeCPSO-Is algo-
rithm is well suited for virtual screening of large librasigvithin an accurate force field

approach.
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