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Abstract

Development of 

a Protein-Ligand Docking Program 

Based on Global Optimization

Woong-Hee Shin

Department of Chemistry

The Graduate School

Seoul National University

Protein-ligand docking has become an essential tool for 

computer-aided drug discovery since docking programs were first 

developed in 1980’s. The goals of docking are to predict 1) the 

binding mode and 2) the binding affinity of a given protein-ligand 

complex accurately. Accurate prediction of binding mode requires 

appropriate sampling of both protein and ligand conformations. Many 

available docking programs sample ligand structures successfully because 

ligand has a relatively small number of degrees of freedom. However, 
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a lot of current docking programs treat receptor as a rigid molecule 

although receptor often adapts its shape to bound ligand because 

treating receptor flexibility is a very complicated problem. First of all, 

the large conformational space of receptor is a challenge for typical 

sampling methods. In addition, current energy functions such as 

empirical docking score functions or force field-based energy functions 

do not accurately describe flexible receptor-flexible ligand interactions 

yet.

In this thesis, the development process of an efficient docking 

program that treats receptor flexible, called GalaxyDock, is described. A 

powerful global optimization technique, called conformational space 

annealing, was employed for simultaneous sampling of the 

conformational space of protein and ligand. In addition, a new energy 

function for flexible-receptor docking was designed by combining the 

AutoDock energy function and a knowledge-based ROTA potential. 

With these components for sampling and scoring, GalaxyDock shows 

high performances in the binding pose prediction and virtual screening 

benchmark tests when compared to other state-of-art docking programs. 

This result suggests that the GalaxyDock program can provide a firm 

basis for further method developments and for practical applications to 

in sillico drug discovery processes.

keywords: protein-ligand docking, global optimization, virtual screening, 

computer-aided drug discovery

Student Number: 2008-20327
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1. Introduction

1.1. Overview of protein-ligand docking

Protein-ligand docking (PLD) is a method that predicts 1) in 

which pose a given ligand binds to a protein’s binding pocket and 2) 

how strongly the ligand binds to the protein. The first docking program 

was developed in the early 1980's (Kuntz et al., 1982). Since then, a 

number of docking programs have been developed (Morris et al., 1998, 

Zsoldos et al., 2007, Rarey et al., 1996). Owing to its powerful 

prediction ability, many successful applications to drug discovery 

processes targeting proteins with available structures have been reported 

(Lavecchia et al., 2006, Rogers et al., 2006, Venkatesan et al., 2010)

Similar to many other modeling problems, PLD has also two 

importantly components: 1) sampling candidate binding poses and 2) 

evaluating the sampled poses. The first popular program of PLD is 

UCSF DOCK developed by Kuntz (Kuntz et al., 1982) as mentioned 

above. It evaluates binding affinity of candidate poses by calculating 

and adding van der Waals potential and Coulomb potential. It 

incorporates Dead-end elimination (DEE) to search binding modes of 

ligand. It assumes binding of protein-ligand as a lock-and-key model. In 

the following two sections, sampling methods and scoring functions that 

are implemented in PLD programs will be reviewed.

Another important issue in PLD field is treating protein 

flexibility. In nature, receptor changes its shape when partner binds. 
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This phenomena could be explained as 'induced-fit' model or 

'conformational selection' model. However, in the early era of PLD 

field, protein flexibility was not be able to treated because the degrees 

of freedom (DoF) increases. Nowadays, as the computing power 

increases, those increament of DoF could be treated efficiently. 

Treatment of receptor flexiblity will also be covered in section 1.4.

1.2. Sampling methods of protein-ligand docking

Sampling method of PLD program generates candidate binding 

pose of ligand in receptor binding pocket. PLD programs can be 

classified into three groups by sampling method. First group of them 

uses Dead-end elimination (DEE). The popular programs of this group 

are FlexX and UCSF DOCK (Kuntz et al., 1982, Rarey et al., 1996). 

FlexX divides ligand into several fragments and receptor binding pocket 

is described by interaction points. The three of ligand fragments and 

three interaction points of receptor generate triangle. Those two triangles 

are matched and compared their shape and chemical complementarity. If 

they are matched better than other combinations, the fragments of 

triangle is located to the surface of those interaction points. The 

remaining fragments of ligand will be placed considering geometry. The 

pose generation of newly added fragments of ligand is governed by 

DEE. 

Second group uses single trajectory by Monte Carlo (MC) 
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methods. One of the popular program among the group is 

RosettaLigand (Davis and Baker, 2009). The variation of MC such as 

Tabu search is also used.

The last group uses population-based optimization methods such 

as genetic algorithm (Morris et al., 1998, Jones et al., 1995). Almost 

of docking programs are included in this group. The population-based 

method starts with a number of population that each member of them 

contains information of ligand conformation. Then those population 

searches the lower energy region heuristically. Recently, more efficient 

global optimization algorithms such as ant colony optimization (Korb et 

al., 2009) and particle swarm optimization (Chen et al., 2007) have 

also been adopted to solve the sampling problem involving a large 

number of degrees of freedom.

1.3. Scoring problems of protein-ligand docking

The second component, scoring function is used to calculate 

the effective free energy of the state corresponding to candidate ligand 

binding modes. A scoring function is used to predict the binding mode 

with the lowest free energy and also to predict which ligand binds to a 

given receptor most strongly in a compound library. Docking scoring 

functions can be classified into three types (Huang et al., 2010). The 

first type is force field-based scoring functions. Such scoring functions 

are based on physical atomic interaction energies, adopting the 
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functional forms and parameters of available force fields like AMBER. 

In spite of its physical basis, such scoring functions have difficulties in 

effectively treating the solvation effect. Popular examples of force-field 

based scoring functions are DOCK (Meng et al., 1992) and AutoDock 

(Morris et al., 1998). 

The second type of scoring functions is empirical scoring 

functions. Such scoring functions estimate the binding free energy by a 

weighted summation of empirical energy functions. The components of 

empirical functions can be any types of interactions in any functional 

forms. The functional forms are often very simplified ones such as 

piecewise-linear or quadratic functions. Typical energy terms include 

hydrogen bonding energy, hydrophobic interaction energy, desolvation 

free energy, and ligand conformational entropy. The relative weights of 

the constituting terms are determined by fitting to experimentally 

determined binding affinities. X-Score is one of the most popular 

empirical scoring functions that predict the binding affinity most 

accurately (Wang et al., 2002).

The last type is knowledge-based scoring functions. Such 

scoring functions are derived from experimentally determined structures. 

A principal assumption behind the derivation of knowledge-based 

scoring functions is that the frequency of observed interaction pairs in 

the structure database follows Boltzmann distribution. DrugScore is one 

of representative examples of knowledge-based scoring functions (Velec 

et al., 2005).

Although the two components of docking, sampling methods 
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and scoring function, were introduced independently above, they are 

highly inter-winded together in docking procedure. For example, 

efficient sampling of bound conformations driven by an accurate 

binding free energy landscape is the most desirable scenario in docking 

simulations.

1.4. Flexible-receptor docking

One of the most important contemporary issues in the PLD 

problem is how to incorporate flexibility of receptor. Many docking 

programs treat receptor as a rigid molecule, following the concept of 

the ‘lock-and-key’ model. However, receptor often changes its 

conformation when ligand binds as described by the ‘induced-fit’ model. 

Many failures in binding mode prediction and virtual screening are 

caused by improper treatment of receptor flexibility (Sousa et al., 

2006). Since the late 1990's, a number of flexible-receptor docking 

programs have been developed, and they can be classified into three 

categories (Shin and Seok, 2012).

The first category is ensemble docking. In ensemble docking, a 

pre-sampled ensemble of receptor structures represent receptor flexibility, 

and docking is performed on the ensemble structures. The receptor 

structures can be obtained from multiple crystal structures bound to 

different ligands (Bottegoni et al., 2009), snapshots of molecular 

dynamics simulation trajectories (Wong et al., 2005), conformations with 
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different side chain rotamer combinations (Clauβen et al., 2001), or 

structures generated from normal mode analysis (Cavasotto et al., 2005). 

The advantage of this kind of method is that the conformational space 

of protein is greatly reduced, and computation is very easy. However, 

the performance sensitively depends on the choice of the conformation 

ensemble.

The second category of flexible-receptor methods employs 

'enlarged binding pocket'. In these methods, the binding pocket is 

effectively enlarged by softening the van der Waals potential (Sherman 

et al., 2006) or by alanine mutation of pre-selected side-chains 

(Bottegoni et al., 2008). After placing a ligand in the enlarged pocket, 

the resulting protein-ligand complex has to be refined with a harder 

potential or the side chains have to be recovered. This kind of methods 

can reduce the energy barriers by smoothing the energy landscape, 

enabling efficient sampling. However, such methods might produce false 

positives and unphysical binding poses. Therefore, a refinement step or 

a curation step are necessary (Sherman et al., 2006)

The last category of flexible-receptor docking methods employs 

simultaneous sampling of receptor and ligand conformations. Prior 

knowledge on the variable regions in the receptor can reduce the 

conformational search space. Advantage of this category of methods is 

that it does not require pre- or post-sampling of receptor conformations. 

However, simultaneous sampling requires increased computational time. 

A number of optimization techniques have been applied to simultaneous 

sampling for example by using Monte Carlo with minimization (Davis 
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and Baker, 2009) or genetic algorithm (Zhao and Sanner, 2007, Corbeil 

et al., 2007, Morris et al., 2009)

In all the three categories of the flexible-receptor docking 

mentioned above, the sampling and scoring problems become more 

serious than in the rigid-receptor docking. Considering flexibility of 

receptor enlarges the conformation search space, especially in the case 

of the simultaneous sampling method. In addition, proper energy 

function that describes the protein internal energy have to be included 

to score different protein conformations. 

1.3. Outline of this thesis

In this thesis, the development procedure of a new 

protein-ligand docking method, called GalaxyDock, is introduced. 

GalaxyDock incorporates conformational space annealing (CSA) (Lee et 

al., 1997), a powerful global optimization technique, and a new scoring 

function (Shin and Seok, 2012) that combines AutoDock scoring 

function (Morris et al., 1998) to calculate protein-ligand interactions and 

ROTA scoring function (Hartmann et al., 2007) to calculate the internal 

energy of protein. A separate function that predicts the binding affinity 

is also introduced and tested. GalaxyDock has been tested on several 

benchmark test sets including those for rigid-receptor docking, 

flexible-receptor docking, and virtual screening. Comparisons with other 

state-of-art docking programs were also performed.
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The following sections of this section cover the progress of the 

GalaxyDock development. Rigid-receptor docking that incorporates CSA 

and a scoring function that modifies AutoDock scoring function is 

covered in Section 2. This initial method is also called LigDockCSA, 

and LigDockCSA now refers to the rdig-receptor mode of GalaxyDock. 

Development of the flexible-receptor mode of GalaxyDock is discussed 

in Section 3. Improvements of GalaxyDock by using beta complex and 

binding affinity function resulted in GalaxyDock2, as described in 

Section 4.
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2. LigDockCSA: a rigid docking program

2.1. Overview of this section

As mentioned in introduction section, for PLD problem there 

has been many approaches that adopt an brand-new optimization 

techniques such as ant-colony algorithm to solve the problems of old 

techniques. For example, genetic algorithm might fall into local 

minimum easily rather than find global minimum. This phenomena 

causes difficulty of predicting correct binding mode when the energy 

landscape is sophisticated or number of torsion angles of ligand is very 

large (Chen et al., 2007). In this section, a program called 

LigDockCSA is introduced. It incorporates conformational space 

annealing as an optimization technique. It is known that CSA is a 

powerful global optimization technique (Lee et al., 1997) and it is 

applied to many computational biology field successfully (Lee et al., 

2005a, Joo et al., 2009, Park and Seok, 2012). Scoring function of 

LigDockCSA is a modification of AutoDock3 scoring function (Morris 

et al., 1999) with adding torsion part of piecewise linear potential 

(PLP) (Gehlharr et al., 1995). When CSA searches ligand binding mode 

with AutoDock3 scoring function, it can find lower energy conformation 

when compared to Lamarkian genetic algorithm (LGA). However, 

deviations of the predicted conformation from native structure is more 

higher than that of LGA conformation. Adding PLP torsion term to 

AutoDock3 scoring function helps to find more accurate binding mode. 
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In the following subsections, details of LigDockCSA will be discussed.

2.2. Methods

 2.2.1. Benchmark set and AutoDock calculation

The performance of the docking method developed in this 

work, LigDockCSA, is compared with two existing docking programs 

GOLD (Jones et al., 1997) and AutoDock (Morris et al., 1999) on the 

ASTEX diverse set (Hartshorn et al., 2007). The performance of GOLD 

on the set is reported in Hartshorn et al., and AutoDock calculations 

were carried out in this work. The ASTEX diverse set was developed 

to provide a suitable set for validation of docking methods. It was 

derived from high-resolution x-ray protein-ligand complex structures by 

focusing on the relevance to drug discovery and the quality of ligand 

structures. The set contains 85 diverse protein-ligand complexes that are 

all from different drug discovery or agrochemical targets. The associated 

ligands all meet drug-like criteria. The number of torsion angles of the 

ligands in the set ranges from 0 to 16.

For AutoDock and LigDockCSA calculations, the same protein 

and ligand input files and the same grid energies are used. Hydrogen 

atoms were added and Gasteiger-Hückel charges were assigned to 

proteins and ligands using Chimera (Petterson et al., 2004) after 

separating ligand and solvent molecules from the X-ray crystal complex 

structures in the ASTEX diverse set. A cubic grid box with the default 
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dimension of (22.5Å)3 was centered at the ligand atom closest to the 

geometrical center of the crystal ligand pose.

AutoDock results were obtained by executing the 

AutoDock3.0.5 program. For each complex, Lamarckian genetic 

algorithm (LGA) runs were performed thousand times to adjust the 

number of energy function calls to the same level as that for 

LigDockCSA which is on the order of 108.

 2.2.2. Energy function for protein-ligand docking

First, it was tested that the performance of a docking protocol 

that combines CSA and the AutoDock energy. The AutoDock energy 

function, EAutoDock, consists of four energy terms, Lennard-Jones 

interaction energy, directional hydrogen bond energy, screened Coulomb 

electrostatic potential energy, and solvation energy as follows:

         
  





    





 


 
 




 

  exp
 

  (2.1)

The torsional entropy term of AutoDock is omitted in Eq. (2.1) because 

it is independent of conformation. The same weight factors (wvdW, 

whbond, welec, wsol) used in AutoDock were adopted. Each of the above 

four energy terms is expressed as sum of interaction energy over all 

pairs of ligand atoms i and protein atoms j in addition to over all pairs 

of ligand atoms i and j that are separated by three or more chemical 

bonds. {Aij, Bij} and {Cij, Dij} are parameters for the Lennard-Jones and 

hydrogen bond energy, respectively. h(t) is the weight factor for 
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hydrogen bond (H-bond) that depends on the angle t formed by the 

H-bond acceptor, H, and its donor (Goodford, 1985). qi is partial 

charge, and ε(r) is a distance-dependent dielectric constant. ({Si, Vi}, σ) 

are solvation parameters.

In this study it was observed that many low-energy non-native 

structures are found by CSA, which disfavors native-like structures in 

terms of the AutoDock energy. This originates from the fact that the 

internal energy of the ligand molecule in AutoDock does not include 

proper torsional strains. Since the conformational flexibility of the 

ligand molecule is allowed in this study, torsional energy term from the 

PLP score was adopted (Gehlharr et al., 1995)

                  
  

 

  cos               (2.2)

For each rotatable bond k of ligand with torsion angle φk parameters 

are set to (Fk = 3.0, nk = 3,  = π) for sp3-sp3 bond and (Fk = 1.5, 

nk = 6,  = 0) for sp2-sp3 bond, as in the original PLP score. The 

final form of the energy function used in this study is expressed as a 

linear sum of the AutoDock energy function in Eq. (2.1) and the 

torsional energy term of the PLP score in Eq. (2.2) as follows:

                                          (2.3)

To determine the weight factor w in Eq. (2.3), a randomly divided half 

of the ASTEX diverse set was used as the training set and is listed in 

Supplementary table S1. Decoy conformations of the ligand for each 

complex in the training set were generated by perturbing the native 

conformation to varying magnitudes and selecting those with the 



- 13 -

minimized energy lower than zero. After generating 2500 conformations 

and clustering them into 500 clusters by k-means clustering, the 500 

cluster centers were chosen as decoys. Finally, w is set to 0.1 at which 

the energy-RMSD correlation of the decoy conformations for training 

set complexes becomes the maximum. This value of w is similar to 

those of other scaling factors used in Eq. (2.1) for the AutoDock 

energy which are also on the order of 0.1.

 2.2.3. Application of conformational space annealing to 

protein-ligand docking

LigDockCSA determines the docking pose of a ligand by 

searching for the global minimum of the docking energy shown in Eq. 

(2.3) using conformational space annealing (CSA). CSA is an efficient 

global optimization technique that has been applied to various 

combinatorial optimization problems including protein folding and other 

biological problems (Lee et al., 2005a, Joo et al., 2009, Park and Seok, 

2012). In CSA, a relatively small number (~100) of “bank” 

conformations is evolved by gradually reducing the effective size of the 

conformational space explored by each bank member. A distance 

measure in the conformational space is introduced as an annealing 

parameter for this purpose. During evolution of the bank, trial 

conformations are generated by crossovers and mutations as in genetic 

algorithm (Morris et al., 1999, Jones et al., 1995). 

In this work, the conformational space is formed by 3 

translational, 3 rotational, and Ntor torsional degrees of freedom for 
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ligand. The translational degrees of freedom are represented by the 

Cartesian coordinate of the ligand center atom, and the rotational 

degrees of freedom by the quaternion for the ligand orientation.

CSA searches for low energy conformations in the space of 

local energy minima, and local energy minimization is performed 

whenever a new conformation is generated. The simplex algorithm 

(Neider and Mead, 1965) is used, because it performs efficient 

minimization without requiring the gradient of the target function.

A CSA run starts with the generation of a “bank” of 

conformations, called the “first bank”, and the bank conformations are 

evolved with iteration. We set the number of bank conformations to 50. 

In LigDockCSA, conformations for the first bank are generated by 

energy minimization of randomly produced conformations after filtering 

out those with initial energy > 5 × 105 for which severe steric clashes 

occur. Only conformations with minimized energy lower than zero are 

included, as in the generation of the initial population in AutoDock.

At each iteration step of CSA, trial conformations are generated 

by crossovers and mutations, and the bank is updated considering both 

the current bank and the trial conformations. A trial conformation is 

generated by mixing a seed conformation selected from the current 

bank with a partner conformation randomly selected from the first bank 

or the current bank. The first bank helps to maintain conformational 

diversity during sampling, and the current bank helps to explore 

emerging low energy minima. For each of 30 seed conformations, 3 

and 5 trial conformations are generated by mixing with the translation 
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and rotation of the conformations selected from the first bank and the 

current bank, respectively. Small random perturbations are introduced to 

the translation and rotation after mixing for more efficient sampling. 

Additional 2 and 5 trial conformations are generated for each seed by 

mixing with between 1 and 0.4Ntor torsion angles of the conformations 

selected from the first bank and the current bank, respectively.

After trial conformations are generated, the bank is updated 

considering structural diversity and energy of the current bank and the 

trial conformations. The essence of CSA is to focus on narrower 

conformational space of lower energy gradually as the iteration 

proceeds. For this purpose, a measure of distance between two 

conformations is required, and we adopt the distance measure employed 

by Lee et al. (2005b) except for requiring that the distance measures 

for translation, rotation, and torsion angles for the first bank have a 

ratio of 1:1:Ntor/6 instead of 1:1:1. In CSA, the effective size of the 

conformational space represented by each bank member is controlled by 

the distance parameter Dcut at the stage of bank update. If a trial 

conformation within Dcut from a bank conformation has lower energy 

than the bank conformation, it replaces the bank conformation. If a trial 

conformation has distances greater than Dcut from all the current bank 

conformations and has lower energy than the highest energy bank 

conformation, it replaces the highest energy bank conformation. The 

parameter Dcut is gradually reduced as CSA iteration proceeds, and 

therefore conformational search focuses on narrower spaces of lower 

energy. When all bank members are used as seed, one round of CSA 
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terminates. Two rounds of CSA in LigDockCSA is executed. The 

second round of CSA starts with additional 50 randomly generated 

conformations in the first bank.

2.3. Results and discussion

 2.3.1. Performance of CSA when combined with AutoDock 

scoring function

It has been demonstrated repeatedly that the CSA algorithm 

finds low energy solutions more efficiently than other popular global 

optimization methods such as Monte Carlo minimization, simulated 

annealing, etc. Here, the phenomena that the CSA can find lower 

energy minima than the LGA (Lamarckian genetic algorithm) 

implemented in AutoDock3.0.5 is shown when the same AutoDock 

energy function is employed. The docking procedure that adopts CSA 

and the AutoDock energy is referred to here as AutoDockCSA. As can 

be seen from the test results on the 85 complexes of the ASTEX 

diverse set presented in Table 2.1, AutoDockCSA tends to find lower 

energy conformations than AutoDock that uses LGA, especially for 

complexes with the number of rotatable bonds  ≥. For example, 

when  ≥, AutoDockCSA finds lower energy conformations than 

AutoDock in all 12 cases.
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Ntor
a Ncomplex

b No. of wins Lower E,

higher 

RMSDd

AutoDock

(LGA)

AutoDockCSA

(CSA)

Drawc

0~4 24 8 10 6 12

5~7 26 4 21 1 17

8~11 23 8 15 0 16

12~16 12 0 12 0 11

Total 85 20 58 7 56

Table 2.1. The number of wins in finding lower energy conformations 

for AutoDock that employs LGA and AutoDockCSA that employs CSA 

when the identical AutoDock energy function is used

a. The number of rotatable bonds of the ligand

b. The number of complexes in the ASTEX diverse set with Ntor in 

the specified range

c. The number of cases in which AutoDock and AutoDockCSA give 

the same energy when the energy value is truncated at two 

digits below the decimal point, as in the AutoDock output

d. The number of cases in which either LGA or CSA finds a lower 

energy but higher RMSD conformation
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Although CSA can find lower energy conformations than LGA 

on average, the docking results judged by RMSD from the native pose 

are not improved by AutoDockCSA. This should be viewed in contrast 

to the recent studies (Janson et al., 2008, Chen et al., 2007) that 

improved optimization of the AutoDock energy led to enhanced docking 

results. The success rate defined by the percentage of the cases in 

which RMSD of the lowest energy conformations is less than 2 Å is 

summarized in Table 2.2. The overall success rate for the ASTEX 

diverse set is 81.7% for AutoDock and 68.2% for AutoDockCSA. The 

poor performance of AutoDockCSA is due to the fact that lower 

energy conformations often have higher RMSD with the AutoDock 

energy, as shown in Table 2.2. It is also notable that the proportion of 

such cases increases with the increasing number of ligand torsions. This 

implies that the AutoDock energy has a problem that becomes apparent 

only when a more rigorous global optimization method is used, in 

contrast to the previous reports that better optimization of the 

AutoDock energy improves the overall prediction accuracy (Janson et 

al., 2008, Chen et al., 2007). To overcome this problem, the AutoDock 

energy function is improved in order to take full advantage of the 

more efficient global optimization method.
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Ntor Ncomplex Success ratea (AverageRMSDb)

AutoDock
(LGA)

AutoDockCSA
(CSA)

0~4 24 75.0% (1.80 Å) 66.7% (2.12 Å)

5~7 26 88.5% (1.24 Å) 80.8% (1.84 Å)

8~11 23 82.6% (1.56 Å) 60.7% (2.34 Å)

12~16 12 75.0% (2.08 Å) 58.3% (3.09 Å)

Total 85 81.7% (1.60 Å) 68.2% (2.23 Å)

Table 2.2. Success rate and average RMSD of AutoDock and 

AutoDockCSA for the ASTEX diverse set

a. Percentage of the cases in which RMSD of docked pose is less than 

2 Å

b. Average of RMSD of the lowest energy conformations over the 

complexes in the set
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 2.3.2. Energy function for LigDockCSA

The energy function adopted here, E = EAutoDock + wEPLPtor, has 

a free weight parameter w. This parameter was determined so that the 

maximum correlation between the energy and RMSD for decoys in the 

training set is achieved, as explained in Methods. The average 

Pearson’s correlation coefficient over the training set complexes is 0.402 

when the torsional energy is not included (w = 0) and reaches the 

maximum value of 0.462 when w is 0.1, as can be seen from Figure 

2.1. This rather small improvement may be related to the small value 

of the weight factor. The correlation coefficient for each of the 

complexes in the training set is presented in Table 2.3.

To test the sensitivity of the scaling factor w, on the training 

set, the training set was randomly divided into three subsets of 14 

complexes, and average correlation coefficient for each subset was 

examined. The correlation maximum appears at w = 0.1 for two subsets 

(the next highest correlations at 0.0 and 0.2) and at w = 0.6 for the 

other subset (the next highest correlation at 0.0). It can be therefore 

expected that the current parameter of w = 0.1 would not be very 

sensitive to the choice of the training set.



- 21 -

Figure 2.1. The average of the energy-RMSD correlation coefficients for 

the training set decoys reaches maximum at w = 0.1.
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PDB Ntor ADEa LDEb PDB Ntor ADEa LDEb

1q41 1 0.187 0.744 1lpz 7 0.409 0.579
1hnn 1 0.394 0.406 1u1c 7 0.228 0.291
1p2y 1 0.448 0.385 1xoq 7 0.540 0.755

1uou 2 0.479 0.580 2bm2 7 0.679 0.681
1gpk 3 0.618 0.632 1m2z 8 0.667 0.520

1hww 3 0.452 0.546 1sj0 8 0.208 0.244
1sg0 3 0.442 0.725 1xm6 8 0.505 0.204
1ia1 4 0.457 0.506 1z95 8 0.503 0.488

1l2s 4 0.354 0.287 1n46 9 0.279 0.274
1oyt 4 0.625 0.814 1s19 9 0.517 0.572

1r9o 4 0.176 0.394 2bsm 9 0.514 0.498
1yvf 4 0.478 0.586 1meh 10 0.160 0.252
1ke5 5 0.524 0.535 1sq5 10 0.285 0.242

1of1 5 0.158 0.131 2br1 10 0.360 0.349
1p62 5 0.325 0.328 1uml 11 0.197 0.374

1v4s 5 0.342 0.213 1hvy 12 0.602 0.558
1x8x 5 0.131 0.336 1mzc 12 0.195 0.181

1hp0 6 0.300 0.516 1r58 12 0.082 0.149
1opk 6 0.516 0.155 1unl 12 0.495 0.744
1q1g 6 0.376 0.672 1ygc 13 0.471 0.455

1t9b 6 0.559 0.674 1gkc 16 0.640 0.800

Table 2.3. Pearson’s correlation coefficients between Energy and RMSD 

for the training set

a. ADE: AutoDock energy

b. LDE: LigDock energy, EAutoDock + 0.1EPLPtor
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An interesting example of the improved cases by the addition 

of the PLP torsion energy is shown in Figure 2.2 for the complex 

1Q1G. The energy-RMSD correlation coefficient for the decoys for this 

complex is 0.376 with the AutoDock energy and 0.672 with the 

additional torsion energy. It should be noted that the energy and RMSD 

for decoys are evaluated after minimization of the new energy function. 

The lowest energy conformation moves slightly towards the native from 

RMSD of 0.617 Å with the AutoDock energy to 0.372 Å with the 

new energy function. A large portion of decoy conformations also move 

towards the native structure, as can be seen from Figure 2.2. This fact 

implies that the relief of torsional strain in the decoys by local 

minimization of the new energy function drives structural changes 

towards the native structure. Examination of the ligand torsion angles of 

the decoys confirmed that the torsion angles indeed converge to the 

native angles upon energy minimization (data not shown).
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Figure 2.2. Modification of the energy landscape of 1Q1G is illustrated 

after the addition of the PLP torsion energy. The AutoDock energy of 

the decoy is shown in green circles, and the AutoDock energy 

combined with the PLP torsion energy is shown in red crosses. Overall 

shift towards smaller value of RMSD after adding the PLP torsion 

energy can be observed as torsional strains are relieved by local energy 

minimization. The unit of x axis is kcal/mol.
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 2.3.3. Performance of LigDockCSA

The LigDockCSA program predicts the docking pose of a 

ligand by finding low energy minima of the energy function in Eq. 

(2.3) using CSA. RMSDs of the predicted poses by LigDockCSA for 

individual complexes are reported in Supplementary table S2. The 

performance of LigDockCSA was tested on the ASTEX diverse set. 

Because one half of the complexes (42 out of 85 complexes) were 

used to determine the energy parameter w, we first examined the 

performance of LigDockCSA on the training set (See Table 2.4) and 

that for the other half of the ASTEX set, which we call test set (See 

Table 2.5) separately. We also compare the results with the 

performance of GOLD and AutoDock in the tables. From the results 

presented in Tables 2.4 and 2.5, one can conclude that the energy 

parameter w is not over-trained since the performance of LigDockCSA 

on the training set is not particularly superior to that on the test set.

For comparison with GOLD, the results of the standard 

protocol of GOLD out of the six methods reported in Hartshorn et al. 

are presented since the standard protocol is the most similar to the 

current AutoDock and LigDockCSA calculations in the size of the 

binding site and in the preparation of protein and ligand molecules. 

However, the results of GOLD should be taken with a notion that the 

number of function evaluations in GOLD calculations is not known.
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Ntor Ncomplex Success rate (Average RMSD)
GOLDa AutoDock AutoDock

CSA
LigDock

CSA

0~4 12 66.7% 83.3% 
(1.47 Å)

58.3% 
(2.52 Å)

91.7% 
(1.24 Å)

5~7 13 95.0% 92.3% 
(1.11 Å)

84.6% 
(1.39 Å)

92.3% 
(1.10 Å)

8~11 11 73.2% 81.8% 
(1.42 Å)

54.5% 
(2.30 Å)

72.7% 
(1.29 Å)

12~16 6 62.5% 66.7% 
(2.50 Å)

33.3% 
(3.93 Å)

66.7% 
(1.81 Å)

Total 42 76.5% 83.3% 
(1.49 Å)

61.9% 
(2.31 Å)

83.3% 
(1.29 Å)

Table 2.4. The success rates and the average RMSD values of GOLD, 

AutoDock, AutoDockCSA, and LigDockCSA are shown for the training 

set of 42 complexes.

a. The success rate is reported in Hartshorn et al., but the average 

RMSD is not available.
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Ntor Ncomplex Success rate (Average RMSD)
GOLDa AutoDock AutoDockC

SA
LigDock

CSA

0~4 12 76.7% 66.7% 
(2.13 Å)

75.0% 
(1.72 Å)

81.8% 
(1.12 Å)

5~7 13 83.5% 84.6% 
(1.36 Å)

72.7% 
(2.28 Å)

84.6% 
(1.78 Å)

8~11 12 85.0% 83.3% 
(1.68 Å)

66.7% 
(2.38 Å)

91.7% 
(1.11 Å)

12~16 6 100.0% 83.3% 
(1.65 Å)

63.3% 
(2.25 Å)

83.3% 
(1.59 Å)

Total 43 84.3% 81.0% 
(1.56 Å)

69.8% 
(2.15 Å)

85.7% 
(1.42 Å)

Table 2.5. The success rates and the average RMSD values of GOLD, 

AutoDock, AutoDockCSA, and LigDockCSA are shown for the test set 

of 43 complexes.

a. The success rate is reported in Hartshorn et al., but the average 

RMSD is not available.
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As presented in Table 2.5, the success rate for the test set 

with the RMSD threshold of 2 Å improves from 81.0% for AutoDock 

to 85.7% for LigDockCSA. The average RMSD also improves from 

1.56 Å for AutoDock to 1.42 Å for LigDockCSA. For a reference, the 

overall success rate for the 85 complexes of the full ASTEX set is 

80.5%, 81.7%, and 84.7% for GOLD, AutoDock, and LigDockCSA, 

respectively, and the average RMSD is 1.60 Å and 1.35 Å for 

AutoDock and LigDockCSA, respectively (See Table 2.6). The success 

rate of LigDockCSA is the same as that of AutoDock for the number 

of rotatable bonds of 5~7 and 12~16, but the average RMSD improves 

for these complexes. LigDockCSA tends to fail (i.e., RMSD > 2 Å) on 

the same complexes as AutoDock does, 10 out of 13 failures being 

shared with those of AutoDock. This is probably due to the fact that 

the LigDockCSA energy function is not so much different from the 

AutoDock energy function except that it contains an additional torsional 

energy term and the overall energy landscapes are similar to each 

other. It is still noticeable that the average RMSD improves with 

LigDockCSA. The percentage of the predictions within 1 Å RMSD for 

the full ASTEX set improved from 47.0% for AutoDock to 56.5% for 

LigDockCSA. This implies that the LigDockCSA energy landscape is 

improved in fine structural details even when the overall energy 

landscape is similar to that of AutoDock. Considering that CSA was 

not successful with the original AutoDock energy function, such 

refinement in the energy landscape is essential to take full advantage of 

the efficient global optimization method.
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Ntor Ncomplex Success rate (Average RMSD)

GOLDa AutoDock LigDockCSA
0~4 24 71.7% 75.0% 

(1.80 Å)
87.5% 

(1.20 Å)

5~7 26 89.2% 88.5% 
(1.24 Å)

88.5% 
(1.44 Å)

8~11 23 79.3% 82.6% 
(1.56 Å)

82.6% 
(1.21 Å)

12~16 12 81.2% 75.0% 
(2.08 Å)

75.0% 
(1.68 Å)

Total 85 80.5% 81.7% 
(1.60 Å)

84.7% 
(1.34 Å)

Table 2.6. Success rate and average RMSD of GOLD, AutoDock, and 

LigDockCSA for the full ASTEX diverse set

a. The success rate reported in Hartshorn et al.. Average RMSD is not 

reported in the reference.
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Two examples, 1OWE and 1IG3, in which LigDockCSA 

produces improved predictions are illustrated in Figure 2.3. In the case 

of 1OWE, the improvement is due to the improved energy landscape 

by addition of the torsional energy term. For 1IG3, the energy 

landscape does not change much by the torsional energy, but the 

conformational search by CSA that generates lower energy 

conformations contributes to the improvement.

We further examined the effect of clustering by selecting the 

lowest energy conformation of the largest cluster after clustering the 

final conformations using NMRCLUST (Kelley et al., 1996). The 

docking performance is improved by clustering: the overall success rate 

improves to 88.2% and 89.4%, and the average RMSD improves to 

1.19 Å and 1.05 Å for AutoDock and LigDockCSA, respectively. These 

results imply that a bound state corresponding to a broader energy 

basin tends to be favored, which is in accordance with recent reports 

that illustrated the importance of incorporating conformational entropy to 

generate more precise prediction of binding poses (Lee and Seok, 2009, 

Lu and Wong, 2005, Ruvinsky, 2007).

Despite the success in the pose prediction, the new method 

improves the prediction accuracy of binding affinity very little 

compared to AutoDock because the magnitude of the added torsion 

term is very small (data not shown).



- 31 -

Figure 2.3. Energy landscapes and binding poses obtained by AutoDock 

and LigDockCSA for two complexes 1OWE (Ntor = 3) and 1IG3 (Ntor 

= 8). Energy is plotted with respect to RMSD for the 100 CSA final 

bank conformations in green ‘x’ and the 250 conformations from the 

AutoDock run that contains the lowest AutoDock energy conformation 

in red ‘+’. The ligand poses predicted by AutoDock are shown in red 

and those by LigDockCSA in green. The native ligand poses are 

colored in yellow. (a) AutoDock energy and the binding pose for 

1OWE (RMSD = 1.5 Å) predicted by AutoDock, (b) the new energy 

with the additional PLP torsion energy and the binding pose for 1OWE 

(RMSD = 0.4 Å) predicted by LigDockCSA, (c) AutoDock energy and 

the binding pose for 1IG3 (RMSD = 4.9 Å) predicted by AutoDock, 

and (d) the new energy with the additional PLP torsion energy and the 

binding pose for 1IG3 (RMSD = 0.9 Å) predicted by LigDockCSA.
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2.4. Conclusion of this section

In this section, the powerful global optimization technique of 

CSA with the popular docking energy function from AutoDock have 

combined. It has been shown that the straightforward application of the 

efficient CSA search method to the current AutoDock energy identifies 

a loophole in the scoring function, and the scoring function is modified 

to include a proper torsional energy term. Consequently more precise 

prediction of binding poses than AutoDock and GOLD became possible 

when the CSA search method was applied to the refined AutoDock 

energy function. From this experience, one can expect that further 

improvements in the scoring function may facilitate additional 

improvements in docking performance when more rigorous 

conformational search methods are combined.

The importance of efficient search methods coupled with 

reasonably accurate energy functions becomes even more apparent when 

the conformational search space grows, for example, to include the 

flexibility of the protein binding site, which will be provided in next 

section. The feedback between the search method and the proper 

modification of the energy function is critical for such applications. The 

current approach provides a proof-of-principle study for such an 

extension.
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3. GalaxyDock: a flexible receptor docking

3.1. Overview of this section

One of important issues of protein-ligand docking is 

incorporating receptor flexibility. As described in section 1.2, there has 

been many approaches to develop flexible docking algorithm. Some of 

them use conformational ensemble, others dock ligand to enlarged 

binding pocket, and the others employ simultaneous approach.

In this section, a docking program called GalaxyDock, which 

belongs to the third class of flexible docking methods is introduced. 

This method is an extension of LigDockCSA, a previous version that 

treats the protein as rigid and the ligand as flexible, and which 

outperforms AutoDock3 (Morris et al., 1999) and GOLD (Jones et al., 

1995, 1997) when tested on the ASTEX diverse set as shown in 

Section 2. We attribute the success of LigDockCSA to both the 

effectiveness of the CSA to a more refined docking energy. When 

compared to AutoDock3, lower energy conformations could be identified 

by the powerful sampling with CSA when the same AutoDock energy 

was used. However, those conformations were more distant from the 

experimental structures on average. This problem was corrected by 

adding the ligand torsional energy of Piecewise Linear Potential (PLP). 

Here, GalaxyDock extends the CSA global optimization employed in 

LigDockCSA for efficient sampling of protein side-chain flexibilities as 
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well as ligand flexibilities. GalaxyDock employs the same energy for 

protein-ligand and intra-ligand interaction energy as LigDockCSA. 

Intra-protein interaction energy is incorporated to consider protein 

side-chain conformational change by combining the ROTA score 

(Hartmann et al., 2007) and van der Waals energy after training on the 

ASTEX diverse set. GalaxyDock shows improved performance over 

LigDockCSA and other flexible docking programs when tested on 3 

sets involving protein side-chain conformational changes in the binding 

pocket, Human Immunodeficiency Virus protease (HIV-PR), Liver X 

Receptor beta (LXRβ), and cAMP-dependent protein kinase (cAPK). 

When tested on a more diverse set of 16 proteins, the performance of 

GalaxyDock is comparable to the SCARE method (Bottegoni et al., 

2008). This result implies that simultaneous sampling of protein and 

ligand conformations by powerful global optimization of a carefully 

designed docking energy may be a promising avenue for future 

development of more advanced protein-ligand docking methods.

3.2. Methods

 3.2.1. GalaxyDock energy function for flexible protein-ligand 

docking

The GalaxyDock energy function is expressed as follows:

                              (3.1)
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where the first and the second terms, protein-ligand and intra-ligand 

interaction energy, are taken from LigDockCSA, which is a linear 

combination of AutoDock3 energy function and the ligand torsion 

energy of PLP scoring function. The third term of Eq. (3.1) represents 

intra-protein energy. When the energy used to generate the receptor 

energy grid in LigDockCSA is used for the intra-protein energy, a 

rather poor performance was obtained in the initial tests, often failing 

in reproducing protein-ligand hydrogen bonds (unpublished data).

To solve the problem of describing intra-protein energy more 

accurately in flexible docking, the ROTA energy function (Hartmann et 

al., 2007) is incorporated. ROTA is a statistical potential that was 

reported to show reliable performance in predicting side-chain 

orientation and in rescoring protein-ligand binding poses (Hartmann et 

al., 2009). We noted that the use of ROTA alone on occasion fails to 

filter out steric clashes between side-chains, and consequently the van 

der Waals term was added to prevent bumps, as follows:

                       (3.2)

To reduce the calculation time of this term, an energy grid in the 

space of side-chain torsion angles is generated in advance and the 

energy is evaluated by linear interpolation.

The weight parameters in Eq. (3.2) were determined to be 

wROTA = 0.06 and wvdW = 0.05 by training on a decoy set for 85 

complexes of the ASTEX diverse set to obtain maximum average 

Pearson’s correlation coefficient between the energy and RMSD from 

the native structure (See Figure 3.1 for more details).
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Figure 3.1. Energy-RMSD plots of 3 complexes from the ASTEX 

diverse set. Red “o” and blue “x” represent the decoy Z-score of the 

GalaxyDock energy and that of the LigDockCSA energy, respectively, 

with respect to RMSD of flexible residues and ligand from the crystal 

structure. GalaxyDock shows higher energy-RMSD correlation and lower 

energy for the native pose (RMSD = 0) than LigDockCSA. Change in 

the Pearson’s correlation coefficient is shown on the lower right corner 

in each panel. Shown on the lower right corner are the average 

energy-RMSD correlation coefficients for different combinations of 

energy components.
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Decoy structures were generated by randomly perturbing ligand 

conformations from the crystal structures and building side-chain 

conformations from Dunbrack’s backbone dependent rotamer library 

(Dunbrack and Cohen, 1997) in proportion to the rotamer probabilities 

for the 3 nearest residues from the ligand geometrical center. According 

to Najmanovich et al. and Gaudreault et al., about 85% of 

protein-ligand complexes in PDB show conformational changes in 3 

residues or less. If the energy of a generated conformation was lower 

than 0 kcal/mol by LigDock score, which corresponds to no net 

interaction, the conformation was accepted as a decoy. This procedure 

was iterated until the number of accepted conformations reached 200 

for each complex.

 3.2.2. GalaxyDock sampling that incorporates side-chain 

flexibility

GalaxyDock is an extension of LigDockCSA that treats the 

receptor as rigid, and the conformational sampling is based on the same 

CSA global optimization. CSA has also been successfully applied to 

many other global optimization problems. In the CSA procedure, a 

fixed number of docking conformations (30 in this work) referred to 

“bank” is generated and evolved until convergence. A bank member 

represents the lowest energy conformation in the local conformational 

space of radius Dcut around it. The bank is updated after generating 

trial conformations by crossover and mutation at each iteration step. 

Dcut is gradually decreased during iteration, leading to annealing in the 
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conformational space. More details of the method are described below.

GalaxyDock starts with the generation of the initial bank. 

Conformations are generated by assigning a random value in a preset 

range to each component of the ligand coordinate (Cartesian coordinates 

for the ligand center atom, quaternion representing ligand rotation, and 

free torsion angles of ligand), and side-chain conformations of the 

flexible residues are taken from the Dunbrack backbone dependent 

rotamer library (Dunbrack et al., 1997) in proportion to the rotamer 

probability. Only those conformations with initial energy < 500,000 

kcal/mol, which corresponds to the energy of five strong clashes, are 

subject to simplex minimization, and only those with minimized energy 

< 0 kcal/mol are accepted. This procedure is repeated until the number 

of accepted conformations reaches 30 or the number of trials is 5,000.

A measure for the distance between two conformations is 

necessary to define Dcut, and GalaxyDock takes a linear combination of 

Dtrans, the distance between ligand center atoms, Drot, the angle between 

two vectors representing the Euler angle of ligand rotation, Dtor, the 

Hamming distance of ligand torsion angles, and Dχ, the Hamming 

distance of side-chain torsion angles. The relative weights between these 

components are determined such that the ratio of the average distances 

of the bank members is Dtrans:Drot:Dtor:Dχ = 1:1:Ntor/6:Nχ/6 in the initial 

bank, where Ntor is a number of free torsions in ligand, and Nχ is the 

number of flexible protein side-chain torsion angles.

At each CSA iteration step, trial conformations are generated 

by crossover or mutation of current bank members, as described in 
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detail for LigDockCSA. In GalaxyDock, protein conformations, as well 

as ligand conformations, are also mixed. The bank is updated by 

considering the energy and distance of the trial conformations with the 

previous bank members as follows: a trial conformation with lower 

energy than a previous bank member within Dcut replaces the previous 

member, and a trial conformation with distance > Dcut from all previous 

members replaces the highest-energy bank member. In this way, the 

size of the bank is kept constant, and the conformational search is 

focused on narrower areas with lower energy in the conformational 

space by gradually reducing Dcut with iteration. The iteration terminates 

when no new bank members are found, reaching convergence.

 3.2.3. Cross-docking benchmark test

The performance of GalaxyDock was first tested by N x N 

cross-docking experiments, where N is the number of complexes, on 

the following 3 proteins: Human Immunodeficiency Virus (HIV) 

protease (N = 20), Liver X Receptor beta (LXRβ) (N = 3), and 

cAMP-dependent Protein Kinase (cAPK) (N = 4). In cross-docking, a 

ligand (say, ligand A) is docked to a structure (say, protein structure 

B) of the same protein bound to a different ligand (ligand B), and the 

docked pose is compared with the experimental bound structure (protein 

structure A + ligand A). Additional cross docking tests were performed 

on a more diverse set of 30 complexes involving 16 proteins that were 

collected by Bottegoni et al..

Protein and ligand input files were prepared using Sybyl 8.1. 
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Hydrogen atoms were added, and Gasteiger-Hückel charges were 

assigned to each protein and ligand. A cubic grid box of (22.5 Å)3 

centered at the ligand geometrical center of the crystal binding mode 

was generated for the first three test sets. Grid box size for the diverse 

set is explained below. Test set structures and flexible residues for each 

test case were selected as follows.

  3.2.3.1. HIV protease

HIV protease is required for the proper assembly and 

maturation of infectious virons (Brik et al., 2003). If HIV protease is 

rendered ineffective, the HIV virus becomes uninfectious. Österberg et 

al. performed flexible docking using an ensemble of grids generated 

from 21 crystal structures of HIV protease bound to different ligands. 

We made a cross-docking test on 20 complex structures, excluding 

1HVR. The ligand of 1HVR occupies the position of the water 

molecule present in other 20 complexes (Zhao and Sanner, 2007). 

Successful cross docking of this ligand requires proper treatment of the 

binding site water, but this is beyond the current scope. The PDB IDs 

of the 20 complexes are 1HBV, 1HEF, 1HEG, 1HIH, 1HIV, 1HPS, 

1HTE, 1HTF, 1HTG, 1HVI, 1HVJ, 1HVK, 1HVL, 1HVS, 1SBG, 

4HVP, 4PHV, 5HVP, 8HVP, and 9HVP. Flexible torsion angles of 

ligands are selected following Österberg et al. First, 2 residues, ARG8 

of the 2 chains of HIV protease, and next, 4 residues, ARG8 and 

ILE50 of the 2 chains, were treated as flexible in 2 cross-docking tests 

since steric clashes caused by swapping ligands were the largest on 
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ARG8 and then on ILE50 in the previous study of Morris et al. 

(2009).

  3.2.3.2. LXRβ

LXRβ, a member of the nuclear receptor superfamily, regulates 

genes involved in cholesterol and lipid metabolism (Färnegårdh et al., 

2003). Out of 6 crystal structures for LXRβ in PDB, 3L0E was 

eliminated because it is bound to a potent antagonist while the others 

are bound to agonists. 1UPV and 1PQ9 were excluded because they 

contain the same ligand as 1PQC, which has a better resolved structure. 

The 3 remaining complexes in the LXRβ test set are 1P8D, 1PQ6, and 

1PQC. A PHE triad (PHE271, PHE329, and PHE340) in the binding 

pocket is treated as flexible since these residues show the largest 

conformational changes when the crystal structures are superimposed, 

consistent with previous crystal structure and molecular dynamics 

(Beautrait et al., 2008) studies.

  3.2.3.3. cAPK

cAPK, also known as protein kinase A (PKA), belongs to a 

family of enzymes whose activity depends on the cellular level of 

cyclic AMP. It performs multiple functions related to the regulation of 

sugar and lipid metabolism (Engh et al., 1996). Huang and Zou 

attempted ensemble docking with a modified version of UCSFDock. 

Out of the 7 crystal structures in the Huang set, the following 3 

complexes that have similar ligands were excluded since even rigid 
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docking can give successful cross-docking results for them: 1FMO 

(similar to 1BKX) and 1YDR and 1YDS (similar to 1YDT). The 

remaining 4 PDB structures, 1BKX, 1BX6, 1STC, and 1YDT, form the 

cAPK set. Two residues, PHE54 and PHE327, located at 2 opposite 

sides of the binding pocket show severe clashes with ligands when 

different ligand-bound crystal structures are superimposed. This selection 

for the flexible side-chains is also identical to that in the FLIPDock 

study of Zhao and Sanner.

  3.2.3.4. Diverse set

An additional test set of 16 different proteins presented in the 

SCARE (Bottegoni et al., 2008) paper was employed. This set is 

composed of 14 proteins bound to two different ligands and 2 proteins 

(aldose reductase and anti-steroid fab) unbound and bound to a ligand. 

Therefore, 30 cross-docking experiments were performed. All of the 

highly displaced or clashing residues reported in Table 2 of Bottegoni 

et al. (2008) were treated flexible. (See Table 3.1) Two types of 

binding pockets were tested to compare with the SCARE method. First, 

grid boxes were generated such that they include all the residues within 

5 Å from the ligand atoms in the experimental structure, following the 

SCARE paper. Second, grid boxes were generated such that they 

include all the residues predicted to contact ligands by an in-house 

method called GalaxySite (http://galaxy.seoklab.org/site). GalaxySite is a 

ligand-binding site prediction method that performs docking simulations 

of predicted ligands selected based on similarity. The docking 
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simulations optimize a hybrid energy of AutoDock and template-derived 

restraints. It ranked the fourth place in the binding site prediction 

category in the 9th Critical Assessment of Techniques for Protein 

Structure Prediction when applied to binding site prediction of protein 

model structures (Schmidt et al., 2011). For a fair comparison on the 

current test set, GalaxySite was run deleting the proteins in the diverse 

set from the list of proteins for ligand prediction. The SCARE method 

was used with ICMPocketFinder.

3.3. Results and discussion

Performance of GalaxyDock on the four test sets are compared 

with those of rigid receptor docking methods and other flexible docking 

methods in Table 3.2. Success rate and average RMSD are reported in 

the table. Success rate is defined as percentage of the cases in which 

ligand RMSD of the top scoring ligand pose is within 2 Å from the 

crystal complex structure. The average RMSD is the average of RMSDs 

of the top scoring ligand poses from those of the experimental 

structures. Results excluding self-docking cases are also shown in 

parenthesis if self-docking cases are included in the success rate or 

average RMSD to compare with other methods. Discussions on the 

results for each test are provided below.
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Protein Receptor Ligand Flexible residues

Aldose 
Reductase

2ACR 2FZB F122, L300

Anti-Steroid 
Fab

1DBA 1DBB W100

CDK2 1AQ1 1DM2 H84
1DM2 1AQ1 I10, H84, Q131, L148

COX-2 1CX2 3PGH R120

3PGH 1CX2 F518
Estrogen 
Receptor

1ERR 3ERT E419, M421, L525

3ERT 1ERR M421, L525, L539

Factor Xa 1KSN 1XKA Y99
1XKA 1KSN Q192

GSK-3 β 1Q4L 1UV5 R141
1UV5 1Q4L S66, R141, Q185

Hiv1 RT 1C1C 1RTH K102, W229, P236

1RTH 1C1C K102, W229, P236
JNK3 1PMN 1PMV I124, M146

1PMV 1PMN I124, M146
LXR β 1P8D 1PQ6 L330, F340, I353

1PQ6 1P8D R319, I353
Neuroaminidase 1A4Q 1NSC E274

1NSC 1A4Q E274

P38 Kinase 1BMK 1DI9 M109
1DI9 1BMK I84, M109

PKA 1STC 1YDS T183, F327
1YDS 1STC F54, F327

PPARγ 1FM9 2PRG F282, F363

2PRG 1FM9 E259, F282, Q286, F363, 
L453

TK 1KI4 1KIM Y101, Y132, Y172

1KIM 1KI4 Y101, Y132
Trypsin 1PPC 1PPH Q192

1PPH 1PPC Q192, Y228

Table 3.1. Selected residues of the diverse set
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Set Program Method Success 

ratea (%)

Average

RMSDb 

(Å)

HIV 

protease

set

GalaxyDock 2 flexible rese 98.8 (98.9) 1.03 (1.03)

4 flexible resf 98.0 (98.2) 1.02 (1.03)

LigDockCSA rigid docking 75.0 (73.7) 2.76 (2.89)

FLIPDockc 2 flexible rese 96.3 1.09

8 flexible resg 93.5 1.12

AutoDock3d ensemble grid 87.0 -

rigid docking 72.0 -

LXRβ 

set

GalaxyDock 3 flexible resi 88.9 (83.3) 1.63 (1.91)

LigDockCSA rigid docking 22.2 (0.0) 3.54 (4.40)

RossetaLigandh flexible scj 55.6 1.91

flexible sc+bbk 44.4 1.84

AutoDock4h rigid docking 22.2 3.14

cAPK

set

GalaxyDock 2 flexible resl 62.5 (58.3) 2.07 (2.27)

LigDockCSA rigid docking 43.8 (25.0) 3.89 (4.83)

Table 3.2. Comparison of cross-docking test results in terms of success 

rate and average RMSD of the top scoring poses on the HIV protease 

set, LXRβ set, cAPK set, and diverse set for GalaxyDock and other 

methods
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Diverse

set

GalaxyDock known pocketn 86.7 1.70

predicted pocketo 80.0 2.05

LigDockCSA known pocket 43.3 3.17

predicted pocket 46.7 2.76

SCAREm known pocketn 90.0 -

predicted pocketp 80.0 -

a. Percentage of the cases in which RMSD of top scoring ligand is < 

2 Å from the crystal complex structure and that excluding 

self-docking cases in parenthesis. Diverse set does not contain 

self-docking cases.

b. Average ligand RMSD for top scoring ligands over all cases and 

that excluding self-docking cases in parenthesis

c. Data taken from Tables 1 and 2 of Zhao and Sanner

d. Data taken from Österberg et al.

e. ARG8 of the two chains are treated flexible.

f. ARG8 and ILE 50 of the two chains are treated flexible.

g. ARG8, ASP29, ASP30, and VAL82 of the two chains are treated 

flexible.

h. Data taken from Table 1 of Davis and Baker

i. PHE triad is selected to be flexible.

j. All side-chains in the binding pocket are treated flexible.

k. Limited backbone flexibility is allowed during energy minimization 

after side-chain optimization.
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l. PHE54 and PHE327 are treated flexible.

m. Data taken from Tables 6 and 8 of Bottegoni et al. (2008)

n. Pocket is composed of all residues within 5 Å from any ligand 

atom

o. Predicted pocket by GalaxySite

p. Predicted pocket by ICMPocketFinder
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 3.3.1. Test results on the HIV protease set

The HIV protease benchmark set has 20 protein-ligand 

complexes, and cross-docking tests were therefore performed on 20 × 

20 = 400 cases. According to Table 3.2, flexible docking with 

GalaxyDock improves the success rate (98.8% and 98.0% for 2 and 4 

flexible residues, respectively) and average ligand RMSD (1.03 Å and 

1.02 Å for both 2 and 4 flexible residues, respectively) over those 

obtained by rigid docking with LigDockCSA (success rate of 75.0% 

and average RMSD of 2.76 Å). GalaxyDock and LigDockCSA results 

for individual test cases are presented in Supplementary table S3. It has 

been previously shown that ensemble docking with AutoDock3 

improved the success rate from 72.0% of rigid docking to 87.0% 

(Österberg et al., 2002). FLIPDock showed success rates of 96.3% and 

93.5% when 2 and 8 residues, respectively, were treated as flexible 

(Zhao and Sanner, 2007). Considering that the size of the docking box 

used in the FLIPDock tests was 53 times smaller than that used here, 

the CSA sampling of GalaxyDock combined with the modified 

AutoDock3 energy can be considered more effective for this test set. 

Figure 3.2 illustrates a successful example in which docking of the 

ligand of 1SBG to the protein structure of 5HVP resulted in accurate 

reproduction of the native bound structure with the ligand RMSD of 

0.29 Å.
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Figure 3.2. A successful example from the HIV proteases cross-docking 

experiment. The ligand of 1SBG was docked to the protein structure of 

5HVP with two flexible residues (RMSD = 0.29 Å). The predicted 

ligand pose and receptor side-chain (red) agree very well with the 

crystal pose (yellow). 
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To evaluate whether the protein conformational changes are 

well reproduced, the prediction accuracy of the side-chain χ1 angle of 

flexible residues were examined (shown in Supplementary table S4). 

The predicted χ1 angle is considered accurate if its value is within 30° 

from the native χ1 angle (Yanover et al., 2008). The average χ1 

accuracy is 83.8% and 62.3% when 2 (ARG8 of the 2 chains) and 4 

(2 ARG8s and 2 ILE50s) residues, respectively, of HIV protease are 

considered flexible. The lower accuracy in the case of 4 flexible 

residues is mainly due to inaccurate prediction of the ILE50 χ1 angle. 

However, even when the ILE50 χ1 angle is not predicted precisely, the 

overall hydrophobic interactions between ILE50 and ligand tend to be 

retained, resulting inaccurate binding pose prediction (See Figure 3.3 (a) 

and (b)).

 3.3.2. Test results on the LXRβ set

The LXRβ benchmark set consists of 3 protein-ligand 

complexes, and 9 cross-docking calculations were therefore performed. 

As shown in Table 3.2, GalaxyDock with a flexible PHE triad in the 

binding pocket showed a much more improved performance (success 

rate, 88.9%; average ligand RMSD, 1.63 Å) compared to rigid docking 

by LigDockCSA (success rate, 22.2%; average ligand RMSD, 3.54 Å) 

and by AutoDock4 (success rate, 22.2%; average ligand RMSD, 3.14 

Å; Davis and Baker, 2009) (See supplementary table S5 for details). 

Even in the worst prediction by GalaxyDock, key interactions between 

flexible residues and ligand such as π-π stacking are preserved. (See 
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Figure 3.3 (c))

Flexible docking results by RosettaLigand are available for this 

set and are shown together in Table 3.2. RosettaLigand shows improved 

performance compared to rigid docking, but a direct comparison of its 

performance with that of GalaxyDock is not appropriate since the 

flexible degrees of freedom are set differently. Flexible residues were 

not pre-selected in the RosettaLigand calculations, and even backbone 

flexibilities were considered partially in one of the 2 tests (second row 

of RosettaLigand results in Table 3.2). Although the protein 

conformational search space of RosettaLigand is larger than that of 

GalaxyDock, the ligand translation and rotational space is smaller than 

that of GalaxyDock. The computation time of RosettaLigand is 40–80 

CPU h, but that of GalaxyDock is 0.5 CPU h for this set. RosettaDock 

employs a Monte Carlo with minimization (MCM) method for 

conformational search, whereas GalaxyDock uses a CSA method, which 

was reported to be more efficient than MCM for diverse optimization 

problems (Lee et al., 1997). This result implies that the CSA technique 

may be further exploited to incorporate backbone flexibilities in the 

future.



- 52 -

Figure 3.3. Predicted (red) and native (yellow) binding poses of HIV 

protease (initial protein structure from 1HPS, ligand from 1HBV, ligand 

RMSD = 1.32 Å, χ1 accuracy = 75%) are shown in (a). From these 

poses, the same protein-ligand interaction map, shown in (b), was 

obtained using PoseView (Steinland et al., 2007), although there are a 

few errors in the predicted side-chain conformations. (c) An example 

of LXRβ cross-docking experiments. When the ligand of 1PQC 

was docked to 1P8D (predicted: red and cyan, native: yellow and 

green, ligand RMSD: 1.97 Å, and χ1 accuracy: 66.7%), some π-π 

interaction was preserved although the predicted pose has some 

error.

(a)
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(b)

(c)
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 3.3.3. Test results on the cAPK set

Four crystal complex structures comprise the cAPK set, and 16 

cross-docking experiments were therefore carried out. According to 

Table 3.2, GalaxyDock with 2 flexible residues showed a success rate 

of 62.5% and an average RMSD of 2.07 Å, an improvement over 

those of rigid docking by LigDockCSA (43.8% and 3.89 Å). Details 

are shown in supplementary table S6. Although cross-docking tests for 

the same set were performed with a modified version of UCSF DOCK 

which employs ITScore (Huang and Zou, 2007), direct comparison with 

the current results is not appropriate because the rigid docking results 

on the top scoring poses are not available (62.5% and 4.6 Å when the 

best pose is selected from the top 5 poses by energy), and the cognate 

protein structure is include in ensemble docking (100% and 0.35 Å). 

We were unable to identify the results of other flexible docking 

methods that sample protein with ligand conformation simultaneously, 

except for the FLIPDock (Zhao and Sanner, 2008) cross-docking results 

for 3 cases of cAPK. In 2 cases (1STC ligand docked to protein 

structures of 1BKX and 1YDT), FLIPDock shows better results (0.85 Å 

and 0.56 Å) than GalaxyDock (2.52 Å and 2.51 Å), while in docking 

of the 1YDT ligand to the 1BKX protein structure, GalaxyDock shows 

better performance (1.29 Å) than FLIPDock (6.20 Å).

The worse performance for this test set seems to be due to the 

more flexible backbone structure. Previous study (Wong et al., 2005) 

have indicated that the binding pocket of cAPK involves hinge-like 

displacements in the GLY-rich flap, from GLY50 to VAL57, and 
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conformational changes of a flexible loop, from THR324 to GLU331. 

Allowing only side-chain flexibility of 2 residues, PHE54 in the 

GLY-rich flap, and PHE327 in the flexible loop, prohibits placement of 

a large ligand in the correct position when the volume of the binding 

site undergoes a large change, as shown in Figure 3.4. This case 

clearly illustrates a possible limitation of the current version of 

GalaxyDock, which allows only side-chain flexibility of pre-selected 

residues. However, such limitation could be partially overcome in the 

future by combining with backbone sampling by a modern loop 

modeling method (Park and Seok, 2012, Ko et al., 2011).

 3.3.4. Test results on the diverse set

The diverse set consists of 32 crystal structures involving 16 

proteins. A total of 30 cross-docking experiments were performed (2 

cross-docking experiments for 14 proteins and 1 docking to the apo 

structure for aldose reductase and anti-steroid fab). The number of 

flexible residues varied from one to five as shown in Table 3.1. As 

shown in Table 3.2, success rates of GalaxyDock (86.7% for known 

pocket and 80% for predicted pocket) are much higher than those of 

LigDockCSA rigid docking (43.3% and 46.7%). Details of docking 

result is shown in supplementary table S7. Higher performance of 

LigDockCSA by 3.4% for predicted pocket corresponds to 1 

cross-docking out of 30, so it may not be statistically significant. The 

performance of GalaxyDock is comparable to that of SCARE (success 

rates of 90.0% for known binding pocket and 80.0% for predicted 
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pocket) although the results for predicted pocket contain the effect of 

the two different binding site prediction methods. SCARE has an 

advantage in that it does not require pre-knowledge of flexible residues. 

However, if flexible residues can be predicted reliably, GalaxyDock 

would also be a useful method because it is 60 times faster than 

SCARE (The average computation time is ~15 h for SCARE and ~15 

min for GalaxyDock for this set.).
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Figure 3.4. Conformational changes (from red, 1STC, to yellow, 1BX6) 

in the GLY-rich flap (on the left) and the variable loop (on the right) 

prohibit accurate placement of the ligand of 1BX6 (predicted: red, 

native: yellow) starting from the protein structure of 1STC.
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The computation time increases mildly with the number of 

degrees of freedom Ndof with two outliers at large Ndof of 29 and 27 

(see Figure 3.5). Although the current set does not contain enough 

number of examples for larger degrees of freedom, it may be said that 

GalaxyDock works efficiently when Ndof < 25 or the maximum number 

of flexible residues < 5.

 3.3.5. Effect of using rotamer library

GalaxyDock samples side-chain conformations from the rotamer 

library in the initial bank generation stage. The side-chain conformations 

may deviate from the rotamer conformations during subsequent energy 

minimizations carried out after conformation mixing and perturbation 

during CSA global optimization. For example, in the cross docking of 

Ligand 1PMN-Receptor 1PMV in the diverse set, χ2 angle of residue 

M146 in the top scoring pose shows deviation of 52 degrees from the 

closest rotamer but is only five degrees from the experimental structure. 

However, when flexible residues take angles of extremely low 

probabilities in the rotamer library, the current strategy shows limitation. 

For example, when the ligand of 9HVP binds to HIV protease, the χ1 

angles of ARG8 of chain A and B in the rotamer library closest to the 

native angles have very low probabilities of 0.07% and 0.14%, 

respectively. A similar problem of non-rotamericity was also identified 

in previous studies (Heringa et al., 1999, Zavodsky et al., 2005, 

Jackson et al., 1999). Finding an improved side-chain sampling strategy 

is therefore an important future goal.
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Figure 3.5. Correlation plot of the diverse set using experimental pocket 

between degrees of freedom and time. The green line is a trend line 

except two outliers.
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3.4. Conclusion of this section

Incorporating protein flexibility is an important issue in 

protein-ligand docking, but flexible docking accompanies the risk of 

increasing false positives due to the enlarged conformational search 

space. In this study, we introduce a new flexible protein-ligand docking 

program called GalaxyDock, as our first attempt to redress this problem 

by allowing side-chain flexibility of pre-selected protein residues. The 

relatively straightforward strategy of extending the global optimization 

algorithm CSA (Shin et al., 2011) and the AutoDock-based energy 

function from our previous rigid docking program LigDockCSA appears 

to be successful, increasing the success rate by 10%–60% and reducing 

the average ligand RMSD from native by 50%. GalaxyDock also 

showed better or comparable results when compared with other flexible 

docking methods for 4 test sets. Encouraged by these results, local 

backbone flexibility may be further incorporated by simultaneous 

optimization of local protein loop structure and ligand conformation. 

Recent developments in protein loop modeling may be utilized for this 

purpose (Park and Seok, 2012, Ko et al., 2011), and incorporation of 

larger protein motions would be the next step. Automatic detection of 

flexible regions is also required for more practical applications, and a 

model consensus method tested in homology modeling area may be 

employed in the future (Park et al., 2011). An important extension of 

the current work would be to contribute to more accurate estimation of 

binding affinity by flexible docking, and such study is underway.
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4. GalaxyDock2: improving GalaxyDock using 

beta-complex and binding affinity prediction

4.1. Overview of this section

Up to this point, a rigid receptor docking program, 

LigDockCSA, and a flexible receptor docking program, GalaxyDock, 

were introduced. They incorporates a powerful optimization technique 

called CSA with scoring functions mainly based on AutoDock3 scoring 

function (Morris et al., 1999). Even though they have shown successful 

benchmark results, there remains a possibility for improvements; quality 

of initial bank and binding affinity prediction.

In this section, a new version of GalaxyDock called 

GalaxyDock2 is introduced. It shows significantly improved performance 

both in binding mode and binding affinity prediction compared to the 

previous version (now called GalaxyDock1). While maintaining the 

general CSA global optimization protocol, a more effective method for 

the generation of initial conformations is used in GalaxyDock2. More 

specifically, a fast geometry-based docking method that employs the 

beta-complex, (Kim et al., 2010, 2011) a structure derived from the 

Voronoi diagram of receptor atoms, is used to generate the initial set 

of conformations called the initial “bank” in CSA. The initial bank in 

CSA plays an essential role because it provides a source of 

conformational diversity in subsequent iteration steps as well as serving 
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as the initial starting point for CSA iteration. This new feature could 

enhance both the computational speed and binding mode prediction 

accuracy of global optimization.

GalaxyDock2 also provides a new binding affinity function, 

while the same energy function employed in GalaxyDock1 is used to 

guide conformational sampling. The binding affinity function is 

composed of the protein-ligand interaction energy and the ligand torsion 

angle energy from the GalaxyDock energy function. The ligand torsion 

angle energy in the unbound state is also included. The binding affinity 

function was obtained by three-fold cross validation on the PDBBind 

set (Cheng et al., 2009), which consists of 195 complexes of known 

binding affinities, and tested on a separate set of 80 complexes from 

AffinDB (Block et al., 2007).

Finally, possible applications of GalaxyDock2 in virtual 

screening were investigated on four proteins in terms of the following 

three measures: enrichment factor (EF), true positive rate at a low false 

positive rate, and the Boltzmann-enhanced discrimination of receiver 

operating characteristic (BEDROC) measure. BEDROC is related to area 

under receiver operating characteristic curve (AU-ROC), but emphasizes 

early recognitions (Truchon and Bayly, 2007).
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4.2. Methods

 4.2.1. Initial bank generation using Voronoi diagrams

To improve the quality of the initial bank for CSA global 

optimization, the theory of beta-complex (Kim et al., 2010, 2011) was 

employed in the “pre-docking” stage of initial bank generation. 

Beta-complexes are derived from Voronoi diagrams of protein atoms 

and provide geometric representations of protein surfaces. Details about 

the docking method using beta-complexes can be found in Kim et al. 

(2011). To summarize, pre-docking using beta-complexes is carried out 

by minimizing the distances between the coordinates of ligand atoms (at 

a fixed ligand conformation) and those of the same number of offset 

points generated from the protein surface, represented by a 

beta-complex. The offset points are generated by moving tangent points 

to the receptor surface atoms by an “offset distance”, and a subset of 

consecutive offset points are selected randomly for pre-docking. A 

schematic illustration of this pre-docking method is given in Figure 4.1, 

together with a flowchart of the overall initial bank generation phase.
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Figure 4.1. Flowchart of the procedure of initial bank generation. The 

pre-docking phase is illustrated to the left. Docking of a ligand (blue 

dashed circles) to the protein surface represented by a beta-complex 

(gray circles) was performed by minimizing the distances between 

centers of ligand atoms and offset points (black dots).
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Since the pre-docking stage is a rigid-ligand docking process, 

ligand flexibility is ascertained by performing pre-docking for a pool of 

ligand conformations. To assure conformational diversity, the 

conformation pool is generated as follows: (1) random values are 

assigned to free ligand torsion angles to generate 200 × Ntor 

conformations, where Ntor is the number of free ligand torsion angles; 

and (2) 5 × Ntor conformations are then selected by a max-sum 

algorithm. In the max-sum algorithm, the lowest-energy conformation is 

selected first, and the structure with the largest root-mean- 

square-distance (RMSD) from the first one is selected next. In the 

following steps, the conformation that is most dissimilar from the 

previously selected structures is selected. The sum of the RMSDs from 

the previously selected conformations is used as the measure of 

dissimilarity (Snarey et al., 1997). For step (1), in addition to uniform 

sampling of ligand torsion angles, random sampling was implemented. 

However, random sampling tended to generate more diverse ligand 

conformations, and the initial bank resulted in higher CSA performance.

When the receptor protein is held rigid, 50 docking poses are 

generated in the pre-docking stage for each of the 5 × Ntor 

conformations, and 30 lowest-energy poses are selected as the initial set 

of conformations that constitute the CSA initial bank. When side-chain 

flexibility of the receptor is taken into account, pre-docking is 

performed on the receptor structure with flexible side chains mutated to 

alanine to generate 50 × 5 × Ntor docking poses. The CSA initial bank 

is formed by selecting the 30 lowest energy poses after recovery of the 
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mutated side-chains by selecting the lowest receptor-ligand conformation 

out of 10 trial conformations generated by randomly attaching 

side-chains from the Dunbrack backbone-dependent rotamer library 

(Dunbrack, 2002). We use conformations selected from a small number 

of randomly chosen rotamers (e.g., 10 rotamers were used in this case) 

because more extensive rotamer sampling on the initial ligand poses, 

which are not always accurate enough, could introduce wrong bias in 

the side-chain conformations in the initial bank.

The two parameters involved in the pre-docking stage are “β 

value” used to define the beta-shape of the protein and “offset 

distance” to locate the offset points. A β value of 1.2 Å and an offset 

distance of 1.8 Å were chosen by testing on the ASTEX diverse set 

(Hartshorn et al., 2007). Details provided in Supporting Information 

Table S8.

 4.2.2. Benchmark test sets for binding mode prediction

For the benchmark testing of rigid-receptor docking, the 

ASTEX diverse set consisting of 85 high-quality protein-ligand crystal 

structures was employed because test results for this set using other 

docking programs such as AutoDock3, GOLD, and Surflex-Dock are 

available in the literature. For the performance testing of 

flexible-receptor docking, the following three sets employed in previous 

section are used: liver X receptor beta (LXRβ), cAMP-dependent 

protein kinase (cAPK), and a diverse set of 16 proteins. The set for 

LXRβ and the diverse set were selected because test results for both 
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are available in the literature: RosettaLigand and AutoDock4 on LXRβ, 

and SCARE on the diverse set. The cAPK set was used to illustrate a 

case involving backbone structural change. The previously used HIV 

protease set was excluded because it is a relatively easy set. The 

binding pocket definition and selected flexible residues were kept the 

same as in Section 2 and 3.

 4.2.3. Development of binding affinity function

The energy function of GalaxyDock is composed of the 

following three parts: protein-ligand interaction energy (Eprot-lig,AD), 

calculated based on the AutoDock3 scoring function (Morris et al., 

1999); ligand internal energy from AutoDock3 (Elig-int,AD) and ligand 

torsion energy from Piecewise Linear Potential (PLP; Elig-tor,PLP) 

(Gehlharr et al., 1995); and protein internal energy estimated by the 

sum of the AutoDock3 van der Waals energy (Eprot,AD) and the ROTA 

score (Eprot,ROTA), a statistical atom-pair potential derived from the PDB 

(Hartmann et al., 2007), when protein side-chain flexibility is taken into 

consideration. Mathematical expressions for each energy term are 

provided in Table 4.1.
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GalaxyDock energy components
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Table 4.1. Scoring functions of GalaxyDock, AutoDock, and UCSF 

DOCK

a. The energy terms represent Lennard-Jones potential energy, orie- 

ntation-dependent hydrogen bond energy, Coulomb electrostatic 

potential energy with distance-dependent dielectric constant, and 

solvation free energy, as explained in detail in Section 2. The 

weights (wvdw, whbond, welec, wsolv) = (0.1485, 0.1146, 0.0656, 

0.1771) are used following Morris et al. (1999).

b. Ligand torsion energy term of the PLP scoring function. The weight 

wtor = 0.1 is used as in Section 2.

c. Energy terms to describe the protein internal energy. The weight 

parameters wROTA = 0.06 and wvdW,prot = 0.05 are used following 

Section 3. The ROTA energy is distance-dependent atom-pair 

statistical potential (Hartmann et al., 2007)
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Scoring functions used in virtual screening experiments

GalaxyDock
(sampling)

 


GalaxyDock 
Binding Affinity
(Re-scoring of 
CSA final bank)


 

AutoDock  

UCSF DOCK
 

 





 


Sconf,AD: Conformational entropy from AutoDock3 which is proportional 

to the number of active ligand torsion angles (Morris et al., 

1999)
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To achieve better binding affinity prediction than that obtained 

using the above energy function, the correlation between the energy 

components and the experimentally determined binding affinities for the 

PDBBind set (Cheng et al., 2009) was first examined. The set consists 

of 65 proteins, for each of which crystal structures bound to three 

different ligands and experimental binding affinities are available. 

Among the different combinations of energy components, Eprot-lig,AD and 

(Eprot-lig,AD + Elig-tor,PLP) gave the best correlations with the experimental 

binding affinity. Accounting for ligand conformational entropy, estimated 

by a constant times the number of active ligand torsion angles (as in 

AutoDock), did not improve the correlation. (Details are provided in 

Table 4.2.)

To further improve the accuracy of binding affinity prediction, 

the effect of subtracting the energy of a free ligand was also 

investigated. The energy of unbound ligand was estimated by optimizing 

the ligand in empty affinity grids using a short CSA run. Subtracting 

the free ligand energy from the interaction energy improved the 

correlation with the binding affinity, and Eprot-lig,AD and (Eprot-lig,AD + 

Elig-tor,PLP) again showed the best correlation with this correction. 

(Details are shown in Table 4.2) This result agrees with the previous 

report of Huey et al. that including the unbound ligand energy 

improved the performance of AutoDock.

The final form of the binding affinity function is as follows:

                        
       (4.1)
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where     
  represents the ligand torsion energy in the unbound 

state. The empirical parameters c and d were determined to be 0.65 

and 0 by a three-fold cross-validation on the PDBBind set. Details on 

parameter determination are discussed in the Results and Discussion 

section.

The binding affinity function of Eq. (4.1) was tested on a 

separate test set of 80 protein–ligand complexes. The set was extracted 

from AffinDB (Block et al., 2006) using the two criteria (Lee et al., 

2009) of molecular weight < 500 Da and no hetero atoms in the 

binding pocket. We have excluded proteins with hetero atoms such as 

ions because we have not thoroughly tested energy parameters for such 

cases yet. However, we believe that such work should be performed for 

GalaxyDock2 in the near future. The complexes that belonged to the 

PDBBind set were excluded. When more than one crystal structures 

were available, the structure with the best resolution was selected.
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Energy 
Components

Without Free Ligand 
Correction

With Free Ligand 
Correction

Correlation 
Coefficient

RMSE
(kcal/mol)

Correlation 
Coefficient

RMSE
(kcal/mol)

Eprot-lig,AD 0.444 4.375 0.469 7.012
Eprot-lig,AD+Elig-int,AD 0.282 4.728 0.431 5.540

Eprot-lig,AD+Elig-tor,PLP 0.398 4.066 0.475 5.911
Eprot-lig,AD+Sconf,AD 0.336 4.344 0.451 4.583

Eprot-lig,AD+Elig-int,AD

+Elig-tor,PLP

0.232 4.793 0.427 4.640

Eprot-lig,AD+Elig-int,AD 

+Sconf,AD

0.115 5.622 0.358 4.091

Eprot-ligAD+Elig-tor,PLP

+Sconf,AD

0.238 5.387 0.416 4.162

Eprot-lig,AD+Elig-int,AD

+Elig-tor,PLP+Sconf,AD

0.030 6.706 0.301 4.255

Table 4.2. Accuracy of binding affinity prediction measured by the 

Pearson’s correlation coefficient with the experimental binding affinity 

and root-mean-square error (RMSE) of the predicted binding affinity for 

different combinations of energy components. The PDBBind set (Cheng 

et al., 2009) was used for this test.

Eprot-lig: Protein-ligand interaction based on AutoDock3 scoring function

Elig-int: Ligand internal energy from AutoDock3

Elig-tor: Torsion angle strain energy calculated by the torsion part of the 

PLP scoring function (Gehlharr et al., 1995)

Sconf: Conformational entropy from AutoDock3 which is proportional to 

the number of active ligand torsion angles (Morris et al., 1999)
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 4.2.4. Virtual screening benchmark set

Using the binding affinity function described above, 

GalaxyDock2 was applied to the virtual screening of compound libraries 

and compared with AutoDock4 (Morris et al., 2009) and UCSF 

DOCK6 (Mukherjee et al., 2010). The two docking programs were 

chosen for comparison because they use a force field-based scoring 

function similar to GalaxyDock.

For a benchmark set, Gilson’s set (Jorissen and Gilson, 2005) 

was used because well-prepared compound libraries of medium size are 

provided. Jorissen and Gilson compiled 50 inhibitors for each of the 

following five proteins to test their support vector machine method: 

cyclin-dependent kinase 2 (CDK2), cyclooxygenase-2 (COX-2), factor 

Xa (FXa), phosphodiesterase-5 (PDE5), and α1A adrenoceptor. They also 

gathered 1,892 background compounds from the National Cancer 

Institute diversity set. In this study, 950 compounds were selected 

randomly from the background set and added to the compound database 

for each protein. Therefore, each database contains 50 active and 950 

decoy compounds.

Since GalaxyDock2 requires a receptor structure (unlike in 

Gilson’s work), α1A adrenoceptor, whose structure is not available in 

RCSB PDB, was removed from our benchmark set. The PDB IDs of 

the selected receptor structures for the four remaining proteins are 

4GCJ (CDK2, resolution = 1.42 Å), 3NT1 (COX-2, resolution = 1.73 

Å), 2PR3 (FXa, resolution = 1.50 Å), and 3TGG (PDE5, resolution = 

1.91 Å).
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  4.2.4.1. Virtual screening using GalaxyDock2

GalaxyDock2 was run both in the rigid-receptor and the 

flexible-receptor mode. A cubic docking box of side length 22.5 Å was 

positioned at the geometrical center of the ligand in the crystal 

structure. All dimensions of the docking box were divided into a grid 

of 61 × 61 × 61 points with a grid spacing of 0.375 Å. Further details 

of CSA global optimization are described in Section 2 for rigid-receptor 

docking and in Section 3 for flexible-receptor docking. The bank size 

was set to 30, although a larger bank size was used in Section 2. The 

binding affinity was estimated by applying Eq. (1) to the top scoring 

binding pose obtained by CSA. 

The flexible residues selected for the flexible-receptor docking 

are L10 for CDK2, F85 for COX-2, Y99 and Q192 for FXa, and 

Q817 for PDE5. These residues were selected because they show steric 

contacts upon superposition of available crystal structures bound to 

different ligands. Considering a small number of flexible residues may 

be justified by a previous report in which 85% of the complexes 

changed side-chain rotamer states in less than three residues (Gaudreault 

et al., 2012). In addition, in GalaxyDock, considering more than four 

flexible residues will require significantly more conformational sampling 

according to previous work. (See Section 3)

  4.2.4.2. Virtual screening using AutoDock4

The docking box and grid points were kept the same as in the 

GalaxyDock2 runs. Ten docking runs using the Lamarckian genetic 
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algorithm were performed for each compound. The population size was 

set to 150. The maximum number of generations = 27,000 and the 

maximum number of energy evaluations = 2.5 × 106.

  4.2.4.3. Virtual screening using UCSF DOCK6

In the sphere-generation process of UCSF DOCK6, the 

Connolly surface (Connolly, 1993) of the receptor was generated using 

a 1.4 Å-radius probe, and spheres were then created on the molecular 

surface producing approximately one sphere per surface point. To define 

the docking box, spheres within 10 Å from the crystal ligand position 

weres elected, and extra margins of 8 Å from the selected spheres. An 

energy grid with a spacing of 0.3 Å was generated using the all-atom 

model, with an energy cutoff distance of 10 Å and distance-dependent 

dielectric constant ε = 4r. “Maximum orientations per ligand” and 

“configurations per cycle” in the ligand growth process were set to 500 

and 10, respectively.

  4.2.4.4. Measures for assessing virtual screening results

To assess virtual screening (VS) performance enrichment factor 

(EF) (Kokh et al., 2008), true positive rate (TPR) at 1% false positive 

rate (FPR), and Boltzmann-enhanced discrimination of receiver operating 

characteristic (BEDROC) (Truchon and Bayly, 2007) were used.

EF of the top τ% subset of the database is calculated as

                   


                (4.2)
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where “HITS” represents the number of known active compounds in 

the top τ% subset or in the database, and N represents the total 

number of molecules in the specified set. A random selection of a 

subset from the database corresponds to EF = 1. In this work, EF was 

examined at 1%, 2%, 5%, and 10% subsets of the database.

In VS studies, it is important to rank hits as high as possible. 

However, a widely used measure, area under receiver operating 

characteristic curve (AU-ROC) (Klon et al., 2004, Triballesau et al., 

2005), depends more on average ranking; so, the “early recognition 

problem” exists (Truchon and Bayly, 2007,  Kokh and Wenzel, 2008). 

Two measures, TPR at 1% FPR and BEDROC are introduced to 

resolve this problem. The measure BEDROC adds exponential weights 

to early recognition as follows (Truchon and Bayly, 2007,  Kokh and 

Wenzel, 2008):

                     














               (4.3)

where N is the number of compounds in database; Fa(x) is the number 

of active compounds in the subset of high-ranked x compounds; and  

ω(x) = exp(-αx) is a weight factor that emphasizes early recognition, 

where α = 20 as suggested in Truchon and Bayly. In actual 

calculations of BEDROC, the following approximate equation applicable 

to a discrete set of compounds was used:
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(4.4)

where n is the number of hits, Ra is the number of hits in the 

database divided by N, ri is the ranking of the ith hit.

 4.2.5. Protein and ligand preparation

All receptor and ligand structures used in this work were 

prepared using Sybyl8.1. The atomic coordinates for receptors were 

extracted from RCSB PDB. Gasteiger–Hückel charges were assigned 

after attaching hydrogen atoms. For native pose reconstruction and 

binding affinity prediction tests, ligands separated from the PDB 

structures were used. Gasteiger–Hückel charges were assigned to those 

ligands after attaching hydrogen atoms. For VS tests, hydrogen atoms 

and partial charges of ligands were kept the same as in the Gilson’s 

database (Jorissen and Gilson, 2005).

4.3. Results and discussion

 4.3.1. Binding mode prediction

GalaxyDock performs searches of protein and ligand 

conformational degrees of freedom using conformational space annealing 

(CSA) (Lee et al., 1997)—a population-based global optimization 

technique. Performances of population-based methods tend to depend on 
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the quality of the initial population (Reeves, 1995, Park et al., 2003). 

The previous version, GalaxyDock1, also depended on the initial pool 

of conformations (called “initial bank” in CSA; data not shown). 

GalaxyDock1 generates the initial bank by energy minimization, after 

assigning random values to the ligand degrees of freedom (translation, 

rotation, and torsions) and randomly chosen rotamers (Dunbrack, 2002) 

to flexible protein side-chains. Since the initial bank in CSA is a major 

source of conformational diversity as well as a starting point of 

conformational evolution, it is highly expected that the performance of 

GalaxyDock can be improved by improving the quality of the initial 

bank.

GalaxyDock2 adopts a fast geometry-based docking method that 

employs a beta-complex (Kim et al., 2010, 2011), derived from the 

Voronoi diagram to describe the shape of the protein surface, to 

produce a higher-quality initial bank more efficiently. A high-quality 

CSA initial bank is required to have enough conformational diversity 

because subsequent conformational searches are dependent on 

conformational mixing with the initial bank. It is also highly promising 

if the initial bank contains conformations with native-like elements in 

individual degrees of freedom. Random generation of the initial bank—

as was done for GalaxyDock1—results in a relatively low probability of 

successful positioning of ligands in the binding pocket, requiring a large 

number of trials, especially for tight pockets. Pre-docking using 

beta-complex shows a much higher probability of proper ligand 

positioning, with no steric clashes. Because this method is based on 
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purely geometric considerations, not requiring energy-based optimization, 

fast computation is also possible.

In the case of rigid docking, GalaxyDock2 with a bank size 

Nbank = 30 produces slightly better results than GalaxyDock1 with Nbank 

= 100, when tested on the 85 protein–ligand complexes of the ASTEX 

diverse set (See Table 4.3). According to our previous work, 

GalaxyDock1 (with Nbank = 100) performed better than AutoDock3, 

GOLD (Hartshorn et al., 2007), and Surflex-Dock (Spitzer and Jain, 

2012) on the same set, as shown in Table 4.3. A successful example is 

illustrated in Figure 4.2 (a). When compared to GalaxyDock1 run with 

a smaller bank size of Nbank = 30, GalaxyDock2 (with Nbank = 30) 

shows improvement in the success rate by 5.9% and in average RMSD 

by 0.24 Å. The success rate is defined as the percentage of the cases 

in which RMSD of the top ranking pose from the native binding mode 

is less than 2 Å, and the average RMSD refers to the average of the 

RMSDs of the top ranking poses over the test set complexes.

This result shows that the new initial bank generation method 

is quite successful, making it possible to use a much smaller bank size 

without loss of accuracy. An example is illustrated in Figure 4.3. The 

minimum RMSD in the initial bank for 1R1H generated using the beta 

complex is smaller, by 5 Å, than that generated by the random 

sampling employed in GalaxyDock1, as shown in Figure 3 (a). This 

enhancement in the initial bank is transferred to the final bank obtained 

by CSA, leading to improvement in the predicted RMSD (RMSD of 

the lowest energy pose) by 2 Å, as can be seen in Figure 4.3 (b).
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Docking Program Success Ratea (%) Average RMSDb (Å)

GalaxyDock2 (Nbank = 30) 85.9 1.24
GalaxyDock1 (Nbank = 30) 80.0 1.48
GalaxyDock1 (Nbank = 100)a 84.7 1.34

AutoDock3a 81.7 1.60
GOLDb 80.5 -

Surflex-Dockc 80.0 1.66

Table 4.3. Performance of GalaxyDock in the rigid-receptor docking 

mode, tested on the ASTEX diverse set (Hartshorn et al, 2007).

a. Percentage of the cases in which RMSD of the top scoring pose 

from that of the crystal structure is less than 2 Å

b. RMSD of the top scoring pose from that of the crystal structure 

averaged over the targets in the set

c. Taken from Section 2

d. Taken from Hartshorn et al.. Average RMSD is not reported in the 

reference.

e. Taken from Spitzer and Jain
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Figure 4.2. Successful docking examples of GalaxyDock2. (a) 

Rigid-receptor docking result of the cognate ligand for the complex 

1NAV from the ASTEX set. Root-mean-square-distance (RMSD) of the 

top scoring predicted pose (pink) from the crystal structure binding 

mode (sky blue) is 0.39 Å. (b) Cross-docking result of the ligand of 

1KI4 to the protein structure of 1KIM with two flexible residues taken 

from the diverse set. RMSD of the predicted pose (pink) from the 

crystal pose (sky blue) is 0.92 Å. Flexible residues are in the same 

color as the ligand.

(a)

(b)
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Figure 4.3. Plot of energy versus RMSD (ligand RMSD from the 

crystal pose) for (a) the CSA initial bank, and (b) the CSA final bank 

of 1R1H generated using a beta-complex (red circles) and a random 

sampling of GalaxyDock1 (blue squares).

(a)

(b)



- 83 -

Use of smaller bank size due to the improved performance 

reduces the global optimization effort and, thus, the computation time 

considerably. GalaxyDock1 with Nbank = 100 takes ~30 minutes, while 

GalaxyDock2 with Nbank = 30 takes ~7 minutes on a single CPU.

In the case of flexible side-chain docking, a smaller bank size 

of Nbank = 30 has already been attempted (even with GalaxyDock1) to 

reduce computational time, because computational complexity increases 

considerably in flexible-receptor docking. GalaxyDock2 with Nbank = 30 

was tested on the same benchmark test sets: LXRβ (3 crystal structures, 

9 cross-docking experiments), cAPK (4 crystal structures, 16 

cross-docking experiments), and a diverse set (16 proteins and 30 

cross-docking experiments). The results are summarized in Table 4.4, 

and a successful case is illustrated in Figure 4.2 (b). The improved 

initial bank generation method in flexible side-chain docking also 

improves the docking performance of GalaxyDock2. However, the effect 

is relatively mild, with increased success rate (6%) for the cAPK set 

and the same success rates for the LXRβ and diverse sets compared to 

GalaxyDock1. The smaller success rate (< 70%) for the cAPK set is 

because of the change in the backbone structure induced by ligand 

docking, as described previously. Both GalaxyDock2 and GalaxyDock1 

show comparable performances to other state-of-the-art flexible docking 

programs such as RosettaLigand (Davis and Baker, 2009) and SCARE 

(Bottegoni et al., 2008). When predicted pockets were used for the 

cross-docking tests on the diverse set, GalaxyDock2 showed an 

improved successrate of 3% more than that of GalaxyDock1 or 
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SCARE, as shown in parenthesis in Table 4.4. The improvement of 

GalaxyDock2 over GalaxyDock1 is statistically significant with a 

P-value = 0.02 determined by a Student’s t-test.

The low improvement on using the beta-complex-based initial 

bank generation method in flexible side-chain docking compared to 

rigid docking may be understood from the fact that protein flexibility is 

considered only indirectly in the pre-docking stage. Ligands are 

positioned in the alanine-mutated protein structure first, and side-chain 

conformations are recovered afterwards. The quality of the initial bank 

measured by the distribution of the GalaxyDock score and RMSD from 

the native mode is indeed not enhanced greatly compared to the 

previous initial bank generation method in flexible docking (data not 

shown).

Rigid docking experiments were also carried out on these 

flexible docking test sets, as summarized in Table 4.4. The success 

rates obtained by rigid docking methods are all lower than those of 

flexible docking methods for the current test sets, in which flexible 

residues are rather well defined. Among the different rigid docking 

methods, GalaxyDock2 shows the best performance for these sets. It 

remains to be investigated how the relative performance of rigid versus 

flexible docking methods is affected when the accurate prediction of 

flexible residues is unattainable.
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Docking Program Success Rate (%) Average RMSD (Å)
LXRβ

GalaxyDock2 88.9 1.54
GalaxyDock2 (rigid) 55.6 1.97
GalaxyDock1a 88.9 1.63

GalaxyDock1 (rigid)a 22.2 3.54
RosettaLigandb 55.6 1.91

AutoDock4 (rigid)b 22.2 3.14
cAPK

GalaxyDock2 68.8 2.11

GalaxyDock2 (rigid) 43.8 2.80
GalaxyDock1a 62.5 2.07

GalaxyDock1 (rigid)a 43.8 3.89
Diverse setd

GalaxyDock2 86.7 (83.3) 1.57 (1.68)
GalaxyDock2 (rigid) 53.3 (53.3) 2.19 (2.40)
GalaxyDock1a 86.7 (80.0) 1.70 (2.05)

GalaxyDock1 (rigid)a 46.7 (46.7) 3.01 (2.76)
SCAREc 90.0 (80.0) N/A

SCARE (rigid)
(VDWMAX = 4.0e)c

40.0 (43.3) N/A

SCARE (rigid) 
(VDWMAX = 1.0f)c

50.0 (46.7) N/A

Table 4.4. Flexible docking benchmark results: LXRβ, cAPK, and the 

diverse set.

a. Taken from Section 3

b. Taken from Davis and Baker

c. Taken from Bottegoni et al. (2008) RMSD values are not available.

d. Results for predicted pocket in parenthesis

e. The value of van der Waals potential is truncated at 4.0 kcal/mol.

f. The value of van der Waals potential is truncated at 1.0 kcal/mol.
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 4.3.2. Binding affinity prediction

Another key addition to GalaxyDock2 is binding affinity 

prediction. The energy function of GalaxyDock1 could be used to 

estimate the binding affinity, but more accurate prediction is made 

possible by taking an optimal combination of energy components and 

by subtracting the energy of the unbound ligand state, as described in 

Section 4.2.3. The best correlation with experimental binding affinity 

was obtained when protein-ligand interaction energy and ligand torsion 

energy were combined with the unbound ligand state correction, 

according to Table 4.2, Although the correlation coefficient improves 

with the free-ligand correction, the root-mean-square-error (RMSE) of 

predicted binding affinity increases. This is because the weight 

parameters of the GalaxyDock energy function were taken from the 

AutoDock energy function, and they were fitted to minimize prediction 

errors without free-ligand correction. With the current correction of the 

unbound ligand state, the energy function has to be re-scaled to 

minimize RMSE. The two empirical parameters c and d were therefore 

introduced in Eq. (4.1) and determined by a three-fold cross-validation 

on the PDBBind set (Cheng et al., 2009), as summarized in Table 4.5. 

The parameters c and d were varied from 0.0 to 1.0 in 0.01 and 0.05 

increments, respectively, for each training set; c = 0.65 and d = 0 were 

determined to be optimal.
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Set

No.

Training Set Test Set
c d Correlation 

Coefficient

RMSE

(kcal/mol)

Correlation 

Coefficient

RMSE

(kcal/mol)
1 0.65 0.0 0.462 3.390 0.511 3.198

2 0.63 0.0 0.473 3.210 0.471 3.540
3 0.63 0.0 0.489 3.358 0.442 3.251

Table 4.5. Three-fold cross-validation on the PDBBind set (Cheng et 

al., 2009) to determine the parameters c and d of the binding affinity 

function
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An additional test was carried out on a separate set called the 

AffinDB set (Block et al., 2006). The results for the PDBBind training 

set and AffinDB test set in terms of correlation coefficient and RMSE 

are summarized in Table 4.6. With the new binding affinity function, 

GalaxyDock2 predicts binding affinity more accurately than AutoDock3, 

on which the energy function is based, with improvement in the 

correlation coefficient by ~0.1 and RMSE by ~1 kcal/mol. The 

correlation coefficient increased from 0.336 (AutoDock3) to 0.475 

(GalaxyDock2) for the training set and from 0.393 (AutoDock3) to 

0.484 (GalaxyDock2) for the test set. RMSE also improved from 4.34 

kcal/mol (AutoDock3) to 3.32 kcal/mol (GalaxyDock2) for the training 

set and 3.95 kcal/mol (AutoDock3) to 3.12 kcal/mol (GalaxyDock2) for 

the test set. This consistent improvement in binding affinity prediction 

implies that the current modification of the AutoDock3 energy function 

as implemented in GalaxyDock2 may be transferable to more general 

binding affinity prediction problems.
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Binding Affinity Function Correlation 

Coefficient

RMSE (kcal/mol)

Training set: PDBBind set (Cheng et al., Ncomplex = 195)
GalaxyDock2 0.475 3.32
AutoDock3 0.336 4.34

Test set: AffinDB set (Block et al., Ncomplex = 80)
GalaxyDock2 0.484 3.12

AutoDock3 0.393 3.95

Table 4.6. Accuracy of the new binding affinity prediction implemented 

in GalaxyDock2 on the training set and a separate test set compared 

with the results of AutoDock3 scoring function (Morris et al., 1999) on 

the same sets.
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When the correlation coefficient of the GalaxyDock2 binding 

affinity was compared to those of 17 other scoring functions on the 

same PDBBind set, it ranked eighth (Cheng et al., 2009, Table 4.7). 

The correlation coefficients reported in Table 4.7 were obtained by 

applying the scoring functions to the crystal structures of protein-ligand 

complexes. However, in real prediction problems, the scoring functions 

have to be applied to predicted binding poses. In fact, several scoring 

functions such as X-score and different Sybyl scores that show higher 

correlation than GalaxyDock2 are used mainly for re-scoring binding 

poses generated by a separate docking engine. As described previously, 

the GalaxyDock2 binding affinity function is closely related with the 

energy function that guides sampling during GalaxyDock2 docking. A 

natural and useful follow-up of this study would be to adapt the merits 

of other high-performance scoring functions that were previously used 

only in re-scoring, to the GalaxyDock docking procedure to guide 

conformational search.



- 91 -

Scoring Function Correlation Coefficient
X-Score::HMScore 0.644

DrugScoreCSD 0.659
SYBYL::ChemScore 0.555

DS::PLP1 0.545

GOLD::ASP 0.534
SYBYL::G-Score 0.492

DS::LUDI3 0.487
GalaxyDock2 0.475

DS::LigScore2 0.464
GlideScore-XP 0.457

DS::PMF 0.445

GOLD::ChemScore 0.441
SYBYL::D-Score 0.392

DS::Jain 0.316
GOLD::GoldScore 0.295

SYBYL::PMF-Score 0.286

SYBYL::F-Score 0.216

Table 4.7. Pearson’s correlation coefficients of 17 scoring functions for 

the PDBBind set (Cheng et al., 2009). The correlation coefficients of 

16 scoring functions except GalaxyDock were taken from Cheng et al..
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 4.3.3. Virtual screening

Since GalaxyDock2 shows improved binding mode prediction 

both in terms of accuracy and speed, it may be applied to the virtual 

screening (VS) of compound libraries, when combined with the new 

binding affinity function described above. The usefulness of 

GalaxyDock2 for VS has been tested on a set of four proteins—CDK2, 

COX-2, FXa, and PDE5. A compound library of 1,000 compounds 

containing 50 known inhibitors was used for screening.

The VS results of GalaxyDock2 are compared with those of 

AutoDock4 and UCSF DOCK6 in Table 4.8. Among the three 

rigid-receptor docking programs, GalaxyDock2 shows the highest 

enrichment factor (EF) values at all the top τ% (τ = 1, 2, 5, and 10) 

for CDK2 and COX-2. For FXa, UCSF DOCK6 shows the highest EF 

at top 1%, but GalaxyDock2 shows the highest EF at 2%, and 

AutoDock4, at 5% and 10%. For PDE5, AutoDock4 shows the highest 

EF at 1% and 2%, and GalaxyDock2, at 5% and 10%. The activities 

of top-ranked compounds in VS may be tested by in vitro experiments. 

It is therefore important to find hits with higher ranks in VS. When 

EF values at 1% and 2% are compared, those of GalaxyDock2 in the 

rigid mode are much higher than those of the other programs for 

CDK2 and COX-2. For the other two proteins, EF obtained by 

GalaxyDock2 is similar to those by other programs. This tendency can 

also be confirmed by Figure 4.4, which shows fractions of known 

inhibitors found in the top τ% subset for each protein. The curve for 

GalaxyDock2 run in the rigid mode (green dashed line) is almost 
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always above those of the other two rigid docking programs (blue and 

purple lines) at smaller τ. The BEDROC measure assigns more weights 

to higher-ranked active compounds, and GalaxyDock2 showed the best 

performance, in terms of BEDROC, except for FXa (Table 4.8). The 

true positive rate (TPR) at 1% false positive rate (FPR) also agrees 

with the above tendency: GalaxyDock2 shows the best values except 

for PDE5.

Although we made efforts to ensure that the head-to-head 

comparisons across different docking programs were fair, we 

acknowledge that the performance of the programs depends on the 

parameters that are used. Therefore, researchers who use different input 

parameters or protocols would obtain different performances.

GalaxyDock2 in the flexible side-chain mode was also tested 

with one or two flexible side chains. When compared to the results of 

GalaxyDock2 in the rigid mode, flexible docking shows higher EF and 

BEDROC values, except for CDK2 (See Table 4.8 and Figure 4.4), 

which is known to show loop flexibility upon ligand binding. The 

above results imply that the explicit treatment of binding site flexibility 

by GalaxyDock2 can enhance the performance of VS, when information 

on flexible residues is available. Kokh and Wenzel also reported that 

flexible docking resulted in higher EF than that seen in rigid docking.

In CDK2, it is known that a 23-residue T-loop changes 

secondary structure (Jeffrey et al., 1995), and a Gly-rich loop 

interacting with the ligand also shows conformational changes during 

ligand binding. Obviously, such large backbone movements cannot be 
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accounted for by flexible side-chain docking. GalaxyDock2, which 

employs a powerful global optimization technique, maybe further 

extended to account for flexible loops by simultaneous optimization of 

ligand and receptor degrees of freedom in the future. State-of-the-art 

loop modeling techniques (Park and Seok, 2012, Ko et al., 2011) 

maybe useful for such development.

The average computation times per compound are: 15 seconds 

for UCSF DOCK6, 7 minutes for GalaxyDock2 rigid docking, 10 

minutes for AutoDock4, and 13 minutes for GalaxyDock2 flexible 

docking. GalaxyDock2 may be unsuitable for virtual screening of 

compound libraries of considerably larger sizes than those considered 

here. However, such a problem could be solved by parallel 

implementations or by using hardware accelerators such as GPUs.
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Docking Program Enrichment Factor TPR at 

1% FPR

BEDROC
1% 2% 5% 10%

CDK2
GalaxyDock2 (flex.) 6.0 3.0 1.6 2.8 6% 0.189

GalaxyDock2 (rigid) 4.0 4.0 2.8 3.0 6% 0.228
AutoDock4 0.0 0.0 1.6 1.6 0% 0.133

UCSF DOCK6 0.0 0.0 0.8 1.4 0% 0.073

COX-2
GalaxyDock2 (flex.) 6.0 6.0 5.6 4.0 6% 0.336

GalaxyDock2 (rigid) 6.0 5.0 4.4 3.0 10% 0.277

AutoDock4 0.0 2.0 2.0 2.8 0% 0.180
UCSF DOCK6 0.0 0.0 0.0 0.2 0% 0.008

FXa

GalaxyDock2 (flex.) 16.0 14.0 10.0 6.8 46% 0.649
GalaxyDock2 (rigid) 14.0 13.0 9.2 6.4 32% 0.589

AutoDock4 14.0 12.0 10.8 8.0 30% 0.677
UCSF DOCK6 16.0 11.0 7.2 4.8 22% 0.486

PDE5
GalaxyDock2 (flex.) 8.0 5.0 5.8 3.8 10% 0.344
GalaxyDock2 (rigid) 6.0 4.0 4.0 3.2 8% 0.283

AutoDock4 8.0 5.0 2.8 3.0 10% 0.263
UCSF DOCK6 0.0 0.0 0.8 0.6 0% 0.057

Table 4.8. Comparison of the results of virtual screening performed on 

the Gilson set (Jorissen and Gilson, 2005) for GalaxyDock2, 

AutoDock4, and UCSF DOCK6.
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Figure 4.4. Percentage of known inhibitors as a function of database 

coverage for GalaxyDock2 run in flexible mode and rigid mode, 

AutoDock4, and UCSF DOCK6 when virtual screening is performed on 

the Gilson set (Jorrisen and Gilson, 2005).
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4.4. Conclusion of this section

GalaxyDock has been improved binding mode prediction 

accuracy by using a geometry-based method for generating the initial 

bank for CSA. With this method, the use of a smaller bank size has 

been made possible, increasing computational speed and at the same 

time enhancing the binding mode prediction performance. The 

enhancement in the performance of flexible side-chain docking is rather 

mild compared to that of rigid-receptor docking. Binding affinity 

prediction has also been improved by optimizing correlation with 

experimental binding affinity and root-mean-square error of predicted 

binding affinity by three-fold cross validation.

With its advanced binding mode and binding affinity prediction 

capability, GalaxyDock2 was applied to virtual screening. The program 

run in the rigid-receptor mode could produce the highest EF and 

BEDROC values on four tested proteins, when compared to AutoDock4 

and UCSF DOCK6. Based on these results, it is concluded that 

GalaxyDock2 may be used as a new virtual screening tool. There still 

remain issues that have to be considered in the future such as further 

increasing the computation speed and improving the energy function. 

When receptor side-chain flexibility is considered in the virtual 

screening test, EF and BEDROC further increased in three of four 

proteins. The least successful example, CDK2, may have to be treated 

with a method that considers backbone flexibility of receptor explicitly. 

The next step of the GalaxyDock project is developing such a method 
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using the recently developed loop modeling techniques (Park and Seok, 

2012, Ko et al., 2011).
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5. Conclusion of this thesis

Protein-ligand docking is a modeling technique that predicts 

binding conformation of protein and ligand and its binding affinity. 

Therefore, two components, sampling and scoring are improtant 

problems as in other modeling problems. In this thesis, three versions 

of program, LigDockCSA, GalaxyDock, and GalaxyDock2 are 

introduced. They incorporates CSA as a sampling method and 

appropriate scoring functions mainly based on AutoDock3 scoring 

function.

LigDockCSA, a first program, adds torsion part of PLP scoring 

function to AutoDock3 scoring function. In latter scoring function, there 

is a penalty that is concerned with conformational entropy being 

proportional to number of free torsion angles. However, it lacks torsion 

angle penalty that can be usually seen in other force fields. With 

AutoDock3 scoring function, CSA can find lower energy conformation 

than LGA but it shows higher deviations from native structure. Adding 

PLP torsion term modifies energy landscape and it helps to predict 

binding mode more accurately. The performance gap between CSA and 

LGA increases as number of free torsion angles increses. That is, CSA 

helps to find more accurate solution when degrees of freedom is high 

compared to other optimization technique.

Based on the fact, GalaxyDock, an extended version of 

LigDockCSA to flexible docking has been developed. Flexible receptor 
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docking is an important issue of PLD field because lots of failures of 

PLD applications come from protein flexibility. GalaxyDock expands 

LigDockCSA simply by adding degrees of freedom of side-chains and 

operators of exchanging side-chain χ angles. Energy function of the 

docking program should be modified because energy of protein can be 

changed due to its conformational variation. To find correct side-chain 

conformation, ROTA score and Lennard-Jones potential are added. With 

those components, GalaxyDock could find not only correct binding 

mode of ligand but also accurate side-chain conformation that is not 

reported and studied in other flexible docking papers.

GalaxyDock2 adds two components to its original version: 

initial bank generation using beta-complex and binding affinity 

prediction. Modification of initial bank by beta-complex strongly 

increases the its quality and this can help to predict binding mode 

more accurately. With the modification, GalaxyDock can reduce the size 

of bank from 100 to 30. Therefore, time consumption is also reduced. 

For binding affinity prediction, free ligand correction is introduced. It 

increases correlation between scoring function and experimentally 

observed binding affinity as in Huey's work. With those two 

components, based on the virtual screening benchmark result, 

GalaxyDock2 could be seemed as a new virtual screening tool.

Even though those programs shows a successful application of 

CSA to docking problem, there is a large room for improvements. The 

flexible side-chains should be designated before docking run. However, 

in real application world, the users would not know which residue 
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should be selected to be flexible. In addition, not only side-chains but 

also backbone conformation can be varied when ligand binds as shown 

in cAPK and CDK2 benchmark. Therefore, extension of flexible regions 

to all side-chains in binding pocket and backbone should be included. 

This increasement brings an explosion of degrees of freedom, however, 

strong aspects of CSA would solve the problem efficiently. 

Binding affinity prediction needs to be improved also. Even 

free ligand correction increases the correlation between predicted 

binding affinity and experimental one, it is still lower than some 

re-socirng functions such as X-score and lower than 0.5. Implementation 

of other useful terms from other scoring function can helps to increase 

the precise prediction of binding affinity and it also helps to find 

binding mode more correctly because sampling and scoring are closely 

related. Two problems that mentioned above, are current issues in 

protein-ligand docking field. I hope that those issues will be improved 

by GalaxyDock in the future.
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PDB ID Ntor
a PDB ID Ntor

a PDB ID Ntor
a

1q41 1 1p62 5 1z95 8

1hnn 1 1v4s 5 1n46 9
1p2y 1 1x8x 5 1s19 9

1uou 2 1hp0 6 2bsm 9
1gpk 3 1opk 6 1meh 10
1hww 3 1q1g 6 1sq5 10

1sg0 3 1t9b 6 2br1 10
1ia1 4 1lpz 7 1uml 11

1l2s 4 1u1c 7 1hvy 12
1oyt 4 1xoq 7 1mzc 12
1r9o 4 2bm2 7 1r58 12

1yvf 4 1m2z 8 1unl 12
1ke5 5 1sj0 8 1ygc 13

1of1 5 1xm6 8 1gkc 16

Appendix

Supplementary tables

Table S1. List of the 42 training set complexes that are selected 

randomly from the ASTEX diverse set for energy parameter 

determination 

a. The number of rotatable bonds in the ligand



- 103 -

PDB ID Ntor Auto
Dock

LigDock
CSA

PDB ID Ntor Auto
Dock

LigDock
CSA

1w1p 0 7.774 0.461 1lpz 7 0.702 0.757

1q41 1 0.799 0.540 1n2j 7 6.706 6.829

1u4d 1 0.937 0.793 1u1c 7 1.311 1.241

1hnn 1 1.102 0.918 1v48 7 0.633 0.817

1lrh 1 0.880 0.838 1xoq 7 1.365 1.345

1p2y 1 1.470 1.412 1yqy 7 1.044 0.963

1sqn 2 0.776 0.762 2bm2 7 1.145 1.008

1uou 2 0.962 0.874 1ig3 8 4.900 0.939

1xoz 2 0.651 0.576 1m2z 8 0.687 0.525

1gpk 3 1.293 1.397 1nav 8 0.367 0.401

1hq2 3 0.496 0.593 1sj0 8 0.965 0.754

1hww 3 0.401 0.376 1tz8 8 0.897 0.862

1owe 3 1.509 0.391 1xm6 8 1.762 2.145

1sg0 3 0.952 0.357 1ywr 8 0.855 0.780

1yv3 3 0.819 0.590 1z95 8 0.708 0.786

1ia1 4 0.833 0.718 1jla 9 0.985 0.782

1jd0 4 3.852 4.497 1n46 9 0.730 0.299

1l2s 4 2.862 5.590 1pmn 9 1.056 0.995

1n2v 4 2.946 2.683 1s19 9 0.777 0.707

1oyt 4 0.668 0.563 1t46 9 1.372 1.121

1q4g 4 0.569 0.550 2bsm 9 1.027 0.759

1r9o 4 5.552 1.374 1g9v 10 5.049 2.317

1tow 4 4.327 1.043 1meh 10 1.879 2.057

1yvf 4 0.689 0.808 1mmv 10 0.774 1.553

1j3j 5 0.793 0.481 1sq5 10 2.485 2.964

1ke5 5 0.644 0.579 1y6b 10 1.945 1.892

1n1m 5 0.798 0.569 2br1 10 3.333 1.527

1of1 5 1.016 0.915 1l7f 11 0.889 0.676

1of6 5 0.676 0.595 1uml 11 1.222 1.670

1p62 5 0.520 0.410 1v0p 11 1.117 1.279

1tt1 5 0.839 0.736 1hvy 12 1.872 1.970

1v4s 5 1.427 1.481 1hwi 12 1.185 1.122

1w2g 5 0.464 0.670 1mzc 12 5.934 0.789

1x8x 5 2.506 2.936 1r1h 12 1.101 1.170

1gm8 6 2.367 8.016 1r58 12 3.426 2.929

1hp0 6 0.606 0.437 1s3v 12 4.804 4.811

1k3u 6 1.082 1.096 1unl 12 1.302 1.249

1opk 6 1.467 1.631 1vcj 12 1.147 0.745

1oq5 6 1.033 1.048 1ygc 13 1.278 2.679

1q1g 6 0.451 0.453 1kzk 15 0.801 0.759

1t40 6 0.488 0.555 1gkc 16 1.211 1.222

1t9b 6 1.237 1.148 1r55 16 0.877 0.913

1jje 7 0.796 0.794

Table S2. RMSD of the docking pose predicted by AutoDock and 

LigDockCSA
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Table S3. Cross-docking results on the HIV protease set for (a) rigid 

docking using LigDockCSA, (b) GalaxyDock with 2 flexible residues 

(ARG8 of the two chains), and (c) GalaxyDock with 4 flexible residues 

(ARG8 and ILE50 of the two chains). Ligand RMSD of the predicted 

binding pose (starting from ligand A + protein structure B) from that 

of the crystal structure (ligand A + protein structure A) is presented for 

each cross docking of ligand A (row) to protein structure B (column).

(a)

(b)
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(c)
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Table S4. Accuracy of χ1 angles for flexible docking with GalaxyDock 

for (a) 2 flexible residues (2 ARG8’s) and (b) 4 flexible residues (2 

ARG8’s and 2 ILE50’s). The χ1 angle prediction is considered accurate 

is its value is within 30° from the native value.

(a)

(b)
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Receptor Ligand Galaxy
Dock

Rosetta
Ligand 1a

Rosetta
Ligand 2b

Auto
Dock4c

LigDock
CSA

1P8D 1P8D 1.33 Å 1.49 Å 1.39 Å 2.11 Å 2.01 Å

1PQ6 2.41 Å 2.06 Å 2.24 Å 4.82 Å 3.73 Å

1PQC 1.97 Å 1.78 Å 2.29 Å 4.42 Å 4.58 Å

1PQ6 1P8D 1.75 Å 1.20 Å 1.27 Å 2.91 Å 2.08 Å

1PQ6 0.89 Å 2.05 Å 2.08 Å 1.45 Å 1.64 Å

1PQC 1.84 Å 3.46 Å 3.61 Å 3.65 Å 2.41 Å

1PQC 1P8D 1.60 Å 0.98 Å 0.98 Å 4.57 Å 9.27 Å

1PQ6 1.90 Å 3.70 Å 2.20 Å 2.73 Å 4.31 Å

1PQC 1.00 Å 0.49 Å 0.53 Å 1.62 Å 1.81 Å

Average 1.63 Å 1.91 Å 1.84 Å 3.14 Å 3.64 Å

Success  Rate 88.9% 55.6% 44.4% 22.2% 22.2%

Table S5. Comparison of the LXRβ cross-docking experiment with 

RosettaLigand (Davis and Baker, 2009) and AutoDock4.

a. Flexible side-chain with rigid backbone.

b. Backbone flexibility allowed during minimization after side-chain and 

ligand placing.

c. Rigid docking. The values were taken from the RosettaLigand paper 

(Davis and Baker, 2009)
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Ligand

Receptor

1BKX 1BX6 1STC 1YDT

1BKX 1.11 (100) 2.94 (100) 2.93 (100) 1.37 (100)

1BX6 0.99 (50) 2.96 (100) 4.15 (50) 0.96 (50)

1STC 1.04 (0) 3.75 (50) 0.56 (50) 5.92 (50)

1YDT 1.06 (100) 1.19 (100) 0.97 (100) 1.21 (100)

Table S6. Cross-docking results of GalaxyDock for the cAPK set. 

RMSD (in Å) and χ1 angle accuracy (in %, in parenthesis) are shown.
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Protein Receptor Ligand Experimental 
pocket

Predicted pocket

Galaxy
Dock

LigDock
CSA

Galaxy
Dock

LigDock
CSA

Aldose 
Reductase

2ACR 2FZB 3.651 4.882 3.430 3.653

Anti-Steroi
d Fab

1DBA 1DBB 4.318 6.568 3.825 6.822

CDK2 1AQ1 1DM2 1.742 6.628 1.206 1.764

1DM2 1AQ1 0.512 0.788 1.314 1.124

COX-2 1CX2 3PGH 0.986 1.042 1.010 0.952

3PGH 1CX2 1.055 1.007 0.829 1.088

Estrogen 
Receptor

1ERR 3ERT 1.646 1.239 1.894 2.435

3ERT 1ERR 1.297 2.518 1.563 1.203

Factor Xa 1KSN 1XKA 1.687 1.585 1.686 2.941

1XKA 1KSN 0.797 2.485 4.184 4.892

GSK-3 β 1Q4L 1UV5 0.825 1.219 0.956 1.219

1UV5 1Q4L 1.945 2.637 1.974 2.637

Hiv1 RT 1C1C 1RTH 5.273 3.310 3.534 2.908

1RTH 1C1C 1.482 5.933 1.450 1.368

JNK3 1PMN 1PMV 1.087 1.116 0.919 5.071

1PMV 1PMN 0.911 5.549 0.920 5.058

LXR β 1P8D 1PQ6 1.955 2.113 1.888 3.274

1PQ6 1P8D 1.637 1.798 1.749 1.734

Neuroamin
idase

1A4Q 1NSC 0.911 1.107 1.135 1.181

1NSC 1A4Q 1.009 4.476 1.387 2.288

P38 
Kinase

1BMK 1DI9 1.758 5.980 3.635 4.006

1DI9 1BMK 1.197 1.025 1.048 4.023

PKA 1STC 1YDS 1.601 1.283 1.568 1.310

1YDS 1STC 1.737 3.914 1.728 2.096

PPARγ 1FM9 2PRG 1.296 5.255 5.655 3.135

2PRG 1FM9 4.459 3.830 6.394 7.891

TK 1KI4 1KIM 1.419 1.398 1.462 0.870

1KIM 1KI4 0.894 4.120 0.907 1.367

Trypsin 1PPC 1PPH 1.069 8.458 0.680 2.904

1PPH 1PPC 1.691 1.655 1.700 1.655

Table S7. Cross-docking results of GalaxyDock for the diverse set. 

RMSD (in Å) is shown.
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Beta value (Å) 1.0 1.2 1.4 1.6 1.8

Success Ratea (%) 76.5 81.2 72.9 76.5 76.5
Average RMSD (Å) 1.58 1.44 1.69 1.61 1.53

Offset distance (Å) 1.5 1.6 1.7 1.8 1.9 2.0

Success Rate (%) 74.1 78.8 80.0 84.7 80.0 75.3

Average RMSD (Å) 1.78 1.56 1.64 1.29 1.53 1.69

Table S8. Performance dependence of GalaxyDock1 on the beta value 

and the offset distance when tested on the ASTEX diverse set.

(a) Dependence on the beta value (with offset distance set to the van 

der Waals radius of the largest ligand atom)

a. Percentage of the cases in which RMSD of the top scoring pose 

from the experimental pose is < 2 Å.

(b) Dependence on the offset distance (with beta value = 1.2 Å)
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국문 록

단백질-리간드 도킹은 1980년 에 처음 개발된 이래로 컴퓨

터 기반 신약 개발의 요한 도구가 되었다.도킹의 목표는 주어진

단백질-리간드 복합체의 1)결합구조 2)결합 친화도를 정확하게

측하는 것이다.결합 구조의 정확한 측은 단백질과 리간드의 구조

의 한 샘 링을 필요로 한다.많은 수의 도킹 로그램들은 상

으로 은 수의 자유도가 요구되는 리간드의 샘 링은 성공

으로 수행한다.그러나 재 도킹 로그램들의 많은 수가 리간드가

결합할 때,수용체의 구조가 변함에도 불구하고 그 것의 구조 유

연성을 다루기가 쉽지 않기 때문에 단백질을 강체로 가정하여 계산

을 수행한다.무엇보다,주로 사용되는 샘 링 방법으로는 수용체의

큰 구조 공간을 탐색하는 것이 히 이루어지지 않는다.덧붙여

서,실험 도킹 평가함수나 역장 기반 에 지 함수와 같은 재의

에 지 함수들은 아직까지는 유연한 수용체와 유연한 리간드간의

상호작용을 정확히 기술하지 못한다.

본 논문에서는 수용체의 구조 유연성을 효과 으로 고려하

는 도킹 로그램인 GalaxyDock의 발 과정이 기술되어 있다.이

로그램에서는 강력한 역 최 화 기술인 conformationalspace

annealing을 도입하여 단백질과 리간드의 구조 공간을 동시에 탐색

한다.덧붙여,유연한 수용체 도킹에 사용되는 새로운 에 지 함수

를 도입한다.이 함수는 지식-기반 평가함수인 ROTA와 역장-기반

함수인 AutoDock에 지 함수를 결합하여 만들어 진다.샘 링과

평가함수의 이러한 요소들로써,GalaxyDock은 재의 여러 도킹
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로그램들과 비교해 보았을 때,결합 구조 측과 가상 검색 분야에

뛰어난 성능을 보여 다.이 결과는 GalaxyDock이 더욱 발 된 방

법의 기반이 될 수 있으며 insillico신약 개발 과정에 실용 인 방

법이 될 수 있음을 보여 다.

핵심단어:단백질-리간드 도킹, 역 최 화,가상 검색,컴퓨터 기

반 신약 개발

학번:2008-20327
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