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ABSTRACT

Sampling Technique and Scoring Function 

for Protein Loop Structure Refinement

Jonghun Won

Department of Chemistry

The Graduate School

Seoul National University

In the absence of experimentally determined protein structures, comparative 

modeling can facilitate structure-related researches by providing high-accuracy

model structures. However, comparative modeling methods usually show 

limitations in local regions with sequential diversities, so protein structure

refinement, or loop modeling, is required for those regions. In this thesis, two 

different modeling approaches are covered to enhance the performance of loop 

structure refinement. First, GalaxyGPCRloop, specialized in modeling of the 

second extracellular loop of G-protein-coupled receptors, is described. It was 

developed to efficiently find near-native conformations by various sampling 

techniques such as utilization of database information, prediction of disulfide 

bridge, and sampling of hairpin structure. Second, a new scoring function that 

implicitly considers side chain ensemble is described. The scoring function enables

initial discrimination of near-native conformations from non-native ones. With the



- ii -

sampling technique and scoring function, several loop modeling tests show 

potential of performance improvement. Further development of novel algorithms 

integrating the sampling technique with the scoring function would be a next task 

for solving more challenging loop structure refinement problems.

keywords: protein structure refinement, G-protein-coupled receptor, template-

based modeling, triaxial loop closure, free energy estimation, side chain ensemble,

coarse-grained topology, statistics-based energy derivation

Student Number: 2016-26641
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1. INTRODUTION

Characterization of three-dimensional protein structure is one of the most 

fundamental problems to understand protein functions in the atomic level.

Computational structure prediction can facilitate such characterization in the 

absence of experimentally determined structures (Eswar et al., 2006). There are 

plenty of tools for that purpose, and most tools utilize protein database to search 

proper templates for structure building (comparative modeling) (Eswar et al., 2003, 

Schwede et al., 2003, Ko et al., 2012b, Yang et al., 2015). Comparative modeling 

methods show high performances when templates close to target proteins are 

available (Moult, 2005, Moult et al., 2018). However, further structural refinement

is required for a number of applications demanding high-resolution structures such 

as drug discovery, recognition, and molecular replacement in crystallography (Qian 

et al., 2007, Zhang, 2009, Sliwoski et al., 2014, Hovan et al., 2018). Specifically, 

loop modeling has been considered as one of the important refinement steps, since 

comparative modeling is usually limited in sequentially diverse loops (Fiser and 

Do, 2000). Numerous studies showing the biological roles of loops also support the 

importance of loop modeling (Wlodawer et al., 1989, Joseph et al., 1990).

There are various methods for loop modeling problem. These methods can be 

divided into two categories: template-based and ab initio methods. Template-based

loop modeling methods utilize structural information from loop templates selected 

from the structure database based on sequence alignment and geometry of loop 

environment (van Vlijmen and Karplus, 1997, Deane and Blundell, 2001, Messih et 

al., 2015). Provided that templates sufficiently similar to the targets were available,

prediction could be highly-accurate even for long loops (approximately 10–20 
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residues). In contrast, ab initio methods search the loop conformational space 

without knowledge of known structures (Fiser and Do, 2000, Jacobson et al., 2004, 

Spassov et al., 2008, Lee et al., 2010). Simplified molecular representations of 

protein loops, such as backbone torsion angles or coarse-grained topologies, are

also used to enhance sampling efficiency. The generated structures undergo further 

optimization by molecular dynamics simulation, Monte Carlo simulation, or local 

energy minimization.

This thesis contains two main research topics. First, a new loop modeling 

method specialized in G-protein-coupled receptor (GPCR) named 

GalaxyGPCRloop is described (Won et al., 2018). Structure prediction of the 

second extracellular loop (ECL2) of GPCR is performed by adopting both 

template-based and ab initio approaches. The method introduces several techniques 

specialized in ECL2 structure prediction such as disulfide bridge consideration and 

β-hairpin sampling. The overall GalaxyGPCRloop method and benchmark test are

described in Chapter 2. Second, a new protein representation, named GalaxyG,

that considers side chain conformational ensemble is introduced. This

representation treats side chain ensemble as instantaneously following backbone 

conformation, allowing effective backbone-level sampling by complete side chain 

conformational sampling in the discrete side chain rotamer space. Belief 

propagation algorithm is used to solve the side chain conformational sampling 

problem. A coarse-grained topology is adopted for efficient implementation of this

representation. A statistics-based scoring function is derived to describe the 

interactions in the coarse-grained topology. The development process and 

applications of the new representation are described in Chapter 3.



- 3 -

2. GalaxyGPCRloop:

The second extracellular loop structure prediction 

using both template-based and ab initio methods

2.1. Introduction to GalaxyGPCRloop

G-protein-coupled receptors (GPCRs) constitute the largest membrane protein 

family involved in a huge variety of physiological functions (Schöneberg et al., 

2004). They are targets of approximately 33% of pharmaceutical drugs

(Lagerström and Schiöth, 2008), since they are highly related to physiological 

processes such as sensory transduction, hormonal signaling, and cell-cell 

communication (Zhang and Xie, 2012). Accordingly, it is crucial to comprehend 

the functions of GPCRs and interactions between the receptors and their 

corresponding drugs. The three-dimensional structures of the receptors (or 

complexes with ligands) is helpful information for those purposes. 

GPCRs are composed of seven transmembrane helices (TMHs) and three 

extracellular and three intracellular loops connecting the helices. Especially, a 

number of studies have focused on the essential roles of the second extracellular 

loop (ECL2) in functions of GPCRs (Nanevicz et al., 1996, Woolley et al., 2017, 

Shi and Javitch, 2004, Klco et al., 2005, Wheatley et al., 2012). For instance, they 

performed mutagenesis on ECL2 to understand its contribution to receptor 

activation. However, determining the structures of membrane proteins, especially 

loop regions, has been challenging work (Caffrey, 2003). Thus, to understand the 

functions without determined structures, computational protein structure prediction, 

especially homology modeling, of GPCR structures is used as an alternative 
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(Zhang et al., 2015, Worth et al., 2011, Launay et al., 2012, Sandal et al., 2013, 

Latek et al., 2013, Esguerra et al., 2016, Costanzi et al., 2016, Pizio et al., 2017). 

Although all GPCRs have seven helical architectures in common, however, loops, 

especially ECL2, have vast diversity with little sequence conservation (Katritch et 

al., 2012, Woolley and Conner, 2017) resulting in inaccurate structure prediction on 

loops (Busato and Giorgetti, 2016). 

There have been fewer studies about the ECL2 structure prediction (Kmiecik et 

al., 2014, Nikiforovich et al., 2010, Goldfeld et al., 2011) compared to general loop 

structure prediction. These studies focused on ab initio sampling only, because of 

the difficulty to find proper templates for ECLs. To handle large conformational 

space of ECL2 whose length is usually over 15 residues, they utilized disulfide 

bridges (Kmiecik et al., 2014, Nikiforovich et al., 2010), or contacts present in 

crystal structures (Goldfeld et al., 2011) to reduce the conformational space to 

search. Because most ECL2s have super-long length and secondary structures 

unlike generally defined loops (linkers connecting secondary structure segments), 

their results showed that accurate modeling was challenging and required extra 

consideration such as predicting the secondary structure to bias the loops to contain 

secondary structures (Kmiecik et al., 2014, Goldfeld et al., 2011).

In this chapter, new structure prediction method specializing in the ECL2 of 

GPCR is introduced. This method, named GalaxyGPCRloop (Won et al., 2018), 

predicts ECL2 structure using template-based and ab initio approach together. 

Compared to when the previous studies were conducted, more GPCR structures are 

available, especially for the class A sub-family, and therefore this method adopts

template-based approach to improve the loop prediction accuracy. Additionally, the 

method predicts and utilizes disulfide bridges between TMH3 and ECL2, which are 

conserved in most GPCRs (Wheatley et al., 2012, Katritch et al., 2012, Woolley 
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and Conner, 2017), for efficient loop sampling. Benchmark test on 45 GPCR 

subtypes shows highly-accurate performance, especially when proper loop 

templates were utilized.
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2.2. GalaxyGPCRloop Method

An overall protocol of GalaxyGPCRloop (Won et al., 2018) is described in Figure 

2.1. The protocol consists of three major steps: 1) loop template search; 2) loop 

conformation search; 3) local optimization. At first, structural loop templates for a 

given target were detected from GPCR database. The templates were then utilized 

to sample the loop conformation. Ab initio loop sampling was also conducted using 

fragment assembly and triaxial loop closure (Coutsias et al., 2004, Lee et al., 2010). 

The proper geometry of the conserved disulfide bridge between the third 

transmembrane helix (TMH3) and ECL2 was predicted and maintained during 

sampling. After loop models were generated, initial filtering and local optimization 

followed. Finally, ten models with lowest energies were ranked and chosen.
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Figure 2.1. Overall flow chart of GalaxyGPCRloop.
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2.2.1. Template search

For a given target, pairwise sequence alignment was performed using Tcoffee

(Notredame et al., 2000) against each GPCR structure listed in Table 2.1. Then 

loop similarity score was calculated for each structure based on average of 

BLOSUM62 (Henikoff and Henikoff, 1992) values with penalty score of -4 when 

the aligned template residues were not experimentally determined. One example of 

the score calculation is depicted in Figure 2.2. Finally, structures whose local 

similarity is greater than 0.5 were selected as templates. These templates were used 

in searching conformational space of the loop backbone atoms afterwards.
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Table 2.1. List of all available GPCR subtypes with experimentally determined 

structures as of June 2017

Class Receptor name Organism UniprotKB ID PDB ID

A (41)

5-hydroxytryptamine 1B Homo sapiens P28222 4IAQ, 4IAR

5-hydroxytryptamine 2B Homo sapiens P41595 4IB4, 4NC3, 5TVN

adenosine A1a Homo sapiens P30542 5UEN

adenosine A2a Homo sapiens P29274

2YDO, 2YDV, 3EML, 3PWH, 3QAK, 3REY, 3RFM, 
3UZA, 3UZC, 3VG9, 3VGA, 4EIY, 4UHR, 4UG2, 
5G53, 5IUB, 5IUA, 5IU8, 5IU7, 5IU4, 5JTB, 5K2A, 
5K2B, 5K2C, 5K2D, 5UIG, 5UVI

angiotensin II type 1 Homo sapiens P30556 4YAY, 4ZUD

angiotensin II type 2 Homo sapiens P50052 5UNH, 5UNG, 5UNF

apelin Homo sapiens P35414 5VBL

beta-1 adrenergic Meleagris gallopavo P07700
2VT4, 2Y00, 2Y01, 2Y02, 2Y03, 2Y04, 2YCW, 2YCX, 
2YCY, 2YCZ, 3ZPQ, 3ZPR, 4AMI, 4AMJ, 4BVN, 
4GPO, 5A8E, 5F8U

beta-2 adrenergic Homo sapiens P07550
2R4R, 2R4S, 2RH1, 3D4S, 3KJ6, 3NY8, 3NY9, 3NYA, 
3P0G, 3PDS, 3SN6, 4GBR, 4LDE, 4LDL, 4LDO, 
4QKX, 5D5B, 5D5A, 5JQH, 5D6L

cannabinoid Homo sapiens P21554 5TGZ, 5U09

CC chemokine type 2 Homo sapiens P41597 5T1A

CC chemokine type 5 Homo sapiens P51681 4MBS

CC chemokine type 9 Homo sapiens P51686 5LWE

CXC chemokine type 1 Homo sapiens P25024 2LNL

CXC chemokine type 4 Homo sapiens P61073 3ODU, 3OE0, 3OE6, 3OE8, 3OE9, 4RWS

D3 dopamine Homo sapiens P35462 3PBL

delta opioid
Homo sapiens P41143 4N6H, 4RWA, 4RWD

Mus musculus P32300 4EJ4

endothelin type B Homo sapiens P24530 5GLH, 5GLI

fatty acid binding Homo sapiens O14842 4PHU, 5TZR, 5TZY

histamine H1 Homo sapiens P35367 3RZE

kappa opioid Homo sapiens P41145 4DJH

lysophosphatidic acid 1 Homo sapiens Q92633 4Z34, 4Z35, 4Z36

M1 muscarinic acetylcholine Homo sapiens P11229 5CXV

M2 muscarinic acetylcholine Homo sapiens P08172 3UON, 4MQS, 4MQT

M3 muscarinic acetylcholine Rattus norvegicus P08483 4DAJ, 4U14, 4U15, 4U16

M4 muscarinic acetylcholine Homo sapiens P08173 5DSG

mu opioid Mus musculus P42866 4DKL, 5C1M

neurotensin Rattus norvegicus P20789
3ZEV, 4BUO, 4BV0, 4BWB, 4GRV, 4XES, 4XEE, 
5T04

nociception Homo sapiens P41146 4EA3, 5DHG, 5DHH

orexin type 1 Homo sapiens O43613 4ZJC, 4ZJ8

orexin type 2 Homo sapiens O43614 4S0V

P2Y purinoceptor 1 Homo sapiens P47900 4XNV, 4XNW

P2Y purinoceptor 12 Homo sapiens Q9H244 4NTJ, 4PY0, 4PXZ

protease-activated 1 Homo sapiens P25116 3VW7

protease-activated 2 Homo sapiens P55085 5NDD, 5NDZ, 5NJ6

rhodopsin

Bos taurus P02699

1F88, 1GZM, 1HZX, 1L9H, 1U19, 2G87, 2HPY, 2I35, 
2I36, 2I37, 2J4Y, 2PED, 2X72, 3C9L, 3C9M, 3CAP, 
3DQB, 3OAX, 3PQR, 3PXO, 4A4M, 4BEY, 4BEZ, 
4J4Q, 4PXF, 4X1H, 5EN0, 5DYS, 5TE3, 5TE5

Homo sapiens P08100 4ZWJ, 5DGY

Todarodes pacificus P31356 2Z73, 2ZIY, 3AYM, 3AYN, 4WW3

sphingosine 1-phosphate Homo sapiens P21453 3V2Y, 3V2W

US28 viral Human cytomegalovirus P69332 4XT1, 4XT3

B (5)

calcitonin Homo sapiens P30988 5UZ7

corticotropin-releasing factor Homo sapiens P34998 4K5Y, 4Z9G

glucagon Homo sapiens P47871 4L6R, 5EE7, 5XEZ, 5XF1

glucagon-like peptide-1
Homo sapiens P43220 5VEX, 5VEW

Oryctolagus cuniculus G1SGD4 5VAI

C (2)
metabotropic glutamate Homo sapiens Q13255 4OR2

metabotropic glutamate type 5 Homo sapiens P41594 4OO9, 5CGC, 5CGD

Frizzled (1) smoothened Homo sapiens Q99835
4JKV, 4N4W, 4O9R, 4QIM, 4QIN, 5L7I, 5L7D, 5V56, 
5V57
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Figure 2.2. An example of local similarity calculation. Local similarity between 

a target loop (mGlu1) and a database loop (mGlu5) is calculated by averaging the 

BLOSUM62 scores for the aligned positions of ECL2 in a pair-wise sequence 

alignment, except that a penalty score of -4 is used if the spatial coordinates are not 

provided in the crystal structure of the database loop (arrows).
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2.2.2. Loop sampling

2.2.2.1. Backbone dihedral angle sampling

The conformational space of the backbone atoms was first searched by sampling 

their dihedral angles. In this study, both template-based and ab initio approaches 

were used to sample the torsion angles. The template-based approach brought 

torsion angles of the templates selected by searching the GPCR structure database 

and scoring the templates with the local similarity score (see subsection 2.2.1.). 

The ab initio approach assembled the torsion angles introduced from the Rosetta 

fragment library generated using the full sequence of the target (Gront et al., 2011, 

Lee et al., 2010). Ideal bond lengths and bond angles from CHARMM22 force 

field (MacKerell Jr et al., 1998) were assigned to convert internal coordinates to 

Cartesian coordinates of loop atoms.

The ECL2 structures of many GPCRs contain β-hairpin structure (Woolley 

and Conner, 2017). If the hairpin structure is provided from detected templates, the 

loop structure will be predicted accurately. If templates are not detected, however, 

it is hard to form β-hairpin structure using fragment assembly, because successive 

assembly cannot consider long-range interaction such as backbone hydrogen bond 

network. Therefore, when the ECL2 had been predicted to include extended parts 

by PSIPRED (Jones, 1999), a specific ab initio sampling method, named ‘β-hairpin 

sampling’, was applied to build a β-hairpin structure. While the torsion angles of 

residues predicted to have extended structure were assigned with backbone torsion 

angles of an ideal β-extend structure based on Ramachandran plot, the linker 

connecting two extends was sampled by fragment assembly and loop closure 

method (FALC) (Gront et al., 2011, Lee et al., 2010). After that, remaining loop 

regions was built by fragment assembly.
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2.2.2.2. Loop closure

As the backbone torsion angles of loops had been sampled, the loop structures were

constructed by converting the internal coordinates to Cartesian coordinates, starting 

from one anchor point of the missing loop region. This resulted in loop structures 

being open, which means that the loop terminus is not matched to the other anchor. 

To close this structure, the triaxial loop closure method (Coutsias et al., 2004) was 

used, which solves the values of six backbone torsion angles to match the condition 

of a closed loop. After applying the closure methods, conformations with backbone 

atom clashes within the loop or between the loop and the surrounding were 

abandoned. Finally, 2,000 loops were generated using the template-based and ab 

initio sampling respectively, resulted in 4,000 loops in total.

2.2.2.3. Consideration of the conserved disulfide bridge

Most GPCR have a conserved disulfide bridge between middle of ECL2 and 

extracellular part of TMH3, restraining conformational space of the loop. 

Considering this bridge can decrease the conformational space to search efficiently. 

Therefore, the bridge was predicted from pairwise sequence alignment results used 

in template search step. For each cysteine pair in the target, the score of disulfide 

bridge was calculated based on the matched cysteine pairs that are connected by 

the bridge. A detailed example is presented in Figure 2.3. Among cysteine pairs 

restraining the ECL2, the pair with highest score was predicted as the cysteine pair 

of the conserved bridge.

The predicted disulfide bridge was applied in loop closure step. Precisely, the 

disulfide bridge formation was considered in two ways: ‘drive’ or ‘close twice.’ 

‘Drive’ way filtered out loop conformations with Euclidean distance between two 

cysteine alpha carbons larger than 15 Å. Then the filtered conformations were
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driven to form the disulfide bridge by perturbing backbone torsion angles, when 

the distance was between 8 and 15 Å. ‘Close twice’ way split the ECL2 into two 

sub-loops at the cysteine on the loop, and closed the loop in two steps. The first 

sub-loop was closed to match the cysteine on TM frame (enforce to form the 

bridge), and then the second sub-loop was closed to match the anchor of the frame.

When the disulfide bridge was predicted to be present, 1,000 loop conformations 

were sampled by using each of four combinations of sampling methods, (template-

based, ‘drive’), (fragment assembly, ‘drive’), (fragment assembly, ‘close twice’),

and (‘β-hairpin sampling’, ‘drive’), resulted in 4,000 loops in total. Two other 

possible combinations with ‘close twice’ were not used, because ‘close twice’ tends 

to break secondary structures, especially the β-hairpin.
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Figure 2.3. Two closure methods satisfying the disulfide bridge geometry. (A) 

The ‘drive’ method first closes the loop by triaxial loop closure (red circles, first 

step) which solves for the values of six backbone dihedral angles of three randomly 

selected residues (black arrows, leftmost panel). The two cysteine alpha carbons 

(green circles, second step) are then driven to form the bridge by changing all 

backbone dihedral angles as well as cysteine side chain dihedral angles. (B) The 

‘close twice’ method consists of two consecutive triaxial loop closures. ECL2 is 

split into two sub-loops at the cysteine connected to the TMH3. The first loop 

closure uses backbone dihedral angles of two or three randomly selected residues 

of the first sub-loop and side chain dihedral angles of two cysteines (black arrows, 

leftmost panel) to form the bridge (green circles, first step). Then the second loop 

closure follows, by closing the second sub-loop (red circles, second step) using 

backbone dihedral angles of three randomly selected residues (black arrows, 

middle panel).
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2.2.2.4. Side chain construction

For each closed loop, side chains were built using the rotamer preference score

(Shapovalov and Dunbrack, 2011). In detail, each side chain was tried to have the

rotamer state with highest preference. If the side chain atoms with the rotamer state 

made no clashes with other atoms, the rotamer state was assigned to the side chain. 

Otherwise, the rotamer state with the next highest preference was tried iteratively.

2.2.3. Initial filtering and structural optimization

4,000 loop conformations generated in loop sampling step underwent initial 

filtering. After the van der Waals energy and dDFIRE score (Yang and Zhou, 2008)

were calculated for each conformation, 10 % of the conformations with higher van 

der Waals potential were discarded. Then 1,000 non-redundant (pairwise RMSDs > 

0.5 Å) loops with lower dDFIRE score were selected.

Initially selected 1,000 models were optimized applying the following steps: 1) 

local minimization; 2) short MD relaxation; 3) sidechain optimization. In this stage, 

Galaxy7TM energy function (Lee and Seok, 2016) was used for energy calculation. 

This energy function considers the membrane environment implicitly using 

FACTSMEM (Carballo-Pacheco et al., 2014), which is a modified version of a

simplified GB/SA model, FACTS (Haberthür and Caflisch, 2008). The location of 

membranes was assigned by OPM database (Lomize et al., 2012). The molecular 

mechanics terms are borrowed from the CHARMM22 force field (MacKerell Jr et 

al., 1998), and knowledge-based energy functions such as dDFIRE (Yang and Zhou, 

2008), Ramachandran preference score, rotamer preference score (Shapovalov and 

Dunbrack, 2011), and knowledge-based hydrogen bond energy (Kortemme et al., 

2003) were also included in the energy function. For the models obtained by ‘β-
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hairpin sampling’, the pairwise distance restraints between alpha carbons and 

between nitrogen and oxygen atoms were additionally applied to maintain the 

hairpin structure. In summary, the energy formulae can be written as

������ = �������� + ���������� + ����������

�������� = ������� + ���� +�������������� + ���������,���

+ ������������,��

���������� = ���������������� + ���������� + ������������

+��������������

���������� = ��������,���������

where �����, ���, �������� , �����, ������ , ������� , and ���� are set to 0.4, 

0.03, 2.0, 2.5, 3.0, 5.0, and 0.5, respectively. Each model was first minimized using 

the L-BFGS-B method (Liu and Nocedal, 1989). Then the models were relaxed 

using molecular dynamics (MD) simulation for 0.2 pico-seconds, followed by the 

final L-BFGS-B minimization step. If the final energy value was higher compared 

to that before MD simulation, the structure before relaxation was accepted instead. 

Finally, sidechains were optimized based on SCWRL algorithm (Canutescu et al., 

2003) with Galaxy7TM energy. Then the structure underwent minimization step 

again by L-BFGS-B. 

After local optimization, 1,000 models were sorted by Galaxy7TM energy and 

the ten lowest energy conformations without redundancy (pairwise RMSDs > 1 Å) 

were chosen as final models.

2.2.4. Test sets

There were 49-subtype-GPCRs with available structures when the test was 
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conducted. Among them, two subtypes (calcitonin receptor and (Oryctolagus 

cuniculus) glucagon-like peptide-1 receptor) were solved by cryo-EM (cryo-

electron microscopy) and another one (CXC chemokine type 1 receptor) was 

solved by solid-state NMR (nuclear magnetic resonance). In addition, a crystal 

ECL2 structure of another subtype (CC chemokine receptor type 9) was not 

determined (except for a cysteine connected to TMH3). Excluding these four 

subtypes, rest of the 45 subtypes with determined crystal structures were used as 

benchmark targets, as listed in Table 2.2. For each subtype with multiple crystal 

structures released, one crystal structure with the highest resolution was chosen. 

Boundaries of the extracellular loops (ECLs) were decided as terminal points of 

transmembrane helices, as defined by secondary structure assignment based on 

backbone torsion angles. Structures of ligands and fusion proteins were removed.
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Table 2.2. 45 GPCR targets used as the test set

Class Receptor name Abbrev.
PDB ID, 
chain*

ECL2 
length

A (39)

5-hydroxytryptamine 1B 5-HT1B 4IAR, A 22
5-hydroxytryptamine 2B 5-HT2B 4IB4, A 21

adenosine A1a A1AR 5UEN, A 32
adenosine A2a A2AR 5IU4, A 37
angiotensin II type 1 AT1R 4ZUD, A 29

angiotensin II type 2 AT2R 5UNG, B 22
apelin AR 5VBL, B 26
beta-1 adrenergic β1AR 4BVN, A 26
beta-2 adrenergic β2AR 2RH1, A 25

cannabinoid CB1 5U09, A 20
CC chemokine type 2 CCR2 5T1A, A 18
CC chemokine type 5 CCR5 4MBS, A 20

CXC chemokine type 4 CXCR4 3ODU, A 18
D3 dopamine D3R 3PBL, A 16
delta opioid (mouse) mδOR 4EJ4, A 19
delta opioid (human) hδOR 4N6H, A 19

endothelin type B ETBR 5GLI, A 33
fatty acid binding FFAR1 5TZR, A 31
histamine H1 H1R 3RZE, A 25

kappa opioid κOR 4DJH, A 22
lysophosphatidic acid 1 LPA1 4Z35, A 24
M1 muscarinic acetylcholine M1R 5CXV, A 23
M2 muscarinic acetylcholine M2R 3UON, A 23

M3 muscarinic acetylcholine M3R 4U15, A 17
M4 muscarinic acetylcholine M4R 5DSG, A 17
mu opioid μOR 5C1M, A 19

neurotensin NTR1 4XES, A 23
nociception NOP 5DHG, A 19
orexin type 1 OX1R 4ZJ8, A 26
orexin type 2 OX2R 4S0V, A 26

P2Y purinoceptor 1 P2Y1R 4XNV, A 21
P2Y purinoceptor 12 P2Y12R 4PXZ, A 19
protease-activated 1 PAR1 3VW7, A 26

protease-activated 2 PAR2 5NDD, A 29
rhodopsin (human) hRH 4ZWJ, A 27
rhodopsin (bovine) bRH 1U19, A 27
rhodopsin (squid) sRH 2Z73, A 25

sphingosine 1-phosphate S1PR 3V2Y, A 24
US28 viral US28 4XT1, A 21

B (3)

corticotropin-releasing factor CRF1R 4K5Y, C 16

glucagon GCGR 5EE7, A 16
glucagon-like peptide-1 GLP-1R 5VEW, B 19

C (2)
metabotropic glutamate 1 mGlu1 4OR2, A 22
metabotropic glutamate 5 mGlu5 4OO9, A 26

Frizzled (1) Smoothened SMO 4JKV, A 26

*) The crystal structure with the highest resolution was selected for each subtype.
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2.3. Results and Discussion

2.3.1. Relations between sampling accuracy and template similarity

The backbone (N, Cα, C, and O) RMSDs of ECL2 were calculated for the 1,000 

loop conformations. The best RMSD of each target is shown with the 

corresponding local similarity of the target in Figure 2.4. Local similarity of the 

target was represented as the highest value among the available local templates.

GPCR targets were shown in descending order of the local similarity. Of 

importance, homologs with sequence identity larger than 80 % were not assigned 

as template. From my experience, RMSD value less than 3 Å for the ECL2 

indicated a loop model with accurately oriented secondary structure. RMSD 

ranging from 3 Å to 5 Å indicated the models having accurate secondary structure 

but inexact orientation. As presented in Figure 2.5, loop prediction was shown to 

be more accurate as the local similarity of template increased. Specifically, targets 

with local similarity higher than 3.0 can be expected to be accurately predicted. In 

other words, the local similarity has potential to be used as a measure to predict the 

reliability of loop modeling performed by the method. Two successful examples of 

modeling with similar templates are presented in Figure 2.6.
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Figure 2.4. Quality of best sampled conformation as evaluated in backbone 

RMSD. RMSDs of the best sampled conformation are shown for GPCR subtypes 

in decreasing order of the best local similarity among loop templates. ECL2 lengths 

are indicated in parentheses.

Figure 2.5. Average quality of the best sampled model for four groups of 

targets with different local similarity. Mean and standard deviation (error bars) 

of RMSDs for four groups of targets with different ranges of local similarity are 

shown.
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Figure 2.6. Best sampled models generated by using local templates. 

Extracellular parts of the crystal structure (grey), best sampled conformation 

(yellow), and template used to generate the conformation (pink) are presented for 

(A) β2AR (RMSD = 0.9 Å) which used β1AR (local similarity of 3.0) as a template 

and (B) μOR (RMSD = 1.0 Å) which used hδOR (local similarity of 2.2) as a 

template.
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2.3.2. Effects of disulfide bridge consideration

Among 45 GPCR subtypes, 42 subtypes have the conserve disulfide bridge 

connecting TMH3 and ECL2. As a result of disulfide bridge prediction step, all 

conserved disulfide bridges were exactly predicted. The details can be found in 

Table 2.3. One example showing performance enhancement by considering the 

disulfide bridge is presented in Figure 2.7.

Three related examples are presented in Figure 2.8. D3R, whose ECL2 has a 

coil-like structure and relatively short length (16 residues), could be successfully 

predicted with RMSD 1.7 Å by considering the conserved disulfide bridge while 

performing ab initio sampling. In contrast, FFAR1 has a coil-like ECL2 with 31 

residues, and the cysteine predicted to form the bridge is positioned at the 26th

residue. Although the disulfide bridge was predicted correctly, this information was 

not sufficient to restrain the loop conformation. As a result, models with low 

accuracy were obtained as RMSD 4.7 Å. Better results are anticipated by 

improving ab initio sampling of long loops. Result of A2AR shows another 

limitation of the current method, which is related to predict disulfide bridges.

Disulfide bridges which are not conserved are usually difficult to predict when 

using other available prediction programs such as DISULFIND (Ceroni et al., 2006)

or DiANNA (Ferrè and Clote, 2005). A2AR has three disulfide bridges on ECL2 

but they could not be predicted exactly. Due to fewer restraints applied, ECL2 

models with inexact orientations could only be sampled although the helical 

segment contained in the loop was accurately predicted by using the information 

from the local template. More accurate models are expected to be generated if extra 

disulfide bridges which can restrain the orientation of the loop are considered. 
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Table 2.3. Prediction results of disulfide bridges for the 45 GPCR targets

Abbrev.
Disulfide bridges

Crystal structure* Predicted
5-HT1B 122-199 122-199
5-HT2B 128-207, 350-353 128-207
A1AR 80-169, 260-263 80-169
A2AR 71-159, 74-146, 77-166, 259-262 77-166
AT1R 18-274, 101-180 101-180
AT2R 35-290, 117-195 117-195
AR 19-281, 102-181 102-181
β1AR 114-199, 192-198 114-199
β2AR 106-191, 184-190 106-191
CB1 257-264
CCR2 113-190 113-190
CCR5 20-269, 101-178 101-178
CXCR4 28-274, 109-186 109-186
D3R 103-181, 355-358 103-181
mδOR 121-198 121-198
dδOR 121-198 121-198
ETBR 90-358, 174-255 174-255
FFAR1 79-170 79-170
H1R 100-180, 441-444 100-180
κOR 131-210 131-210
LPA1 24-190, 188-195, 284-287
M1R 98-178, 391-394 98-178
M2R 96-176, 413-416 96-176
M3R 140-220, 516-519 140-220
M4R 105-185, 426-429 105-185
μOR 140-217 140-217
NTR1 142-225 142-225
NOP 123-200 123-200
OX1R 119-202 119-202
OX2R 127-210 127-210
P2Y1R 42-296, 124-202 124-202
P2Y12R 17-270, 97-175 97-175
PAR1 175-254 175-254
PAR2 148-226 148-226
hRH 2-282, 110-187 110-187
bRH 110-187 110-187
sRH 108-186 108-186
S1PR 184-191, 282-287
US28 23-263, 104-173 104-173
CRF1R 188-258 188-258
GCGR 224-294 224-294
GLP-1R 226-296, 317-361 226-296
mGlu1 657-746 657-746
mGlu5 644-733 644-733

SMO 193-213, 217-295, 314-390, 490-507 314-390

*) The conserved disulfide bridges and non-ECL2 bridges observed in the 
crystal structures are emphasized in bold and italic, respectively.
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Figure 2.7. RMSD distributions of CXCR4 loop conformations with respect to 

disulfide bridge consideration. Ab initio sampling considering the conserved 

disulfide bridge (blue) shows higher sampling efficiency compared to that without 

considering the bridge (red).
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Figure 2.8. Examples of ECL2 models generated by considering the conserved 

disulfide bridges. (A) ECL2 of D3R (16-residue) was accurately predicted with 

the best ECL2 RMSD = 1.7 Å (yellow). (B) ECL2 of FFAR1 (31-residue) has 25 

residues before the cysteine forming the disulfide bridge with TMH3. Loop 

sampling was not sufficiently effective for the lengthy N-terminal part of the loop, 

resulting in less accurate prediction (best RMSD = 4.7 Å, yellow). (C) Two 

additional disulfide bridges of the long A2AR ECL2 (37-residue) were not 

predicted. With only one predicted bridge, conformations with various helical 

orientations (blue) were generated using A1AR as a template.



- 26 -

2.3.3. Capacity of β-hairpin sampling

The ‘β-hairpin sampling’ method was developed to efficiently sample the β-hairpin 

structure, which is often observed in GPCR ECL2 structures. This sampling 

method generates hairpin structures with different residue pairs forming backbone 

hydrogen bond network, guided by PSIPRED (Jones, 1999). To check the effect of 

using this method, the ECLs of 24 GPCR subtypes with hairpin structures were 

modeled by applying ‘β-hairpin sampling.’ The result was compared to that 

generated by applying the other ab initio sampling method, which performs 

fragment assembly and loop closure (FALC) only. 1,000 loop conformations were 

generated for each subtype and each sampling method. The best RMSDs of all 

targets generated by the two sampling methods are compared in Figure 2.9,

showing that using ‘β-hairpin sampling’ generated more accurate loop models than 

applying FALC for 79 % of the targets. ‘β-hairpin sampling’ could overcome 

drawbacks of FALC such as lack of extended structure information from the 

fragment assembly method or disruption of the hairpin while closing loops resulted 

in inaccurate models.
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Figure 2.9. Quality of best sampled conformations by β-hairpin sampling 

compared to those by fragment assembly and loop closure. Best sampled 

conformations obtained by applying two ab initio methods, β-hairpin sampling and 

FALC, are compared for 24 GPCR subtypes, which contain β-hairpins within 

ECL2. Loop structures closer to the crystal structures were sampled by applying β-

hairpin sampling in 19 of the 24 cases.
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2.3.4. Model scoring using high-resolution energy function

To select GPCR loop models after generating 1,000 models for each target, the 

conformations were sorted by their Galaxy7TM energy (Lee and Seok, 2016). Ten 

lowest energy models after removing redundancy were chosen as final models. The 

RMSD of the Top1 model (lowest energy), the Top10 model (lowest RMSD among 

final models), and the Best model (lowest RMSD among 1,000 models) for each 

target is shown in Figure 2.10. Like Best models, accuracy of Top1 or Top10 

models increased as more similar loop templates were found. However, the 

differences among Top1, Top10, and Best RMSDs became greater as local 

similarity decreased. 

The performance of the scoring is summarized in Figure 2.11. The targets 

were grouped into four depending on their local similarity. The average and 

distribution of the RMSD values of each group was compared. The difference 

between the average RMSD of Top1 and Best model of the group with local 

similarity greater than 3.0 was small (1.3 Å) compared to the groups with lower 

similarity (1.9, 3.4, and 3.9 Å, respectively). This shows that selecting an accurate 

model using the energy value was harder for targets with lower local similarity.
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Figure 2.10. Qualities of the models selected by energy of 45 GPCR targets 

measured by their ECL2 backbone RMSD. Three bars indicate the RMSDs of 

top1 (red), top10 (blue), and best (yellow) model for each target. The targets are 

shown in decreasing order of the local similarity score. Loop length of ECL2 is 

shown in parentheses.

Figure 2.11. Average quality of the models selected by energy compared to that 

of the best sampled model for four groups of targets with different local 

similarity. The colored bars indicate the mean and standard deviation of backbone 

RMSD of the first lowest energy models (Top1, red), best models among the ten 

lowest energy models (Top10, blue), and best sampled models (Best, yellow).
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When considering the Top1, Top10, and Best models of all targets, the success

rates were evaluated in Table 2.4. Predictions with RMSD less than 3 Å were 

considered as successful. When leaving out targets with local similarity less than 

1.0, the success rates of best models were similar between the three groups with 

different ranges of local similarity. However, the difference of the success rates 

between these groups became larger as fewer number of models were selected 

using the energy value. In other words, it is harder to distinguish accurate models

among 1,000 loops using the energy function as local similarity decreases. The 

tendency between local similarity and distinguishability could be explained that for 

targets with lower local similarity, some residues of the loop have low BLOSUM62 

score (Henikoff and Henikoff, 1992), meaning that property of the residues are 

different between target and template. In this case, 0.2ps MD relaxation in loop 

optimization step might be not sufficient to get well-optimized loops. One related 

example subtype is CRF1R as illustrated in Figure 2.12. Best model of CRF1R 

was obtained using GLP-1R as a template (RMSD = 1.7 Å). However, latter region 

of the loop was predicted less accurately compared to former region. This result 

came from sequence alignment showing bad alignment for latter region and good 

alignment for former region. Especially, proline of CRF1R was aligned with 

asparagine of the template (a dashed red box in Figure 2.12), leading to 

unfavorable backbone torsion angles for the proline. These angles were not well-

optimized in the short optimization step, resulting in low score of Ramachandran 

preference.
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Table 2.4. Success rates of ECL2 structure sampling and scoring on four 

groups of targets with different ranges of local similarity

Local 
similarity

Success rate (%)

Top1 Top10 Best

3 – 71 79 86

2 – 3 63 75 75

1 – 2 17 50 92

– 1 9 9 36

Total 40 53 73

* Predictions of ECL2 backbone RMSD ≤ 3 Å are considered successful.

Figure 2.12. One example of low quality of sequence alignment result. 

Extracellular region of the crystal structure (grey, CRF1R), best sampled model 

(yellow, RMSD = 1.7 Å), and structure of the protein used as a template (pink, 

GLP-1R). Sequence alignment between ECL2 of CRF1R (target) and that of GLP-

1R (template) is shown on the right. Proline of CRF1R was aligned with asparagine 

of the template (a dashed red box), leading to unfavorable backbone torsion angles 

for the proline.
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Other issues of using the current energy function for scoring have been 

identified. The related examples are shown in Figure 2.13. For κOR, an inaccurate 

ab initio model was selected as Top1 (RMSD = 7.0 Å), though acceptable models 

were also generated by ‘β-hairpin sampling’ (Best RMSD = 2.5 Å). In this case, the 

Best model had some strains (e.g. unfavorable Ramachandran preference score) on 

linker backbone connecting two β-extends, resulting in high energy. CCR5 also 

resulted in inaccurate Top1 model (RMSD = 10.3 Å) while the Top10 model was 

accurately predicted (RMSD = 1.3 Å). More packed structure of the Top1 model 

was preferred by the energy function (FACTS solvation (Haberthür and Caflisch, 

2008)) over the more exposed Top10 model structure. In the crystal structure of 

CCR5, the exposed loop structure is stabilized by an additional interaction with the 

bound ligand. If the ligand was considered together for scoring, the Top1 model 

would have got penalty because of steric clash with the bound ligand conformation.
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Figure 2.13. Examples of scoring failure by a high-resolution energy. (A) The 

crystal structure of κOR (grey), top1 model (red, RMSD = 7.0 Å), and best 

sampled model (yellow, RMSD = 2.5 Å). (B) Crystal structure of CCR5 (grey), 

top1 model (red, RMSD = 10.3 Å), and top10 model (green, RMSD = 1.3 Å). Top1 

model showed steric clashes with the ligand present in the crystal structure, which 

was not considered during scoring.
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2.3.5. Performance comparison to other published works

2.3.5.1. Test set preparation

Fourteen GPCR subtypes which were covered by other studies listed before were 

used as a benchmark test set. As the work of (Kmiecik et al., 2014) is the most 

recent and reported the largest test set result, comparison to this work was done 

with more attention. The ECL ranges for each GPCR to predict were assigned to 

match the ranges defined by (Kmiecik et al., 2014). They defined the residues 

which are not involved in the TMH hydrogen bond network to be the loop regions. 

The details of the test set are presented in TABLE 2 of (Kmiecik et al., 2014)’s 

work. Like the previous benchmark test, structures of ligands and fusion proteins 

contained in the crystal structure were removed.

2.3.5.2. Performance comparison

The RMSD of the loops predicted by using GalaxyGPCRloop (Won et al., 2018) is 

compared to those of reported in the works of (Nikiforovich et al., 2010), (Goldfeld 

et al., 2011), and (Kmiecik et al., 2014) in Table 2.5. Success rate is defined as the 

percentage of targets with backbone RMSD of Top1 or Top10 model equal to or 

less than 3 or 5 Å. GalaxyGPCRloop outperformed others for most targets (10 out 

of 14, for Top1). The distinguishable component of GalaxyGPCRloop compared to 

the others is the search and utilization of local template information. From this 

result, it could be shown that accurate models could be obtained by utilizing the 

template-based approach. However, a few targets such as NOP failed in model 

selection, which resulted in comparable results with others when comparing the 

Top1 RMSD (GalaxyGPCRloop: 8.7 Å, LE of (Kmiecik et al., 2014): 6.2 Å).

To check the performance of GalaxyGPCRloop without using any information 

from the templates, I generated the loop conformations by only using the ab initio
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sampling methods. The models were evaluated and compared in the same way. For 

some subtypes such as A2AR and β2AR, the RMSD of Top1 models were worse 

than that of (Kmiecik et al., 2014)’s prediction. In (Kmiecik et al., 2014)’s work, all 

known disulfide bridges were assigned and considered for modeling, while 

GalaxyGPCRloop only used those that could be predicted. Nevertheless, efficient 

ab initio sampling by considering the conserved disulfide bridge and secondary 

structure resulted in high success rate (36% for Top10) compared to (Kmiecik et al., 

2014)’s result (15%).

In practical circumstances of performing GPCR loop structure prediction, 

information from local template search or disulfide bridges might not always be 

available. With currently available template structures, GalaxyGPCRloop greatly 

outperformed the work of others. When neglecting all template information and 

used ab initio sampling only to assume the case of no available templates, the 

performance of the method was still comparable to the work of others. Also, as 

GalaxyGPCRloop predicts the disulfide bridge, the performance is predicted to be 

retained in practical situations.
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Table 2.5. Performance comparison of GalaxyGPCRloop to previously 

published studies

Target
PDB 
ID

Top1 ECL2 RMSD (Å) Top10 ECL2 RMSD (Å)

GalaxyGPCRloop Kmiecik et al. a) b)

Goldfeld 
et al. d)

Niki-
forovich 
et al. a)

GalaxyGPCRloop Kmiecik et al.a) b)

full
ab initio
only c) LC LE full

ab initio
only c) LC LE

A2AR 4EIY 5.0 18.0 8.7 5.9 4.4 e) 4.8 e) 5.0 6.4 5.0 5.9

β1AR 2Y00 1.3 7.1 6.9 5.8 1.6 f) 4.1 f) 1.2 4.8 5.3 3.6

β2AR 2RH1 1.8 10.2 6.7 5.5 2.2 3.7 0.7 3.3 4.4 4.4

CXCR4 3ODU 4.2 4.1 3.6 3.1 3.7 3.5 3.6 3.1

D3R 3PBL 3.0 2.9 6.1 3.4 2.3 2.0 2.6 2.9

mδOR 4EJ4 1.1 3.3 4.9 5.0 1.1 2.6 3.2 3.6

M2R 3UON 1.2 4.3 4.1 5.1 0.9 2.9 3.7 2.9

M3R 4DAJ 1.8 2.9 4.6 4.7 1.0 2.6 3.9 4.1

μOR 4DKL 2.8 7.5 7.0 6.8 1.5 3.2 2.2 3.2

NTR1 4GRV 9.0 6.1 7.8 8.8 6.1 6.1 4.8 4.7

NOP 4EA3 8.7 2.4 9.3 6.2 2.0 2.3 5.8 5.5

bRH 1U19 1.9 9.3 5.1 8.2 3.4 8.4 1.8 4.8 5.1 4.7

sRH 2Z73 3.7 4.2 12.4 1.9 4.2

S1PR 3V2W 1.1 7.0 8.5 7.4 0.9 6.4 7.7 7.4

Success 
rate (%)

≤ 3Å 64 21 0 0 50 0 79 36 15 15

≤ 5Å 86 50 31 31 100 60 93 86 69 77

a) All disulfide bridges present in the crystal structures were assumed to be known. 
b) LC and LE refer to representative models of the largest clusters and the lowest energy models, 

respectively.
c) Only ab initio sampling was used.
d) Seven, one, and two contacts between ECL2 and its environment present in the asymmetric 

unit of the crystal structures were assumed to be known for A2AR, β1AR, and β2AR, 
respectively. Membrane environment was considered explicitly for bRH.

e) A different crystal structure (PDB ID 3EML) was used for prediction and evaluation. 
f) A different crystal structure (PDB ID 2VT4) was used for prediction and evaluation.
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2.4. Conclusion on GalaxyGPCRloop

In this chapter, GalaxyGPCRloop was introduced, which predicts the second 

extracellular loop (ECL2) structures of GPCRs based on both template-based and 

ab initio approaches. This method is the first to apply template-based approach to 

predict the loop structures of GPCRs. To select local templates, which will be used 

for loop modeling, the local similarity metric based on sequence alignment was 

developed. Ab initio sampling of the loop regions was also performed to generate 

models, which might not be able to be sampled by just using the local template 

information. Predictions of the secondary structures and the conserved disulfide 

bridges were utilized to efficiently search the loop conformational space when ab 

initio sampling was performed. The accuracy of loop structure prediction could be 

estimated by the local similarity metric. Some cases, especially cases with low 

value of local similarity, showed failure in energy selection due to insufficient 

optimization and inaccuracy of the energy function. In these cases, the performance 

of the method is expected to increase by developing enhanced optimization 

methods and improving the energy function.

Functional loops often show conformational changes depending on their 

functional states such as when bound to different types of ligand molecules or in an 

unbound state. The GalaxyGPCRloop method may be applied to studies of 

conformational changes relevant to function by providing an ensemble of possible 

conformations and/or in combination with docking algorithms.
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3. GalaxyG:

New backbone-level scoring function considering 

coarse-grained side chain ensemble

3.1. Introduction to GalaxyG

3.1.1. Free energy calculation

Various cellular processes such as signaling and regulation are mediated by free 

energy describing interactions within/between proteins (Kamisetty et al., 2011). 

The computational calculation of free energy can hence help to comprehend

functions and mechanisms. MD-based estimation of free energy could be a popular 

way to calculate the energy (Rao et al., 1987, Shivakumar et al., 2010). However, 

MD-based approaches are usually time-consuming and less accurate, resulting 

from requirement of long-time simulation and inaccuracy of current force fields, 

respectively. Instead, there are a few alternatives for free energy estimation. One of 

the alternatives derives and uses empirical scoring function for static structures

(Verdonk et al., 2003, Trott and Olson, 2010). Polymer-growth approach is another 

alternative which covers full conformational flexibility (Liu and Chen, 1998, 

Zhang et al., 2009), limited to small-sized molecules (around 10 residues). Another 

is graph-based approach, which converts protein structure into graph composed of 

nodes and edges (Kamisetty et al., 2007, Donovan-Maiye et al., 2017). In this 

chapter, graph-based approach was adopted to calculate free energy.

    Graph-based approach builds Markov Random Field model (Kindermann and 

Snell, 1980), which is a generalization of Ising model. The model consists of nodes 
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representing each residue and edges representing each interaction between residues. 

Then all probabilities of all node and edge states are solved to minimize Bethe free 

energy (Equation 3.1 in Subsection 3.2.3). The mostly used algorithm to find the 

probabilities is belief propagation (Pearl, 1982), which iteratively passes “messages” 

between nodes until the probabilities are converged. Despite of its nature that it can

solve the problem without any cyclic linkages (loop), a few studies support that the 

loopy belief propagation provides accurate free energy estimation (Murphy et al., 

1999, Heskes, 2003). Therefore, in this chapter, it is described how the loopy belief 

propagation algorithm is adopted to estimate side chain free energy. Also, a test on 

side chain prediction accuracy is presented how much the algorithm describes the 

side-chain-related interactions well.

3.1.2. Coarse-grained topology

Most of the interactions within cells such as folding and docking occur in the 

timescale of milliseconds and with the huge amount of atoms (Tozzini, 2005). 

However, simulations with all-atom topology are limited to the time scale of 

microseconds, though computer power has been enhanced during past several 

decades. Thus coarse-grained topology, or simplified representation, is regarded as

an alternative for all-atom topology, which reduces degrees of freedom by unifying 

atoms or simplifying the system and spontaneously covers the timescale and the 

size of system (Levitt, 1976). In addition, atomic details could not be necessary 

when interactions between large-sized biomolecules are of interest, supporting the 

idea of coarse-graining.

    Coarse-graining can be regarded as the trade-off between accuracy and 

expense (Tozzini, 2005). That means, as the topology becomes coarser, the system 
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to be simulated can become larger or be simulated longer, while it is more difficult 

to parameterize the force field accurately. Thus coarse-graining strategy is the most 

important when coarse-grained topology is developed. For instance, some 

topologies simplify one residue to only one to two particles (Brown et al., 2003, 

Dawid et al., 2017), and other topologies maintain backbone heavy atoms and 

simplify only side chain atoms to one to two particles (Voegler Smith and Hall, 

2001, Rohl et al., 2004). The corresponding force fields were usually derived from 

database or fitted to describe thermodynamic properties well. In this chapter, a new 

representation considering side chain ensemble is introduced, which requires huge 

amount of side-chain-engaged energy calculation. Therefore, to make the 

representation inexpensive, coarse-graining on side chain was devised with the idea 

of maintaining chemical key features of each side chain. Scoring functions 

describing side-chain-engaged interactions were derived from protein database. 

With combination of the coarse-grained topology and ensemble consideration, two 

example applications show potentials of the new representation and its side chain 

free energy.
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3.2. Development of coarse-grained side chain ensemble 

representation

3.2.1. Motivation

Global fold of proteins is determined by backbone conformation. Most GALAXY 

programs (Ko et al., 2012a, Shin et al., 2014) such as GalaxyLoop (Park et al., 

2014) and GalaxyVoyage (Lee et al., 2018) hence rely on backbone conformational 

sampling. However, the programs have two main drawbacks as they describe 

proteins as polar hydrogen topology. First, side chain should be re-built and 

optimized as backbone sampling is performed. The programs use an in-house 

protocol named optSC for side chain optimization by considering the optimization 

as a graphic problem. Though optSC takes some strategies to reduce the

combinatorial problem, the protocol still requires enormous time. Second, even if 

several structures possess identical backbone conformation, their energy values can 

vary if their side chain conformations are different. This drawback could interrupt 

accurate evaluation of backbone samples.

    To deal with the drawbacks, neglect of side chain atoms would be one of naïve 

but simple idea. Characteristics of protein, however, come from the combination of 

amino acids, which mostly differ in side chain atoms. In this point, a new 

representation, named GalaxyG, is developed with explicit backbone and implicit 

consideration of side chains. Given backbone conformation, the rotamer states of 

side chains can be discretized based on backbone-dependent rotamer library

(Shapovalov and Dunbrack, 2011). Then free energy of side chain ensemble could 

be (approximately) calculated using loopy belief propagation algorithm (Murphy et 

al., 1999). At the same time, several side chain atoms for each amino acid type are 

unified into one or two pseudo beads in order to reduce the amount of calculation.
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    Two drawbacks mentioned above are solved with the new representation, 

since there is one-to-one mapping between backbone and side chain ensemble. 

Furthermore, side chain sampling can be neglect at all. For example, GalaxyRefine 

(Heo et al., 2013) contains side chain perturbation during MD relaxation. Without 

the perturbation, side chains can block backbone optimization since the energy 

barrier between rotamer states is relatively high for short simulation time. However, 

with the new representation, side chain ensemble can be adapted to changing 

backbone trajectory, not requiring explicit consideration of side chains.

3.2.2. Definition of side chain beads

The idea of pseudo bead definition is that this definition should result in reduction 

of rotamer states, while the beads should describe physical and chemical properties

such as steric property, aromaticity, and charge density of each amino acid type.

One or two beads for each type are defined based on steric effect, and bead 

orientation is also defined for some beads to describe their anisotropic properties. 

For instance, SC1s of phenylalanine and tyrosine represent six-membered-ring 

structures with center-of-mass geometry, and their orientations represent 

aromaticity and oval shape. Definition of all beads is summarized in Table 3.1.
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Table 3.1. Definition of side chain beads

Amino acid Name Location* Orientation

alanine SC1 CB

glycine

isoleucine
SC1 com(CG1, CG2) CB → SC1

SC2 CD1

leucine SC1 com(CD1, CD2) CG → SC1

proline SC1 com(CB, CG, CD)

valine SC1 com(CG1, CG2) CB → SC1

phenylalanine SC1 com(ring) normal vector

tryptophan
SC1 com(5-membered-ring) SC1 → NE1

SC2 com(6-membered-ring) normal vector

tyrosine
SC1 com(ring) normal vector

SC2 OH SC1 → OH

aspartate SC1 CG CB → CG

glutamate SC1 CD CG → CD

arginine
SC1 com(CB, CG, CD)

SC2 CZ NE → CZ

histidine SC1 com(ring) normal vector

lysine
SC1 com(CB, CG, CD)

SC2 com(CE, NZ) CE → NZ

serine SC1 com(CB, OG) CB → OG

threonine SC1 com(CB, OG1, CG2) SC1 → OG

cysteine SC1 com(CB, SG) CB → SG

methionine SC1 SC1

asparagine SC1 CG CB → CG

glutamine SC1 CD CG → CD

*) “com” refers center of mass.
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3.2.3. Consideration of side chain ensemble

It requires two assumptions to adopt loopy belief propagation algorithm (Murphy 

et al., 1999) for implicit consideration of side chain ensemble. First, states should 

be finite. Since dihedral angles of side chains could be any values between 0 and

360°, discretization is required to define finite states. I therefore used backbone-

dependent rotamer library (Shapovalov and Dunbrack, 2011), which discretizes 

rotamer states into several or tens of states based on statistics. Second, potential 

should be decomposed to “node potential” ��(��) and “edge potential”

���(�� , ��). ��(��) represents interactions between rotamer state �� of residue 

� and backbone conformation, and represents preference of rotamer state ��

regardless of its environment. ���(�� , ��) represents interactions between rotamer 

state �� of residue � and rotamer state �� of residue �. With these assumptions, 

to calculate all node and edge potentials, energy function between one bead and 

one backbone atom, and between two beads should be defined. The derivation of 

the energy function is described in Subsections 3.2.4-5. As long as all potentials 

are well-defined, Bethe free energy (Equation 3.1) could be approximately 

calculated by following belief propagation algorithms.

� = � − ��

� =����(��)��(��)

���

+� � ���(�� , ��)���(�� , ��)

(��,��)(�,�)

� = −����(��) log���(��)�

���

−� � ���(�� , ��) log �
���(�� , ��)

��(��)��(��)
�

(��,��)(�,�)

(3.1)

As described in Algorithm 3.1, side chain ensemble is considered for fixed 

backbone in that all rotamer states are considered simultaneously with their
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Boltzmann factors. Although the algorithm does not guarantee convergence for 

cyclic graph cases like proteins, I conducted thousands of test simulation, showing 

reliability of the algorithm as same as the results from previous studies (Murphy et 

al., 1999, Heskes, 2003). As belief propagation converges, node probabilities ��

and edge probabilities ��� are obtained with the constraints of ∑ ��(��)�� = 1

(normalization), ��(��) = ∑ ���(�� , ��)�� (marginalization), and ���(�� , ��) =

���(�� , ��).
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Algorithm 3.1. Belief propagation algorithm

calculate �� and ��� for given backbone

��→� ← 1

while not converged

    for pair (�, �)

        for �� of rotamer �

            ��→�(��) ← ∑ ������(��,��)����(��)∏ ��→�(��)���,� ���

        ��→�(∙) ← ��→�(∙)	/	∑ ��→�(��)��

for rotamer �

    for �� of rotamer �

        ��(��) = ����(��)∏ ��→�(��)�

    ��(∙) ← ��(∙)	/	∑ ��(��)��

for pair (�, �)

    for pair (�� , ��)

        ���(�� , ��) ← 	 �����(��,��)��(��)��(��)	 	���→�(��)��→�(��)��

    ���(∙) ← ���(∙)	/ 	∑ ���(�� , ��)(��,��)
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3.2.4. Derivation of bead-engaged interaction

It requires energy function describing bead-engaged interaction to calculate Bethe 

free energy (Equation 3.1, Algorithm 3.1). One thorough idea is deriving the 

interaction function analytically by matching all-atom level force field into atom-

bead mapping. However, the result function could not be unique, because geometry

of one bead and that of its corresponding atoms are not bijective. Hence, I used 

protein database to derive the interaction function. There are a lot of data-driven 

scoring functions with different derivation techniques such as density smoothing

(Yang and Zhou, 2008, Zhou and Skolnick, 2011) and machine learning or deep 

learning (Lundström et al., 2001, Uziela et al., 2017). Among them, functions with 

density smoothing are not only understandable, but they are also decomposable 

into node and edge potentials. Therefore, I followed the derivation procedure used 

for dDFIRE (Yang and Zhou, 2008), the widely-used, data-driven, and density-

based potential, as described in Equation 3.2. One difference from dDFIRE is that 

derivation was conducted with coarse-grained beads instead of atoms.

����
��������, ��, �� , ���� = ����

�����(�) + ���������� + ���������� + �����������

����
�����(�) =

⎩
⎪
⎨

⎪
⎧
−�� log�

����(�, �, �)

�
�
����

�
�
����(�, �, ����)

�, � < ����

0, � ≥ ����

����������

=

⎩
⎪
⎪
⎨

⎪
⎪
⎧

−�� log

⎝

⎜
⎜
⎜
⎛

������, �, �, ��|����(�, �) ≥ 7�
����(�, �, �)
�

������, �, ����, ��|����(�, �) ≥ 7�
����(�, �, ����)
�

⎠

⎟
⎟
⎟
⎞

, θ�	is	defined

0, otherwise

(3.2)

Here, � refers to a pairwise distance, ��, �� , ��� to angles describing orientation 

effects, ����(�, �, �) to an observed count of particle type � and type � with 
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distance �, ���� to cut-off distance of the function, and � to a scaling parameter.

The count ����(�, �, �) indicates the number of pairs (�, �) in a distance bin 

with distance bin interval Δ� = 0.5	Å and distance cutoff ���� = 10	Å. � was 

fitted to the relation between distance and count for ideal case, � ∝ 4��� , and 

was set to 1.85. For orientation-dependent potential ����������, �� values were 

categorized into six bins with interval Δ�cos ��� = 1/3, and pairs within sequence 

distance of 6 were neglected (sequence separation) when counting ���� to avoid 

specific orientation preferences caused by steric interactions or chain connectivity.

    As training structures of derivation, 5,753 single-chain protein crystal 

structures were collected with using PISCES (Wang and Dunbrack Jr, 2003), with 

sequence identity cutoff of 30 %, resolution under 1.8 Å, and R-factor under 0.25.

Figure 3.1 presents a few example landscapes showing bead-bead interaction 

derived from Equation 3.2, and compares the introduction of orientation vectors. 

Sequence separation can be rationalized that helical segments abundant in database 

dominate undesired orientation preference as shown in Figure 3.2. After derivation, 

all derived landscapes underwent smoothing by cubic spline function so that 

derivatives of energy function are well-defined.
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Figure 3.1. Examples of bead-bead interaction derived from protein database. 

(A, B) Distance-dependent and orientation-dependent energy landscapes between 

SC1 of phenylalanine and SC1 of alanine are presented. (C) Different energy-

minimum position can be explained by different steric effect from anisotropic oval 

shape of SC1 of phenylalanine. (D, E) Other landscapes between SC1 of 

asparagine and SC2 of arginine are presented. They form strong charge-charge 

interaction around 4 Å. (F) Different well depths can be explained by biased charge 

density of SC1 of asparagine.
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Figure 3.2. Effects of sequence separation on orientation-dependent function. 

Orientation-dependent energy function between SC1 of isoleucine and SC1 of 

alanine was derived (A) without or (B) with sequence separation. High preference 

marked by red arrows in (A) originated from abundant helical segments in protein 

database.
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3.2.5. Balance optimization among database-driven scoring components

The atom-bead and bead-bead interaction functions derived in Subsection 3.2.4

should be balanced, because the scale of beads is larger than that of atoms. In 

addition, rotamer preference score (Shapovalov and Dunbrack, 2011) is also used 

to describe intra-residue interaction of each rotamer state. Though only two weight 

parameters are required to balance three energy components, one more parameter 

was added for the temperature-like parameter of Boltzmann factor in Algorithm 

3.1. Therefore, three weights for rotamer preference score, atom-bead interaction, 

and bead-bead interaction should be optimized.

    Since belief propagation gives population of all rotamer states, weights are 

optimized by maximizing the matches between the most major state and the state in 

crystal structure for all residues. As a training set, database containing 3,983 

structures used for derivation of rotamer library (Shapovalov and Dunbrack, 2011)

was filtered to have complete structures without missing coordinates in middle of 

chains. Then remain 2,958 structures were divided into training set and test set, 

while having same distributions of chain length. With 1,479 training structures, 

grid search for the three weights was conducted. As a result, 1.26, 0.017, and 0.053

were obtained for rotamer preference score, atom-bead interaction, and bead-bead 

interaction, respectively. Validation with test set is described in Subsection 3.3.1.

    Now, for given backbone conformation, node and edge potentials can be 

calculated with derived energy function and optimized weight parameters. Side 

chain free energy can be thus obtained by using belief propagation. Of importance, 

the derivative of the energy can be also calculated by introducing chain rules 

consecutively. The formulae to obtain the derivation are described in Equation 3.3.
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3.3. GalaxyG applications

3.3.1. Side chain state prediction

Consideration of side chain conformation is crucial to accurately predict complex 

structures of biomolecules (Krivov et al., 2009). The side chain state prediction 

problem is hence important step in protein structure prediction. In this subsection, 

accuracy of �� state prediction was measured as the fraction of match between the 

state of the most major rotamer state from belief propagation and that of 

corresponding crystal structure. With the test set parsed in Subsection 3.2.5, side 

chain free energy calculation was performed with fixed backbone conformation

and GalaxyG representation. SCWRL4.0 (Krivov et al., 2009) and rotamer 

preference score (Shapovalov and Dunbrack, 2011) were also conducted for 

performance comparison. Since buried side chains pack each other whereas 

exposed side chains tend to be more flexible, rotamers with relative surface area 

under 40 % were evaluated (Krivov et al., 2009). The result is summarized in 

Table 3.2. It is clear that bead-engaged energy functions describe chemical 

interactions well, by comparing the result of GalaxyG (89.5 %) to the result when 

only rotamer preference was used (76.7 %). Also, the accuracy loss is small 

compared to the result of SCWRL4.0 (92.5 %) which uses atomic topology, 

although GalaxyG introduces coarse-grained topology for side chain.
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Table 3.2. Side chain prediction accuracya)

Amino acid GalaxyG SCWRL4.0
Rotamer 

preferenceb)

valine 95.9 99.4 99.5

phenylalanine 95.5 96.7 75.9

tyrosine 94.5 96.6 74.4

isoleucine 93.9 96.8 89.8

tryptophan 93.0 95.4 69.6

leucine 92.8 95.4 74.5

histidine 91.8 94.4 65.8

aspartate 90.9 94.1 73.8

threonine 90.7 93.3 86.2

cysteine 89.9 89.3 71.4

asparagine 88.2 93.6 67.6

glutamine 84.0 88.1 65.9

arginine 83.0 87.4 62.0

glutamate 82.6 87.2 63.6

methionine 82.3 88.6 69.8

proline 80.5 83.9 77.2

lysine 80.5 85.4 66.6

serine 73.7 74.7 61.1

Total 89.5 92.5 76.7

a) Accuracy of �� prediction was evaluated for side chains whose 
relative surface area in crystal structure is under 40 %. All values 
indicate percent accuracies.

b) �� states were assigned as the most major state in the rotamer library.
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3.3.2. Decoy discrimination

Searching vast (backbone) conformation space always accompanies ranking or 

scoring to distinguish more accurate conformations from all others. (Lazaridis and 

Karplus, 2000) The scoring function is important, in that even if the searching 

algorithm covers the native fold, near-native conformations could be abandoned 

when the scoring function cannot distinguish the conformations. Therefore, decoy 

discrimination test can provide the quality of the scoring function such as how well 

the chemical interactions are described. In this subsection, I tested the decoy 

discrimination test to see the potentials of the side chain free energy function as a 

ranking score or an initial filtering score. Two different decoy sets were used to 

cover both fold-level and local-level scoring problems.

   The first set contains 91 subtypes with several thousand decoys each, covering 

vast space (Park et al., 2016). For each subtype, dDFIRE (atom-level scoring 

function) (Yang and Zhou, 2008) and side chain free energy were calculated for all 

decoys. One-tenth with higher score (or lower energy) were then selected for each 

function and underwent calculation of GDT_TS (Zemla, 2003) to the crystal 

structure. Figure 3.3 shows the comparison between maximum GDT_TS value

among decoys selected by dDFIRE and that selected by side chain free energy.

Side chain free energy outperformed dDFIRE score for 79 % of subtypes, implying 

that the free energy can be used in initial filtering step (since one-tenth was 

measured), even though the free energy does not contain explicit backbone-

backbone interactions such as hydrogen bond network and steric hindrance. Three 

example energy landscapes against GDT_TS are plotted in Figure 3.4, showing the 

possibility of filtering function and the limitation of distinguishable capability near 

the native fold.
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Figure 3.3. Performance comparison of initial filtering between dDFIRE and 

side chain free energy. Initial filtering for 91 subtypes was performed with 

dDFIRE score and side chain free energy. The values plotted are the highest 

GDT_TS among filtered decoy conformations. As a result, filtering with side chain 

free energy gave better values for 72 out of 91 subtypes.



- 57 -

Figure 3.4. Example energy landscapes against GDT_TS. Three example energy 

landscapes against GDT_TS are plotted for (A, C, E) dDFIRE score and (B, D, F) 

side chain free energy (S-C free E). (A, B) The landscape of 1X6X shows well-

description of chemical interactions with free energy. (C, D) The landscape of 

2VE8 shows the potential of the free energy as an initial filtering score. (E, F) The 

landscape of 1AAJ shows the limitation of distinguishability near the native fold.
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The second set contains 45 subtypes of GPCR with a thousand loop decoys

each, which were obtained in Chapter 2. For each subtype, the decoys underwent 

energy minimization by L-BFGS-B (Liu and Nocedal, 1989) with side chain free 

energy. In this case, backbone energy terms were also used not to ruin the proper 

geometry of backbone conformation. The energy formula for minimization is

������ = �������� + ����������

�������� = ������� + ����

���������� = ���������� +������������ + ��������������

+�����.�����.����.��

where ����� , ������ , ������� , and �����.�����.����.� are energy weights 

moderately set to 0.6, 2.0, 10.0, and 10.0 respectively, which are similar values to 

the weights of GalaxyVoyage (Lee et al., 2018). It should be noted that only 

backbone-backbone interactions were calculated for hydrogen bond energy

(Kortemme et al., 2003) and dDFIRE score (Yang and Zhou, 2008). After energy 

minimization, ten lowest-energy decoys were chosen and the best RMSD was 

compared to the result when Galaxy7TM energy function (Lee and Seok, 2016)

was used. As a result, several subtypes showed better results with new scoring

function as presented in Figure 3.5, though entire result was comparable (success 

rates (under 5 Å) are equal to 84 % for both functions).

    The side chain free energy seems to describe new properties such as entropic 

effects which cannot considered in all-atom topology, showing the potential of 

GalaxyG free energy as a scoring function. Furthermore, the free energy has room 

to be improved by considering solvation effects and electrostatic interactions.
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Figure 3.5. Performance comparison of model selection between Galaxy7TM 

and GalaxyG free energy. Ranking of 1,000 decoys for 45 subtypes was 

performed with Galaxy7TM energy function (atomic topology) and new energy 

including the side chain free energy (GalaxyG). The values plotted are the lowest 

RMSD among ten lowest-energy decoys. Two energies were comparable, with the 

potentials on several subtypes with RMSD improvement of around 2 Å.
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3.4. Conclusion on GalaxyG

In this chapter, a new representation combining belief propagation and coarse-

graining was described. Belief propagation was introduced to consider side chain 

ensemble for fixed backbone conformation. Coarse-graining of side chain atoms 

into beads was adopted to reduce the enormous computation time caused by 

consideration of all side chain states. Data-driven energy function was derived to 

describe atom-bead or bead-bead interactions. Then the function was integrated 

with belief propagation and rotamer library to estimate side chain ensemble free 

energy. Two applications showed that GalaxyG representation and its scoring

function describe chemical interactions well and have potential to be used as 

ranking score or initial filtering for both global- and local-scale problems. 

Consideration of solvation effects and electrostatic interactions is expected to

improve the scoring function.

The new representation considering side chain ensemble can enhance the 

structure prediction performance by smoothing the energy landscape and reducing 

degrees of freedom. Also, the representation could be further used for considering 

flexibility of side chain conformations in docking algorithm.
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4. CONCLUSION

Performance of loop structure refinement can be improved by efficiently search of

conformational space and accurately scoring of the sampled conformations. This 

thesis covers both aspects to enhance the refinement performance. First, 

GalaxyGPCRloop, specialized in modeling of the second extracellular loop of 

GPCR, enables efficient search of near-native conformations by utilizing database 

search, predicting disulfide bridge, and sampling hairpin structure. Second, a new 

representation that considers side chain ensemble enables us to initially distinguish 

near-native conformations from non-native ones. Several tests carried out in this 

thesis convinces the potentials of this representation to improve loop structure 

refinement. Further consideration of physicochemical properties such as solvation

free energy, or development of novel algorithms integrating the conformation 

sampling technique with the improved scoring function may bring loop structure 

refinement to a higher level than possible now.
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국문초록

실험에 의해 구조가 결정되지 않은 단백질의 경우, 주형 기반 모델링을

통하여 높은 정확도의 구조 예측이 가능하고, 예측된 구조를 구조 관련

연구에 활용할 수 있다. 그러나 주형 기반 모델링 방법은 서열이

보존되지 않은 일부 위치에서 한계점을 가지므로, 단백질 구조 정밀화

또는 고리 구조 모델링이 필요하다. 이 논문에서는 고리 구조 정밀화

성능을 향상하기 위하여 두 가지 다른 접근을 제시한다. 먼저, G 단백질

연결 수용체의 두 번째 외세포 고리 모델링에 특화된 방법인

GalaxyGPCRloop이 제시된다. 이 방법은 데이터베이스 정보 활용과

이황화 결합 예측, 헤어핀 구조 샘플링과 같은 다양한 기법을 활용하여

실제 구조 근처의 구조 공간을 효율적으로 탐색한다. 다음으로, 곁가지

구조 앙상블을 고려하는 새로운 스코어링 함수가 제시된다. 이 함수는

다양하게 얻어진 구조 중 실제 구조와 가까운 구조를 구별해내는 초기

작업에 활용될 수 있다. 제시되는 샘플링 기법과 스코어링 함수를

활용한 몇 가지의 고리 구조 모델링 실험 결과는 성능 향상의 잠재성을

보여준다. 향후 두 가지 접근을 통합한 혁신적 기법의 개발을 통해,

고난도의 고리 구조 정밀화 문제를 해결할 것으로 기대된다.

주요어: 단백질 구조 정밀화, G 단백질 연결 수용체, 주형 기반 모델링,

삼축 고리 닫음, 자유 에너지 추정, 곁가지 구조 앙상블, 단순화 위상,

통계 기반 에너지 유도

학  번: 2016-26641


	1. INTRODUTION
	2. GalaxyGPCRloop:  The second extracellular loop structure prediction using both template-based and ab initio methods
	2.1. Introduction to GalaxyGPCRloop
	2.2. GalaxyGPCRloop Method
	2.2.1. Template search
	2.2.2. Loop sampling
	2.2.2.1. Backbone dihedral angle sampling
	2.2.2.2. Loop closure
	2.2.2.3. Consideration of the conserved disulfide bridge
	2.2.2.4. Side chain construction

	2.2.3. Initial filtering and structural optimization
	2.2.4. Test sets

	2.3. Results and Discussion
	2.3.1. Relations between sampling accuracy and template similarity
	2.3.2. Effects of disulfide bridge consideration
	2.3.3. Capacity of β-hairpin sampling
	2.3.4. Model scoring using high-resolution energy function
	2.3.5. Performance comparison to other published works
	2.3.5.1. Test set preparation
	2.3.5.2. Performance comparison


	2.4. Conclusion on GalaxyGPCRloop

	3. GalaxyG: New backbone-level scoring function considering coarse-grained side chain ensemble
	3.1. Introduction to GalaxyG
	3.1.1. Free energy calculation
	3.1.2. Coarse-grained topology

	3.2. Development of coarse-grained side chain ensemble representation
	3.2.1. Motivation
	3.2.2. Definition of side chain beads
	3.2.3. Consideration of side chain ensemble
	3.2.4. Derivation of bead-engaged interaction
	3.2.5. Balance optimization among database-driven scoring components

	3.3. GalaxyG applications
	3.3.1. Side chain state prediction
	3.3.2. Decoy discrimination

	3.4. Conclusion on GalaxyG

	4. CONCLUSION
	BIBLIOGRAPHY
	국문초록


<startpage>10
1. INTRODUTION 1
2. GalaxyGPCRloop:  The second extracellular loop structure prediction using both template-based and ab initio methods 3
 2.1. Introduction to GalaxyGPCRloop 3
 2.2. GalaxyGPCRloop Method 6
  2.2.1. Template search 8
  2.2.2. Loop sampling 11
   2.2.2.1. Backbone dihedral angle sampling 11
   2.2.2.2. Loop closure 12
   2.2.2.3. Consideration of the conserved disulfide bridge 12
   2.2.2.4. Side chain construction 15
  2.2.3. Initial filtering and structural optimization 15
  2.2.4. Test sets 16
 2.3. Results and Discussion 19
  2.3.1. Relations between sampling accuracy and template similarity 19
  2.3.2. Effects of disulfide bridge consideration 22
  2.3.3. Capacity of β-hairpin sampling 26
  2.3.4. Model scoring using high-resolution energy function 28
  2.3.5. Performance comparison to other published works 34
   2.3.5.1. Test set preparation 34
   2.3.5.2. Performance comparison 34
 2.4. Conclusion on GalaxyGPCRloop 37
3. GalaxyG: New backbone-level scoring function considering coarse-grained side chain ensemble 38
 3.1. Introduction to GalaxyG 38
  3.1.1. Free energy calculation 38
  3.1.2. Coarse-grained topology 39
 3.2. Development of coarse-grained side chain ensemble representation 41
  3.2.1. Motivation 41
  3.2.2. Definition of side chain beads 42
  3.2.3. Consideration of side chain ensemble 44
  3.2.4. Derivation of bead-engaged interaction 47
  3.2.5. Balance optimization among database-driven scoring components 51
 3.3. GalaxyG applications 53
  3.3.1. Side chain state prediction 53
  3.3.2. Decoy discrimination 55
 3.4. Conclusion on GalaxyG 60
4. CONCLUSION 61
BIBLIOGRAPHY 62
국문초록 68
</body>

