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In this review, recently developed GALAXY protein modeling programs are introduced and advantages and disadvantages
of these programs for both program users and method developers are discussed. The GALAXY package consists of the
template-based modeling program GalaxyTBM, the loop/terminus modeling program GalaxyLoop, the model refinement
program GalaxyRefine, the homo-oligomer prediction program GalaxyGemini, and the protein-ligand docking program
GalaxyDock. These programs have been tested with some success in community-wide competition Critical Assessment
of Techniques for Protein Structure Prediction (CASP) experiments. For the development of these programs, modeling
problems have been posed as global optimization problems of designed energy functions. The free energy functions
of GALAXY have been carefully designed by combining physical chemistry principles and structure and sequence
information. Efficient conformational search methods such as conformational space annealing and triaxial loop closure
have been employed. Freely accessible web servers of the modeling programs are available at http://galaxy.seoklab.org,
and some programs can be downloaded from http://galaxy.seoklab.org/softwares.

INTRODUCTION
The last century has witnessed remarkable advances in
computational chemistry and computational biology, and
computational approaches are increasingly and more widely
used for studies of biological systems. For example, protein
modeling techniques such as structure prediction and docking
methods play important roles in revealing structure-function
relationships of proteins (Baker and Sali, 2001; Shoichet, 2004).
Modeling methods also serve as promising tools for the design
of proteins or small molecules for sensors, therapeutic agents, or
artificial enzymes (Kuhlman et al., 2003; Siegel at al., 2010). This
is because computational methods are able to handle the large
combinatorial space of possible mutations in proteins or possible
chemical compounds at relatively low costs.
From a chemist’s point of view, the problem of developing
protein modeling methods is largely related to a sub-discipline
of chemistry called ‘physical chemistry’ that describes
thermodynamics and dynamics of molecules in terms of physical
interactions of atoms. However, it is still not practical to predict
protein structures and thermodynamic properties from amino
acid sequences alone by using methods based on physical
principles. This is because the two notorious problems in protein
modeling, i.e., “scoring” of candidate structures to select the
best model and “sampling” of candidate structures to be scored,
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still remain unsolved. In terms of the scoring problem, there are
still doubts regarding whether the current physical force field
models are sufficiently accurate for ab initio predictions (Raval
et al, 2012). In terms of the sampling problem, sampling a large
conformational space of proteins with >100 amino acid residues
is still considered impractical (Bonneau and Baker, 2001).
In practice, bioinformatics has been one of the major driving
forces in the field of protein modeling. Bioinformatics approaches
that rely on analysis of biological information such as biological
sequences and structures become more attractive because more
sequence and structural data become available with technical
advances. Indeed, template-based protein structure prediction
methods that use the structure information of proteins with
similar sequences in the structure database is currently the most
accurate method for protein structure prediction, especially
with the increasing amount of structure information. However,
problems for which sufficient information is already available tend
to be less interesting. Problems with some unknown aspects that
are very different from those expected from available information
attract more interest. Bioinformatics approaches may be less
suitable for solving problems for which currently available
information is not sufficient. Physical chemistry approaches
may fill such gaps if adequately used in combination with
bioinformatics approaches.
The GALAXY protein modeling programs have been developed
with the idea of combining bioinformatics and physical chemistry
approaches to improve existing methods for applications to
protein modeling problems for which only some information is
available. It is not practical to solve complex protein modeling
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problems for which too little information is available. Problems
for which a certain amount of information is missing are major
targets of current GALAXY programs. For example, GALAXY
can effectively address problems such as loop modeling for
which information on the overall structure such as experimental
structures of related proteins is available or ligand docking
problems for which protein structure information and an
approximate position of the binding pocket can be predicted.
Most GALAXY methods have been developed on the basis
of a physical chemist’s point of view, i.e., modeling problems
are reduced to global optimization of the free energy function
for the particular problem of interest. The sampling problem is
addressed by using available global optimization techniques
such as conformational space annealing, molecular dynamics
simulations, Monte Carlo simulations, etc. The scoring problem
is addressed by the development of the free energy function
for each application such as loop modeling or ligand docking.
Current free energy functions are composed of knowledge-based
components derived from the database of available experimental
structures and physics-based components taken from force
field energy terms. Different levels of global optimization and
different amounts of biological information are used depending
on the problem at hand. In this review, the following GALAXY
programs are introduced: the template-based modeling program
GalaxyTBM (Ko et al., 2012a; Ko et al., 2012b), the protein
loop/terminus modeling program GalaxyLoop (Park and Seok,
2012; Park et al., 2011), the protein model structure refinement
program GalaxyRefine (Heo et al., 2013), the protein homooligomer structure prediction program GalaxyGemini (Lee et al.,
2013), and the protein-ligand docking (PLD) program GalaxyDock

(Shin et al., 2011; Shin and Seok, 2012; Shin et al., 2013). These
programs can either be run on the GALAXY web server (http://
galaxy.seoklab.org) or downloaded (http://galaxy.seoklab.org/
softwares). Advantages and disadvantages of these methods
compared to other state-of-the-art methods are also discussed.

PROTEIN STRUCTURE PREDICTION BY
GALAXYTBM
Introduction to GalaxyTBM
Predicting protein structures from amino acid sequences is
considered to be the most practical if experimental structures
of similar proteins are available. Template-based modeling
(TBM), also called homology modeling or comparative modeling,
is a structure prediction method applied in such cases using
similar proteins as templates. At present, the range of sequence
similarity that can be reliably covered by TBM methods is
continuously increasing, especially with the increasing amount
of experimental information available for both protein structure
and sequence. One of the current challenges of TBM in terms
of method development is to effectively combine information
from multiple template proteins if different structural regions of
different proteins have useful information. Another challenge is
to predict the structures of regions for which little information is
available.
In GalaxyTBM (Ko et al., 2012a; Ko et al., 2012b), core regions
of the target protein sequence that are highly conserved among
related protein sequences are modeled from multiple template
structures, and less reliable local regions are re-modeled by
ab initio loop modeling or terminus modeling methods. The

TABLE 1 I Performance comparison of GalaxyTBM with MODELLER and SWISS-MODEL in terms of GDT-TS, GDC-SC, and MolProbity score

Target

)

MODELLER1

GalaxyTBM

SWISS-MODEL2

)

GDTTS (%)

GDTTS (%)

MolProbity

GDTTS (%)

GDCSC (%)

MolProbity

GDTTS (%)

GDCSC(%)

MolProbity

T0516

74.34

35.11

1.72

74.45

29.59

3.06

73.90

31.03

2.94

T0591

76.05

36.16

2.39

75.27

31.83

3.41

73.36

28.30

3.08

T0597

76.18

40.64

2.28

72.77

34.69

3.37

73.33

28.30

3.17

T0609

68.21

27.89

2.35

67.76

26.62

3.81

-

-

-

T0641

72.37

31.84

2.62

71.10

29.18

3.66

72.46

32.34

3.05

T0650

85.40

50.39

1.87

85.33

44.03

3.17

56.56

45.15

3.01

T0652

94.58

47.04

1.67

92.77

42.44

2.93

87.95

32.99

2.54

T0658

80.56

45.06

2.57

80.43

39.99

3.55

16.41

10.46

3.40

T0682

79.81

42.30

2.17

78.82

34.71

3.11

-

-

-

T0749

91.20

57.45

2.08

89.86

53.14

3.08

90.11

55.89

2.69

Average

79.87

41.39

2.17

78.86

36.62

3.31

-

-

-

3)

3)

1)

MODELLER version 9.11 was used with the same multiple sequence alignment as GalaxyTBM.
SWISS-MODEL web server was used with the same template list as GalaxyTBM.
3)
Targets for which SWISS-MODEL web server failed to generate models.
2)

2
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TABLE 2 I Performance comparison of GalaxyTBM with MODELLER and SWISS-MODEL in terms of ligand-binding site RMSD
)

MODELLER1

SWISS-MODEL2

Target

GalaxyTBM

T0516

1.30

1.31

1.30

T0591

1.68

1.64

1.90

T0597

1.25

1.43

1.52

T0609

2.00

2.14

-

T0641

1.26

1.31

1.31

Average

1.45

1.57

-

)

Ligand-binding site RMSD (Å)

3)

GalaxyTBM program and its web server (http://galaxy.seoklab.org/
tbm) are based on the TBM method developed during the 9th
Critical Assessment of Techniques for Protein Structure Prediction
(CASP9) experiment. This method was assessed to be amongst
the top TBM servers participated in CASP9 (Mariani et al., 2011).
In the current GalaxyTBM web server, up to three unreliable
regions are detected and modeled automatically. Additional loop
or terminus modeling can be performed on a separate web server
for loop/terminus modeling (http://galaxy.seoklab.org/loop) if
modeling is desired for a larger number of loops/termini or if it is
expected that more intensive optimization would be helpful. The
GalaxyLoop loop/terminus modeling server will be described in
more detail in the next section.

1)

MODELLER version 9.11 was used with the same
multiple sequence alignment as GalaxyTBM.
2)

SWISS-MODEL web server was used with the
same template list as GalaxyTBM.
3)

Targets for which SWISS-MODEL web server
failed to generate models.

ligand-binding site is compared for five ligand-binding proteins.
Overall, GalaxyTBM performs better for most target proteins,
especially in terms of local structure accuracy and physical
correctness. A successful example is also illustrated in Figure 1
for which GalaxyTBM produces a model with correct structural
details when compared to MODELLER or SWISS-MODEL.
Currently, GalaxyTBM performs relatively well on singledomain protein targets compared to multi-domain proteins.
It is recommended to use GalaxyTBM with separate domainsplitting methods if structure prediction of multi-domain proteins
is desired. A better domain splitting method for GalaxyTBM is
currently under development.

The GalaxyTBM Method
Performance of GalaxyTBM
Performance of GalaxyTBM is compared with two other freely
available TBM methods, MODELLER (Sali and Blundell, 1993)
and SWISS-MODEL (Arnold et al., 2006) for ten CASP9 structure
prediction targets. In Table 1, prediction accuracy is compared
in terms of the following three accuracy measures that are
commonly used in CASP: (1) GDT-TS (Zemla, 2003) for global
backbone structure accuracy, (2) GDC-SC (Keedy et al., 2009)
for local side chain structure accuracy, and (3) MolProbity score
(Chen et al., 2010) for physical correctness. In Table 2, RMSD of

FIGURES

GalaxyTBM follows the four stages of typical template-based
modeling methods (Zhang, 2008, Marti-Renom et al., 2000):
(1) identification of similar proteins in the structure database
to be used as structural templates; (2) alignment of template
sequences to the target sequence; (3) model building from the
sequence alignment; and (4) model refinement. For template
identification, GalaxyTBM rescores the results of HHsearch
(Söding, 2005) to select multiple templates for reliable core
structures. Alignment of core regions of multiple sequences
is achieved using PROMALS3D (Pei et al., 2008). Models are
built from alignment and template
structures by optimizing a free
e n e rg y f u n c t i o n t h a t c o m b i n e s
template-derived restraint terms with
force field energy and solvation free
energy terms (to be published). Final
model structures are generated by
detecting and re-modeling unreliable

FIGURE 1 I Comparison of structure
prediction results for the CASP9 target
T0652. The crystal structure is shown in
gold, the predicted structure by GalaxyTBM
in sky blue, and those by MODELLER (A)
and SWISS-MODEL (B) in pink.

Figure 1. Comparison of structure prediction results for the CASP9 target T0652. The crystal
bdjn.org
structure
is shown in gold, the predicted structure by GalaxyTBM in sky blue, and those byBio Design l Vol.2 l No.1 l March 31, 2014
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loop or terminus regions with optimization modules in GALAXY
(Park and Seok, 2012; Park et al., 2011). A schematic flowchart of
the overall GalaxyTBM process can be found in Figure 5 of Ko et
al., 2012b.

PROTEIN LOOP MODELING BY GALAXYLOOP
Introduction to GalaxyLoop
Protein loops often refer to regions of irregular structures that
connect secondary structure segments such as alpha helices
or beta sheets. In protein modeling, loops can also be defined
as relatively short sequence regions that are poorly conserved
among evolutionarily related proteins. Protein loops are often
involved in various biochemical functions such as ligand
binding, enzymatic action, and signal transduction (Decanniere
FIGURE 2 I One of the successful loop modeling examples in the CASP9
et al., 1999; Fiser et al., 2000; Saraste et al., 1990). Therefore,
prediction
experiment.
Themodeling
initial model
for target
T0572-D1
Figure blind
2. One
of the successful
loop
examples
in the
CASP9 (shown
blind prediction
in pink) was improved by applying GalaxyLoop to the loop region 41–53
atomic-level structures of protein loops can be the key to
(shown
in
sky
blue).
The
experimental
structure
(PDB
ID:
2kxy)
that
experiment. The initial model for target T0572-D1 (shown in pink) was was
improved by
understanding protein functions and designing proteins with
released after the experiment is shown in gold. The overall backbone root-

particular functions. However, loop structures are often difficult to
(RMSD)
was41–53
reduced
from in
3.7sky
Å toblue).
2.9 Å The
by loop
applyingmean-square
GalaxyLoopdeviation
to the loop
region
(shown
experimental
modeling.
resolve by experimental methods because of structural flexibility
structure (PDB ID: 2kxy) that was released after the experiment is shown in gold. The overall
and variability. Therefore, GalaxyLoop can be applied to address
various problems such as predicting missing or low-resolution loop
backbone root-mean-square deviation (RMSD) was reduced from 3.7 Å to 2.9 Å by loop
regions in experimental structures, predicting alternative activation
TABLE 3 I CASP9 blind prediction results of GalaxyLoop for loops or
modeling.
termini that are successfully detected from initial template-based models
states, designing loop regions for binding to target molecules, or
refining model structures obtained by template-based modeling
(Amaro et al., 2007; DiMaio et al., 2011; Mas et al., 1992).
Several loop modeling methods that are based on informaticsbased methods are available as web servers because they are
relatively computationally inexpensive. However, ab initio loop
modeling is required when similar loop structures cannot be
found in the available structure database. Ab initio loop modeling
methods tend to be computationally expensive, but GalaxyLoop
is sufficiently computationally efficient to be developed as a
web server and still shows high performance compared to other
state-of-the-art ab initio loop modeling programs (Jacobson et
al., 2004; Mandell et al., 2009; Rohl et al., 2004; Wang et al.,
2007). It is freely accessible at http://galaxy.seoklab.org/loop.

Performance of GalaxyLoop
The GalaxyLoop program was employed for model refinement
in CASP9 and CASP10 and has been shown to improve the
quality of template-based models. Overall results of applying
GalaxyLoop to loop/terminus refinement of CASP9 targets are
summarized in Table 3, and an example of successful refinement
is illustrated in Figure 2. It has often been noted that there is
a limit to the length of loops that can be reliably modeled; it is
usually difficult to accurately predict loop structures that are
longer than 12 residues. According to the results shown in Table
3, it is still possible to improve the model accuracy for loops or
termini that are longer than 12 residues.

The GalaxyLoop Method
GalaxyLoop (Park and Seok, 2012), an ab initio protein loop
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Number of cases (number of loops/termini)

≤12 residues

Modeled

Improved in
G-RMSD1)

Improved in
L-RMSD2)

87 (80/7)

53 (47/6)

58 (53/5)

>12 residues

47 (39/8)

30 (25/5)

32 (27/5)

Total

134 (119/15)

83 (72/11)

90 (80/10)

1)

Global root-mean-square deviation (RMSD), calculated after best
superposition of the overall structure onto the experimental structure.
2)

Local RMSD, calculated after best superposition of the loops or termini
onto the corresponding region in the experimental structure.

39

modeling program, employs a global energy optimization
technique called conformational space annealing (CSA) (Lee et
al., 1999). A schematic diagram that explains the loop/terminus
modeling algorithm is in Figure 2 of Park and Seok, 2012, and
only a brief description of the algorithm is provided here. More
detailed description on the method can be found in Park et al.,
2011 and Park and Seok, 2012.
The initial pool of loop conformations is generated by a method
called fragment assembly and analytical loop closure (FALC) (Lee
et al., 2010). Protein termini are modeled in a similar way but
without applying the loop closure algorithm (Park et al., 2011).
The CSA algorithm efficiently searches for the loop conformation
with the lowest energy by perturbing the pool of conformations
iteratively and gradually focusing on narrower regions of lower
energy in the conformational space. CSA still depends on the

bdjn.org
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TABLE 4 I Model refinement test results for the mild relaxation method of GalaxyRefine in terms of improvements in backbone structure quality measured
by the high-accuracy global distance test (GDT-HA), side-chain structure quality measured by the side-chain global distance test (GDT-SC), and physical
correctness measured by the MolProbity score. Shown in parentheses are the results for the best models among the five models generated with both mild
and aggressive relaxation methods of GalaxyRefine.

Test set

CASP refinement
category targets1)

No. targets

53

Average improvement/
Percentage of improved targets

1)

CASP refinement category targets: 12 CASP8
targets, 14 CASP9 targets, and 27 CASP10 targets
2)

GDT-HA (%)

GDC-SC (%)

MolProbity

Zhang-server (I-TASSER) and ROSETTA-BAKER
server models for the CASP10 tertiary structure
prediction targets

0.38/59
(1.45/74)

1.50/64
(2.21/68)

0.74/824)
(1.26/904))

3)
Non-oligomeric targets with TM-score>0.5 and no
severe crystallographic contacts
4)

TBM server models2)
FG-MD
benchmark set

1533)

0.43/65
(1.37/76)

1.69/77
(2.54/83)

0.37/66
(0.55/74)

147

0.61/65
(1.80/80)

1.74/75
(2.78/87)

0.89/100
(1.18/100)

quality of initial structures, and the initial structures are generated
using FALC that effectively reduces the large loop conformational
space using information from short protein structure fragments
collected from the structure database. The loop structures
generated by assembling fragment structures are adjusted
with regard to their backbone torsion angles by employing an
analytical loop closure algorithm to obtain geometric consistency
with respect to the framework structure (Coutsias et al., 2004).
The objective function for global optimization is a hybrid
energy function derived from both physical chemistry principles
and information available in the structure database. The physicsbased part consists of the molecular mechanics force field
energy terms (MacKerell et al., 1998) and an implicit solvation
free energy model (Lazaridis and Karplus, 1999). The informaticsbased part, also called knowledge-based potential, includes
dipolar-DFIRE (Yang and Zhou, 2008), side-chain rotamer energy
of MODELLER (Sali and Blundell, 1993), and an orientationdependent hydrogen bonding energy (Kortemme et al., 2003).
Frequently used energy functions in previous ab initio loop
modeling programs consisted of physics-based terms only (Felts
et al., 2008; Jacobson et al., 2004; Soto et al., 2008). These
methods have been tested on loop reconstruction problems
in which loop structures were modeled in frameworks of
experimental structures with deleted loop regions. GalaxyLoop
has been designed to perform well not only in the reconstruction
of crystal loop structures but also in modeling loops in inaccurate
framework structures such as template-based models. This
was achieved by combining knowledge-based terms to the
free energy function and by training parameters in situations
that involve inaccurate frameworks of template-based models.
However, there is still an upper limit to environmental errors that
can be tolerated by GalaxyLoop, and an enhanced version that
can further optimize the surrounding environment is necessary.
Another limitation of the current loop modeling method is that a
water solvation model is used and the method can, therefore, not

bdjn.org

Target TR476 has no side-chain coordinates in
the initial structure; therefore, it was not included in
the MolProbity analysis.
Abbreviations: CASP, Critical Assessment of
Techniques for Protein Structure Prediction; TBM,
template-based model; FG-MD, fragment-guided
molecular dynamics.

be successfully applied to loops of membrane proteins. These
problems are considered in on-going developments.

PROTEIN MODEL REFINEMENT BY GALAXYREFINE
Introduction to GalaxyRefine
Accurate protein structure prediction is considered possible
by using template-based modeling techniques (Kryshtafovych
et al., 2011; Marti-Renom et al., 2000) for proteins with high
sequence identity (>30%). However, predicted protein structures
may not be sufficiently accurate for further applications such as
protein design, structure-based drug design, or protein function
studies (MacCallum et al., 2009; MacCallum et al., 2011) if the
sequence identity to known experimental structures is lower.
The importance of improving the accuracy of model structures
achieved by template-based modeling has been recognized by
the CASP community, and the category “structure refinement”
has been introduced since CASP8 (2008).
Various protein model refinement methods have been
reported in CASP (MacCallum et al., 2009; MacCallum et al.,
2011), including molecular dynamics simulations, fragmentguided methods, knowledge-based methods, elastic network
models, and hydrogen bond network optimization (Bhattacharya
and Cheng, 2013; Park and Seok, 2012; Raman et al., 2009;
Rodrigues et al., 2012; Xu et al., 2011; Zhang et al., 2011).
Interestingly, only a few methods succeeded in improving the
initial structures, and most methods failed to achieve consistent
improvements. This is because the CASP refinement category
was introduced to solve very difficult refinement problems, i.e.,
refining one of the best model structures that may have been
already refined (MacCallum et al., 2011).
GalaxyRefine (Heo et al., 2013) refines the overall structure,
while GalaxyLoop refines loop or terminus structures only. If one
needs to refine a protein structure model, it is recommended
to use GalaxyLoop first to refine loops/termini and to use

Bio Design l Vol.2 l No.1 l March 31, 2014
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GalaxyRefine next to refine the whole structure. GalaxyRefine
in combination with GalaxyLoop was tested in the refinement
category of CASP10 in a blind fashion and has been assessed to
be one of the few methods that showed consistent improvements
over initial models both in global and local structural qualities
(Nugent et al., 2014). The GalaxyRefine web server, freely
accessible at http://galaxy.seoklab.org/refine, is among the best
available web servers for structure refinement.

Performance of GalaxyRefine
The GalaxyRefine method has been tested on various protein
structure models: CASP refinement category targets (MacCallum
et al., 2009; MacCallum et al., 2011; Nugent et al., 2014),
protein structure models from other state-of-the-art templateFIGURE 3 I A successful model refinement example of GalaxyRefine for
based modeling servers (I-TASSER and ROSETTA) (Leaver-Fay
target
TR754 (PDB
2lv9), one of
the targets
in the refinement
Figure 3. A
successful
modelID:refinement
example
of GalaxyRefine
for category
target TR754 (PDB
et al., 2011; Xu et al., 2011), and a protein model refinement
of the CASP10 experiment. This prediction was also performed in a blind

benchmark set used in another refinement test (Zhang etID:
al.,2LV9),fashion
the release
of the
PDB structure.
Theof
initial
one ofbefore
the targets
in the
refinement
category
the structure
CASP10shown
experiment. This
in pink was refined to the structure shown in sky blue, which is closer to
2011). The test results are summarized in Table 4 in terms of the
structure shown
in gold.
The score
therelease
high-accuracy
global
prediction the
wascrystal
also performed
in a blind
fashion
beforeofthe
of the PDB
structure. The
percent improvement over initial models for backbone structure
distance test (GDT-HA) was improved from 58.1% to 62.1%, the score of
accuracy measured by the high-accuracy global distance test
the side-chain
distance
test
wasshown
improved
from
20.0%
initial structure
shown in global
pink was
refined
to (GDC-SC)
the structure
in sky
blue,
which is closer
to 25.4%, and the MolProbity score was improved from 2.56 to 2.38.
GDT-HA (Zemla, 2003), for local structure accuracy measured by
the side-chain global distance test GDC-SC (Keedy et al., 2009),
to the crystal structure shown in gold. The score of the high-accuracy global distance test
and for physical correctness measured by the MolProbity score
(GDT-HA) was improved from 58.1% to 62.1%, the score of the side-chain global distance
(Chen et al., 2010).
resembles the energy function used for loop modeling, being
From the benchmark test results, it is expected that
composed
of physics-based
terms
database-derived
test (GDC-SC)
was improved
from 20.0% energy
to 25.4%,
and and
the MolProbity
score was improved
GalaxyRefine has a high probability (>50%) of improving the
terms. Additional harmonic restraint terms derived from the
from 2.56 to
2.38.structure are added. The relative weight of the restraint
initial models even for model structures generated by the best
initial
available structure prediction servers, e.g., I-TASSER and
terms to the other terms for aggressive relaxation is set to five
ROSETTA. An example of successful refinement by GalaxyRefine
times smaller than that for mild relaxation to sample a broader
is illustrated in Figure 3. It has also been observed that
conformational space. The physics-based energy functions are
GalaxyRefine can substantially improve model structures for
based on the CHARMM22 force field (MacKerell et al., 1998),
protein-protein complexes (unpublished results). Although the
which contains molecular-mechanics bonded energy terms,
structure quality is consistently improved with the current version
Lennard-Jones interaction energy, Coulomb potential energy,
of GalaxyRefine, the magnitude of improvement is still relatively
free energy of solvation (also called “fast analytical continuum
small; thus, further development is currently underway.
treatment of solvation” [FACTS]), and the solvent-accessible
surface area term (Haberthur and Caflisch, 2008). Hydrogen
The GalaxyRefine Method
bond energy (Kortemme et al., 2003), dipolar-DFIRE (Yang and
GalaxyRefine samples the conformational space by repetitive
perturbations and molecular dynamics relaxations. Restraints
are applied to remain close to the initial structures. One refined
structure is generated by a mild relaxation method that perturbs
the structure of a cluster of side chains, and four structures are
generated by an aggressive relaxation method that perturbs
secondary structure segments and loops. Repetitive perturbation
and relaxation enhances structural packing, thereby improving
both backbone and side-chain structure qualities. The initial
placement of side-chain structures also improves the overall
structure quality. The initial side-chain structures are replaced
with rotamers with the highest probability in the Dunbrack
rotamer library (Dunbrack, 2002) if they do not cause steric
clashes and do not deviate from the canonical distribution in the
degree of solvent exposure.
The free energy function used for the relaxation methods
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Zhou, 2008), and backbone-dependent
torsion angle energy
40
of side chains (Canutescu et al., 2003) are used for databasederived scoring functions. A more detailed description on the
GalaxyRefine algorithm can be found in Heo et al., 2013.

PROTEIN HOMO-OLIGOMER STRUCTURE
PREDICTION BY GALAXYGEMINI
Introduction to GalaxyGemini
Many proteins form homo-oligomers to perform their functions
(Poupon and Janin, 2010). Examples include antibodies
(Plückthun and Pack, 1997) and membrane proteins (Heldin,
1995). The GalaxyGemini (Lee et al., 2013) web server (http://
galaxy.seoklab.org/gemini) predicts the homo-oligomer structure
from an input protein structure. The structure can be either
an experimental structure or a model structure; thus, homo-
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containing 43 monomers; Mariani et al., 2011) with the oligomer
structure database built before CASP9 experiment (Lee et al.,
2013). Prediction accuracy was measured by the following two
measures that were used in the CASP9 assessment: “relative
accuracy” (AccRel) which is the percentage of the targets for
which the number of subunits are correctly predicted and
“contact agreement score” ( Sagree) which reflects the fraction
of correctly modeled interface contacts in the complex. As
shown in Figure 4, GalaxyGemini outperforms all other CASP9
predictors and 3 naïve predictors which take the HHsearch
(Söding, 2005) top ranker by sequence score (NaïveSeqScore),
sequence identity (NaïveSeqID), or coverage (NaïveCoverage).
An interesting example is illustrated in Figure 5 for which the
template determined by the HHsearch sequence score (2grg)
is monomeric, but GalaxyGemini successfully selects a dimer
template (PDB ID: 3fm2).

The GalaxyGemini method

FIGURE 4 I Comparison of relative accuracy (AccRel) in the number of
uses an oligomer database with mutual sequence
Figure 4. Comparison of relative accuracy (AccRel) in the number
of subunit prediction GalaxyGemini
and
subunit prediction and the sum of contact agreement score (S agree) at
obtained identity
by
the sum of contact agreement score (Sagree) at the oligomer interface
<70%
from all structures deposited in the protein data
the oligomer interface obtained by GalaxyGemini with those predicted
GalaxyGemini with those predicted by CASP9 predictors and 3 naïve predictors which take
by CASP9 predictors and 3 naïve predictors which take the HHsearch
bank
(PDB)
with
oligomeric states assigned by authors or by
the HHsearch top ranker by sequence score (NaïveSeqScore), sequence identity
top ranker by sequence score (NaïveSeqScore), sequence identity
the
protein
interfaces,
surfaces, and assembly (PISA) service
(NaïveSeqID),
or coverage (NaïveCov).
(NaïveSeqID), or coverage (NaïveCoverage).

Figure 5. A5successful
example (PDB
ID: 3na2)
in ID:
which
GalaxyGemini
predicts a
FIGURE
I A successful
example
(PDB
3na2)
in whichcorrectly
GalaxyGemini
correctly predicts a dimer structure with inter-chain β-sheet, while the best
dimer structure with inter-chain β-sheet, while the best template by HHsearch search predicts
template by HHsearch search predicts
41 a monomer structure. Subunits
of
the crystal
structure
shown
gold and
orange,
and and
those
of the
a monomer
structure.
Subunitsare
of the
crystalinstructure
are shown
in gold
orange,
and
predicted structure in sky blue and cornflower blue.
those of the predicted structure in sky blue and cornflower blue.

oligomer structure prediction from a protein sequence is also
possible when a structure prediction method is used to generate
a model structure. GalaxyGemini identifies oligomer structure
templates from the structure database on the basis of sequence
and tertiary/quaternary structure similarity. Unlike other programs
introduced in this review, this method does not use extensive
optimization methods. However, it is expected that the method
can be improved by combination with optimization methods.

Performance of GalaxyGemini
GalaxyGemini was tested on CASP9 targets (96 proteins

(Krissinel and Henrick, 2007). For a given input protein, oligomer
templates are selected from the oligomer database by rescoring
the results of HHsearch (Söding, 2005). It is first determined
whether the query protein is an oligomer or not; then, oligomer
templates are selected using rescoring functions. The rescoring
functions contain terms that measure sequence similarity and
tertiary and quaternary structure similarity at the protein interface.
The relative weights of the different terms were trained on the
PISA benchmark set (195 proteins containing 55 monomers;
Ponstingl et al., 2003). The final oligomer structure generated by
superimposition onto the template structure is relaxed by energy
minimization to remove steric clashes. More detailed explanation
on the algorithm can be found in the supplementary information
of Lee et al., 2013.

PROTEIN-LIGAND DOCKING BY GALAXYDOCK
Introduction to GalaxyDock
Protein-ligand docking (PLD) is a biomolecular modeling
technique that predicts interactions between a receptor protein
and a small ligand molecule. By predicting the binding affinity
and the binding pose of protein-ligand complexes, PLD can
be applied to virtual screening of compound databases or to
optimization of hit compounds in structure-based drug discovery
processes (Sousa et al., 2013; Lavecchia et al., 2006; Rogers et
al., 2006; Venkatesan et al., 2010). PLD can also be applied to
functional studies of various proteins.
An important issue in the development of PLD programs is
how to consider receptor flexibility (Bonvin, 2006; Teague, 2003).
The first-generation docking programs developed in 1980s
treated the receptor as a rigid molecule to simplify the problem

42
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TABLE 5 I Comparison of binding pose prediction results of GalaxyDock with other docking programs
and to save computation time. However,
in terms of success rate (percentage of cases in which binding poses are predicted within 2 Å) and
it is obvious that receptor flexibility has to
average root-mean-square deviation (RMSD) of predicted binding poses
be considered in many cases to predict
Rigid-receptor docking: ASTEX diverse set
the binding pose and affinity accurately
(Teague, 2003). Over the past years, a
Program
Success Rate (%)
Average RMSD (Å)
number of docking approaches have
GalaxyDock
85.9
1.24
been proposed to consider receptor
AutoDock
81.7
1.60
conformational changes (Carlson, 2002;
GOLD
80.5
N/A
Cavasotto et al., 2005; Meireles et al.,
Surflex
80.0
1.66
2011; Clauβen et al. 2001; Bottegoni et al.,
Flexible-receptor docking: diverse set
2009; Bottegoni et al., 2008).
In this regard, development of Galaxy
Program
Success Rate (%)
Average RMSD (Å)
Dock (Shin et al., 2011; Shin and Seok,
GalaxyDock
83.3
1.68
2012; Shin et al., 2013) has started with a
SCARE
80.0
N/A
long-term goal of incorporating the recent
GalaxyDock
(rigid
receptor)
46.7
2.40
developments in GALAXY protein modeling
Flexible-receptor docking: LXRβ set
programs such as protein loop modeling
and model structure refinement to consider
Program
Success Rate (%)
Average RMSD (Å)
receptor flexibility accompanied by ligand
GalaxyDock
88.9
1.54
binding. A powerful, but computationally
RossetaLigand
55.6
1.91
expensive global optimization method,
GalaxyDock (rigid receptor)
55.6
1.97
conformational space annealing (CSA)
(Lee et al., 1997), has been employed with
the vision to include additional degrees of
freedom that describe receptor flexibility because CSA is one of
ligand RMSD of 0.5 Å. In this prediction, 87% of hydrophobic
the most effective methods for difficult optimization problems
interactions and three out of four hydrogen bonds between
that involve large numbers of degrees of freedom. The current
the receptor and ligand found in the native binding mode are
version of GalaxyDock can handle rigid-receptor docking and
reproduced.
flexible-receptor docking, but flexible-receptor docking is limited
However, in our experience, the use of this program can be
to the flexibility of a small number (<5) of selected side chains.
problematic if the binding pocket is too small compared to the
The GalaxyDock program can be downloaded free of charge
ligand size, which may happen when poor receptor structure
from http://galaxy.seoklab.org/softwares/galaxydock.html.
models are used. Such problem can be solved if the receptor
is allowed to relax or weak steric clashes are allowed in the
Performance of GalaxyDock
docking algorithm. The relatively high computational cost of
When the rigid-receptor mode of GalaxyDock was compared to
GalaxyDock compared to other docking programs can also be
AutoDock, GOLD, and Surflex on the 85 complexes of ASTEX
a disadvantage if virtual screening of a large compound library
diverse set, it showed the highest success rate (percentage of
is desired. The current goals in the GalaxyDock project are
the predictions with RMSD < 2 Å from the crystal ligand poses)
to improve the accuracy of binding affinity estimation and to
and the lowest average RMSD of ligand poses, as shown in
consider larger degrees of protein flexibility, e.g., loop flexibility,
Table 5. The flexible-receptor mode of GalaxyDock was tested
that are frequently observed in kinase families.
on different sets (diverse set and LXRβ set, see Shin and Seok,
The GalaxyDock method
2012 for details) for which docking results of other programs
are available in the literature. Flexible docking is usually tested
The free energy function of GalaxyDock is based on that of
by cross-docking a ligand to a protein structure in an unbound
AutoDock3 (Morris et al., 1998), which is a force field-based
form or bound to another ligand. Therefore, successful crossempirical scoring function. The AutoDock3 scoring function
docking may require conformational change of receptor. The
resembles the energy functions used in protein modeling
two test sets for flexible-receptor docking in Table 5 involve side
methods in the functional form. Thus, it can be expected that
chain conformational change of receptor. According to the table,
GalaxyDock would be more compatible with other GALAXY
the flexible mode of GalaxyDock shows superior results when
protein modeling methods if they are combined in the future.
compared to other flexible docking programs such as SCARE
During the development of the first version of GalaxyDock,
and RosettaLigand. A successful example of flexible docking
also called LigDockCSA (Shin et al., 2011), a problem in the
is illustrated in Figure 6, where three out of four flexible side
AutoDock3 score was identified, and the ligand internal torsion
chains are predicted to be in the correct rotamer states with
energy of the piecewise linear potential (PLP) (Gehlhaar et al.,
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coefficients between predicted and experimental binding
affinities (Shin et al., 2013). The binding affinity prediction method
is currently being further improved.

CONCLUSIONS
In this review, we introduced the GALAXY protein modeling
programs and discussed how they can be used for various
application problems. Although these programs perform superior
or comparable to other state-of-the-art methods in the protein
modeling field, there is still ample room for improvement. It is
anticipated that this review facilitates communications between
method developers and potential user groups as well as
FIGURE
6 I A successful
example of flexible-receptor
where
Figure 6.
A successful
example of flexible-receptor
docking, wheredocking,
the ligand
of 1AQ1 is
developers from other disciplines for the development of more
the ligand of 1aq1 is docked to the receptor structure of 1dm2 with four
flexible
side
chains.
The
native
pose
is
colored
in
gold
and
the
predicted
docked to the receptor structure of 1DM2 with four flexible side chains. The native pose ispromising next-generation modeling methods.
pose in sky blue. The initial receptor structure (1dm2) is shown in pink. The

0.5 Å. In pose
this prediction,
hydrophobic
interactions
colored ligand
in goldRMSD
and theis predicted
in sky blue.87%
The of
initial
receptor structure
(1DM2) is
and three out of four hydrogen bonds between receptor and ligand in the
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was
added to solve this problem. With this improvement

in the docking scoring function and the efficient CSA global
optimization, LigDockCSA showed improved binding pose
prediction results compared to other docking methods, as can
be seen from the rigid-receptor docking results summarized in
Table 5.
During the development of the second version of GalaxyDock
(Shin and Seok, 2012), which incorporates flexibility of prespecified side chains, additional terms had to be added
to describe the conformational changes of the receptor
appropriately; a knowledge-based potential ROTA score
(Hartmann et al., 2007) was implemented for this purpose. The
side chain conformations were sampled from the Dunbrack
rotamer library (Dunbrack, 2002). GalaxyDock was further
improved by using a more efficient method for generating the
43
initial conformations for CSA optimization
(Shin et al., 2013). A
fast, geometry-based pre-docking method that represents the
receptor surface by a beta-complex (Kim et al., 2010) generated
from the Voronoi diagram of receptor atoms was employed.
Initial conformations of higher quality could be obtained with
this method compared to the previous version that generated
conformations in a random fashion. The overall procedure of the
most recent version of GalaxyDock can be seen in Figure 1 of
Shin et al., 2013. A comparison of binding pose prediction results
with one of the best flexible-side-chain docking methods called
SCARE (Bottegoni et al., 2008) is presented in Table 5.
The GalaxyDock binding affinity prediction has also been
improved by “free ligand correction” (Shin et al., 2013). With
this improved binding affinity function, GalaxyDock showed
improved performance over AutoDock and DOCK in terms of the
enrichment factor (Shin et al., 2013) in a virtual screening test on
the Gilson set (Jorissen and Gilson, 2005). However, the current
binding affinity estimation does not rank high when compared
with other popular scoring functions in terms of correlation
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