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Jozef Anné, Belgium
Yoav Bashan, Mexico
Marco Bazzicalupo, Italy
Nico Boon, Belgium

Luca Simone Cocolin, Italy
Peter Coloe, Australia
Daniele Daffonchio, Italy
Han de Winde, The Netherlands

Yanhe Ma, China
Bernd H. A. Rehm, New Zealand
Angela Sessitsch, Austria

Microbiology

D. Beighton, UK
Steven R. Blanke, USA
Stanley Brul, The Netherlands
Isaac K. O. Cann, USA
Stephen K. Farrand, USA
Alain Filloux, UK

Gad Frankel, UK
Roy Gross, Germany
Hans-Peter Klenk, Germany
Tanya Parish, UK
Gopi K. Podila, USA
Frederick D. Quinn, USA

Didier A. Raoult, France
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The dauntingly complex functioning of human cells is often
the outcome of several molecular processes. Understanding
such processes is crucial for modern drug discovery, defining
interaction cascades, assessing the effects of mutations
changes in local concentrations of ligands, and so forth.
Computational methods, from systems biology to bioinfor-
matics and molecular simulation, allow to access features
difficult or impossible to be measured. Models (if properly
validated against experimental data) help understand the
intricate molecular mechanisms of life processes. Bolstering
the predictive power of these models calls upon the com-
putational biologist to improve algorithms and methods.
This issue reports on procedures and on applications facing
current challenges in computational biology.

Modern biological sciences are becoming more and
more multidisciplinary. At the same time, theoretical and
computational approaches gain in reliability and their field
of application widens. O. Fisette at al. discuss recent advances
in the areas of solution nuclear magnetic resonance (NMR)
spectroscopy and molecular dynamics (MD) simulations
that were made possible by the synergistic combination of
both methods.

Interaction of proteins is of vital importance for many
cellular processes and when altered may cause significant
health problems, thus the availability of reliable tools
to predict and study the determinants of protein-protein
interactions is needed. In this regard, X. -Y. Meng et al.
present a newly adapted, computationally efficient Brownian
Dynamics- (BD-) based protein docking method for predict-
ing native protein complexes. The approach includes global

BD conformational sampling, compact complex selection,
and local energy minimization. A shell-based grid force field
represents the receptor protein and solvation effects, partially
considering protein flexibility.

Hybrid quantum mechanics/molecular mechanics (QM/
MM) calculations are routinely used to study quantum me-
chanical processes in biological systems. J. Kang et al. present
a review paper describing an UNIX shell-based interface pro-
gram connecting two widely used QM and MM calculation
engines, GAMESS and AMBER. The tool was used to inves-
tigate a metalloenzyme, azurin, and PU.1-DNA complex and
mechanisms of hydrolysis (editing reaction) in leucyl-tRNA
synthetase complexed with the mis-aminoacylated tRNALeu.
The authors investigate the influence of environmental ef-
fects on the electronic structure.

Electron transfer in proteins constitutes key steps in
several biological processes, ranging from photosynthesis to
aerobic respiration. T. Hayashi and A. Stuchebrukhov inves-
tigate electron tunneling in NADH : ubiquinone oxidoreduc-
tase (Complex I), a key enzyme in cellular respiration as an
entry point of the electron transport chain of mitochondria
and bacteria, by evaluating the transition flux between donor
and acceptor at atomistic resolution. The study suggests
that the diffusion of internal water molecules dynamically
controls tunneling efficiency.

Methionine sulfoxide reductases (Msr), if reduced by
their biological partner, thioredoxin (Trx), act extremely
efficient as members of the cellular antioxidant defense
system. To understand the Trx-induced reduction mech-
anism, structural aspects of the intermolecular complex
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formation between mammalian MsrB1 and Trx were studied
by Dobrovolska et al., combining NMR spectroscopy and
biocomputing. According to the authors, the intermediate
MsrB1/Trx complex is stabilized by interprotein β-layer. The
complex formation accompanied by distortion of disulfide
bond within MsrB1 facilitates the reduction of oxidized
MsrB1.

Integrins have been shown to play a crucial role in pro-
moting tumor growth and metastasis, regulating angiogen-
esis—the growth of new blood vessels—and lymphangiog-
enesis—the growth of new lymphatic vessels. Thus, the work
of M. Freindorf and coworkers on the binding of a series of
hormone analogues to the αvβ3 integrin represents a further
contribution to the understanding of such fundamental
regulators of biological tissues. Using QM/MM methods the
authors identified for the ligands considered here multiple
modes of binding near the arginine-glycine-aspartate (RGD)
recognition site of αvβ3 integrin. This observation indicates
that there may be subtle changes in the integrin-binding
site that can govern binding to alternate sites, influencing
downstream signaling pathway.

The paper by F. Fogolari et al. discusses technical aspects
of molecular dynamics simulations in the aqueous phase per-
formed at high solute concentrations. These conditions are
often present in molecular recognition processes. The paper
provides specific examples, ranging from the association of
beta-2 microglobulins to the binding of hydrogen peroxide
to its target glutathione peroxidase.

Membrane proteins are the principal targets of the avail-
able drugs in the market, yet structural information is avail-
able for very few of them. Feature predictions are therefore
very important for drug development. D. Mukherjee et al.
use Artificial Neural Network (ANN) for the prediction of
mechanisms of intracellular protein sorting.

Martinez-Archundia et al. uncovered the role of key
residues for the function of a membrane receptor, that is,
the human M3 muscarinic acetylcholine receptor. The three-
dimensional structure of the receptor was built by homology
modeling, using the crystallographic structure of bovine
rhodopsin as a template. Site mutagenesis experiments were
performed to assess the role of two residues, F222 and T235,
which are strong candidates for the recognition of ligands.
The combined experimental-computational approach con-
firmed the involvement of both residues in modulating the
binding affinity of the ligand.

A rapidly growing number of protein structures is
currently deposited in the PDB database in the ambit of
structural genomics consortiums. However, the molecular
function of the proteins may be neither known nor validated
by experiment. Schüller and coworkers apply an integrated
bioinformatics tool to transcriptional regulators controlling
the expression of genes involved in diverse biological func-
tions of bacteria. They provide a functional classification to
factors with known 3D structure but unknown function.

In closing this survey, we would like to mention that back
in the late forties, Linus Pauling and coworkers published a
paper in Science on “sickle cell anemia, a molecular disease.”
This contribution kicked off the field of experimental
molecular medicine. More than sixty years after Pauling’s

seminal paper, we observe that computational approaches
have become extremely powerful tools, complementary to
experiment, to uncover molecular mechanisms of diseases
and to thrive strategies to counteract them.
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Recent biochemical studies have identified a cell surface receptor for thyroid and steroid hormones that bind near the
arginine-glycine-aspartate (RGD) recognition site on the heterodimeric αvβ3 integrin. To further characterize the intermolecular
interactions for a series of hormone analogues, combined quantum mechanical and molecular mechanical (QM/MM) methods
were used to calculate their interaction energies. All calculations were performed in the presence of either calcium (Ca2+) or
magnesium (Mg2+) ions. These data reveal that 3,5′-triiodothyronine (T3) and 3,5,3′,5′-tetraiodothyroacetic acid (T4ac) bound
in two different modes, occupying two alternate sites, one of which is along the Arg side chain of the RGD cyclic peptide site.
These orientations differ from those of the other ligands whose alternate binding modes placed the ligands deeper within the RGD
binding pocket. These observations are consistent with biological data that indicate the presence of two discrete binding sites that
control distinct downstream signal transduction pathways for T3.

1. Introduction

Integrins are plasma membrane proteins that generate com-
plex and intracellular signals during morphogenesis, tissue
remodeling, and repair [1]. Interactions of integrins with
specific extracellular matrix proteins and growth factors or
with certain small molecules generate ligand-specific signals.
The integrin superfamily of heterodimeric glycoproteins
consists of α- and β-monomers that associate in defined
combinations that include more than twenty different mam-
malian subtypes, of which at least eight are characterized
by the presence of an Arg-Gly-Asp (RGD) site used in the
process of recognition of different protein ligands [1–3]. The
combination of αvβ3 subunits is the most abundant integrin
expressed in mammalian cells [1].

Structural data have revealed that the extracellular seg-
ment of integrin αvβ3 (i.e., lacking the transmembrane and

cytoplasmic tails) is V shaped with the 4-domain αv subunit
and the 8-domain β3 subunit bent by 135◦ [4–6]. Data for
the RGD cyclic pentapeptide complex reveals that the RGD
peptide occupies a shallow crevice between the propeller and
βA domains in the integrin head.

The X-ray structure of apo αvβ3 has been determined in
the presence of Ca2+ ions [6] and in the presence of Mn2+

as a complex with the cyclic pentapeptide Arg-Gly-Asp-{D-
Phe}-{N-methyl-Val} (Figure 1) [4]. These data showed that
replacement of Ca2+ with Mn2+ in the αvβ3 integrin did not
result in any important structural changes to the protein.
There are also relatively small changes in the αvβ3 structure
with and without the cyclic pentapeptide bound in the RGD
site of integrin.

Ligand binding to integrins is dependent upon bivalent-
cation interactions that are generally stimulated by Mg2+

or Mn2+ and inhibited by Ca2+. Competitive binding data
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Figure 1: View of αvβ3 integrin from 1L5G.pdb (Xiong et al.,
2001 [4]). RGD cyclic pentapeptide is shown as space filling atoms
(violet), NAG sugars are stick figures in various colors, and the
sphere (purple) is a Mn2+ ion. The αv domain is green and the β3
domain is cyan. Figure drawn with PyMol.

revealed preferential binding sites for one or more cations
that could also be displaced by other cations and that their
specific occupancy can lead to enhanced ligand binding in
an allosteric or synergistic manner [1, 7]. The central core of
the β-propeller is one of the primary sites for cation binding.
A common structural motif observed for integrins is the
presence of a metal binding site, termed metal ion-dependent
adhesion site (MIDAS), that is unique for Mg2+/Mn2+ and is
located in the integrin α subunit I domain. Mutagenesis data
have shown that the MIDAS motif and the nearby solvent
exposed side chains are required for ligand binding [3].

The integrin protein family has been studied both
experimentally and theoretically [8–15]. Studies using NMR
and molecular dynamics methods to map the interaction
of the cyclic β-peptide isoDGR, a competitive antagonist
of RGD-containing ligands of αvβ3 integrin that inhibits
endothelial cell adhesion, proliferation, and tumor growth,
revealed a new recognition motif of the RGD binding pocket
of αvβ3 integrin [9]. Docking studies for a series of cyclic
peptides further defined the structure-function relationships
in binding to the RGD recognition site of αvβ3 integrin.

Studies using a combination of experimental and com-
putational approaches defined the role of divalent cations
in mediating the binding of integrins to RGD peptides.
Structural data revealed that the divalent cation at the
MIDAS site in the βA domain of integrin contacts the Asp
of the RGD peptide. This site is occupied by the divalent
ion only in the RGD-liganded state [15]. The results of
these molecular dynamics studies support the stability of
the orientation of Asp residue of the RGD recognition site
that interacts with the MIDAS which is essential for binding,
whereas the orientation of Glu220 carboxyl oxygens of the
β3 domain for the ligand associated metal binding sites

(LIMBSs) was maintained throughout the molecular dynam-
ics simulations [10, 15]. The steered molecular dynamics
studies of the unbinding of RGD cyclic peptides from αvβ3
integrin revealed the importance of single water molecules
tightly coordinated to the MIDAS ion. These data suggest
that this process is a general strategy for the stabilization of
protein-protein adhesion against cell-derived forces through
divalent cations [15].

Recently, a cell surface receptor for thyroid hormone
has been identified on the extracellular domain of the αvβ3
integrin [16] that is relevant to the proliferative [16–19]
and proangiogenic activity of thyroid hormone [16, 20, 21].
Transduction of the hormone signal into proliferation and
angiogenesis at the integrin is achieved by the mitogen-
activated protein kinase (MAPK; extracellular regulated
kinase 1/2, ERK1/2) pathway [16, 19, 22, 23] or by the
phosphatidylinositol 3-kinase (P3K)/Akt pathway [24–26].
L-Thyroxine (T4) and 3,5,3′-triiodo-L-thyronine (T3) are
agonist thyroid hormone analogues at the integrin receptor,
whereas a deaminated derivative of T4, tetraiodothyroacetic
acid (T4ac), is a nonagonist inhibitor of the binding of T4

and T3 to integrin. Competition data revealed that RGD
peptides also block hormone binding by integrin, suggesting
that the hormone-binding site is near the RGD recognition
site on αvβ3. Further analysis revealed that RGD peptides
could inhibit the binding of other biologically active small
molecules with estrogen-like structures, such as cis- and
trans-resveratrol and stilbene (Figure 2) [18, 27–29]. These
data reveal that T4 promotes cell proliferation in cancer
cells whereas resveratrol is proapoptotic and that further
shows that T4 inhibits resveratrol-induced apoptosis [18].
This action is prevented by T4ac, shown to be an inhibitor
of T4 binding to integrin. In the presence of T4, T4ac does
not affect the induction of apoptosis by resveratrol [18, 30].
These observations suggest that there is a discrete binding site
for resveratrol and thyroid hormone on integrin.

The noniodinated thyroid hormone analogue GC-1 lacks
the amino group of the alanine side chain, lacks the ether
linkage between phenyl rings, and has methyl groups at
the 3,5-positions and an isopropyl group at the 3′-position,
compared with the thyroid hormone T3 (Figure 2). This
thyroid hormone analogue is a selective agonist for nuclear
thyroid hormone receptor TRβ1 and has the desirable
metabolic effect of lowering circulating cholesterol without
inducing tachycardia [31, 32]. GC-1 was also demonstrated
to be proangiogenic at the plasma membrane and require
interaction with αvβ3 integrin [20].

To understand how these hormones and their analogues
interact with integrin, modeling studies were carried out
using the coordinates of the extracellular fragment of αvβ3
integrin (1L5G.pdb) [4, 5] as a starting model for their
interactions near the RGD recognition site [27]. These
preliminary models revealed that the hormone analogues
shown in Figure 2 can bind in the RGD recognition site and
that there may be two closely related binding pockets that
can bind these hormone analogues. The smaller of these sites
may be preferential for the more planar compounds such as
estradiol, stilbene, or resveratrol.
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Figure 2: Schematic of ligands bound to αvβ3 integrin.

2. Material and Methods

To provide more definitive details of the intermolecular
interactions of these hormone analogues with the RGD
recognition site in αvβ3 integrin, quantitative molecular
modeling including molecular dynamics (MD) simulations
and combined quantum mechanical—molecular mechanical
(QM/MM) methods were employed. These calculations also
incorporated the effects of solvent and divalent cations on
ligand-binding interactions. In order to calculate the desol-
vation energies of these ligands, an explicit water environ-
ment based on molecular dynamics (MD) simulations was
used in the QM/MM calculations.

In the present study we utilized our own method of
combined QM/MM calculations which are based on MD.
In this approach, standard MD of the protein solvated by
a sphere of explicit water molecules was carried out. Then
a randomly chosen set of snapshots was selected from the
MD, and for each snapshot, full geometry optimization of the
ligand (QM) in a fixed protein matrix (MM) was performed.
In order to calculate the desolvation energy of the ligand, the
same QM/MM was used to calculate the ligand surrounded
by a sphere of explicit water molecules. The ligand-binding
energy to the protein was calculated as a difference between
the average ligand energy in the protein and the water
environment. These computations were performed using the
quantum-chemical program Q-Chem [33], which includes
a modified version of an interface between QM and MM
atoms [34]. Since the combined QM/MM calculations for
each snapshot are independent of the other snapshots, this
method referred to as the large-scale QM/MM method has
the advantage of perfect parallel scalability [35]. All calcula-
tions were performed using a large 1.000 node Linus cluster
where each node consists of two 3.2 GHz Xeon processors
and 2 GB of shared memory.

3. Computational Details

Coordinates from the X-ray structure of the αvβ3 receptor
(1L5G PDB) were used as a starting model [4]. The
cyclic RGD pentapeptide was removed from the file and
original Mn2+ ions were replaced by Mg2+ or Ca2+ ions.
Parameters of the NAG residues observed in this structure
were obtained from the ANTECHAMBER program of
the AMBER programming suite [36]. All hydrogen atom
positions were populated based on the AMBER force field.
A total of 25 Na+ cations were used to neutralize the entire
protein. The positions of these cations were obtained from
grid calculations of the protein electrostatic potential [37,
38]. The ligand structures (Figure 2) were obtained using
quantum mechanical (QM) calculations at the B3LYP/6-
31+G∗ level of theory. The QM calculations consisted of
full geometry optimization of the ligands performed in the
gas phase. These calculations, including iodine atoms of the
thyroid hormones (T4, T3, T4ac), were obtained using the
lanl2dz effective core potential with a corresponding basis set
[38].

Docking calculations were carried out using the Auto
Dock 3 program [39]. Because of the lack of molecular
mechanical parameters for iodine in the Auto Dock program,
this atom was temporary replaced in the docking process by
a carbon atom. The docking procedure was performed using
a fixed internal geometry of these ligands. After docking,
one snapshot of these compounds was randomly selected for
subsequent study. The precise selection of a docked structure
is not important because geometry and orientation of the
molecule inside the protein active site were recalculated
in the following MD simulations and in the QM/MM
calculations. Once these ligands were docked to the protein
near the RGD recognition site of αvβ3 integrin, another
round of MD simulations was carried out. Parameters of the
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ligands were obtained using the ANTECHAMBER program
in the AMBER suite.

The molecular system, including the protein, the ligand,
and the metal ions, was placed into a center of TIP3P
water sphere of radius 80 Å. The MD consisted of 100 ps
heating dynamics from 0 to 300 K, followed by equilibration
dynamics performed for 5 ns. The MD simulation was also
performed at constant temperature and volume, with appli-
cation of constrained harmonic potentials outside the water
sphere and for the metal ions. The MD has been performed
separately for each ligand (Figure 2) and separately for the
protein system with Ca2+ and Mg2+ ions. Following the
MD simulations, combined QM/MM calculations of the
interaction between the ligand and the protein environment
were carried out. First, a randomly selected protein snapshot
from MD was chosen that was then divided into QM part
and MM contributions. The QM part included the ligand
and the MM part included the rest of the protein system with
water molecules and the metal ions. Finally, full geometry
optimization of the QM part inside the fixed positions of all
atoms of the MM part was performed using the B3LYP/6-
31+G∗/AMBER method [34], as implemented in the Q-
Chem program [33]. During geometry optimization, the
ligands were allowed to change their internal geometry and
position relative to the fixed protein matrix. The calculations
of the ligands, including those with iodine atoms (T4,
T3, T4ac), were performed using the lanl2dz effective core
potential with a corresponding basis set.

The interaction energy between the ligand and the
protein was calculated as an energy difference between the
energy of the molecule inside the protein and the energy of
the molecule in the gas phase which was obtained from the
optimal geometry of the molecule in the protein and in the
gas phase, respectively. The same procedure was then applied
to 600 randomly selected protein snapshots from the last
200 ps of MD, and the results of the calculations are reported
statistically based on the selected protein ensemble (Tables 1
and 2).

Calculations of an induced dipole moment of the ligands
(Figure 2) bound to the protein and in water were also car-
ried out (Table 2). The induced dipole moment is reported
as a difference between the permanent dipole moment of
the ligand in the protein (water) and the permanent dipole
moment of the ligand in the gas phase, obtained from the
optimal geometry of this molecule in the protein (water)
and the gas phase, respectively. The calculated values of
the interaction energies and induced dipole moments are
reported as average values based on an ensemble of 600
protein (solvent) samples. Use of a larger number of samples
in the ensemble would represent the protein (solvent) system
much more realistically; however it requires more time-
consuming calculations. Therefore the number of samples
(snapshots) chosen in the calculations was a compromise
between computational accuracy and efficiency.

4. Results and Discussion

4.1. Computational Models of Ligand Interactions. Structural
data for the extracellular portion of αvβ3 integrin reveals

Table 1: The interaction energy between the ligands (Figure 2)
and the protein (or water). Numbers in parenthesis indicate the
interaction energy of the ligand bound in the protein relative to
the interaction energy of this molecule in water. The interaction
energy is calculated as a difference between the energy of the ligand
bound in the protein (or water) and the energy of this molecule in
the gas phase, for the optimal geometry of this molecule bound in
the protein (water) and the gas phase, respectively.

Ligands

Interaction energy (kcal/mol)

Protein
Water

Mg2+ Ca2+

cis-Resveratrol −49 (−6) −63 (−19) −44

trans-Resveratrol −59 (−14) −65 (−20) −45

cis-Stilbene −48 (−19) −53 (−24) −29

trans-Stilbene −45 (−12) −48 (−20) −32

Estradiol −124 (−72) −60 (−8) −52

GC-1 −77 (−13) −96 (−33) −63

T3 −109 (−60) −84 (−35) −49

T4 −75 (−27) −62 (−14) −48

T4ac −60 (−15) −59 (−14) −44

Table 2: The induced dipole moment of the ligands (Figure 2)
bound in the protein (water). Numbers in parenthesis indicate
the induced dipole moment of the ligand in the protein relative
to the induced dipole moment of this molecule in water. The
induced dipole moment is calculated as a difference between the
permanent dipole moment of the ligand in the protein (water) and
the permanent dipole moment of this molecule in the gas phase, for
the optimal geometry of this molecule in the protein (water) and
the gas phase, respectively.

Ligands

Induced dipole moment (debye)

Protein
Water

Mg2+ Ca2+

cis-Resveratrol 1.4 (0.1) 2.6 (1.3) 1.3

trans-Resveratrol 3.4 (1.2) 4.4 (2.3) 2.1

cis-Stilbene 1.8 (1.0) 1.8 (1.0) 0.8

trans-Stilbene 2.3 (1.3) 1.5 (0.5) 1.0

Estradiol 6.2 (3.8) 1.1 (−1.3) 2.4

GC-1 5.2 (2.3) 3.6 (0.6) 2.9

T3 3.1 (0.2) 5.5 (2.6) 2.9

T4 5.2 (3.8) 1.3 (−0.2) 1.4

T4ac 2.5 (2.5) 1.5 (1.4) 0.1

a heterodimer with 12 domains assembled into an ovoid
“head” and two “tails.” The αv and βA domains form a seven-
bladed propeller and the β3 portion of the integrin “head” is
composed of the βA and hybrid domains (Figure 1) [4, 5].
The RGD cyclic peptide containing the RGD sequence binds
in a crevice between the propeller and the βA domains of the
integrin head (Figure 1) [5]. These data reveal interactions
of the RGD peptide Asp with the backbone of Tyr122 and
Asn215 and the side chain atoms of Arg214 of the β3 domain
of αvβ3 integrin and the Arg of RGD interacts with Asp150
and Asp218 of the αv domain (Figure 3). Also illustrated in
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Figure 3: Crystal structure of αvβ3 integrin (yellow/violet) with
RGD cyclic peptide (cyan) (1I5g.pdb) with T4Ac (red) and estradiol
(E2, yellow) modeled into the RGD binding pocket. Residues
Asp150 and Asp218 in the αv domain and Tyr122 and Asn215 in the
β3 domain are labeled for orientation. Figure drawn with PyMol.

Figure 3 is the binding orientation of T4ac (red) and estradiol
(yellow) as docked in the RGD cyclic peptide binding pocket.
Only small conformational changes were noted near the βA
domain between the apo integrin structure and the RGD
cyclic peptide complex [5]. These changes are also involved
the metal (Ca2+ or Mn2+) binding site in this region.

To model thyroid or steroid hormone analogue interac-
tions near the RGD cyclic peptide binding site, molecular
docking experiments using quantum chemical calculations
(QM/MM) were carried out in the presence of Ca2+ or Mg2+

for each of the ligands shown in Figure 2. Furthermore, these
calculations were carried out with the ligand in two different
starting positions near the RGD binding site (indicated as
Ca1 and Ca2) to remove modeling bias from the calculations.
Similar calculations were made with the ligand starting
position about 15 Å away from the RGD binding site. The
results of the distant starting site calculations showed much
smaller stabilization energies and suggest that the interaction
between the ligand and metal cations is an important
part of ligand binding (data not shown). The results of
these quantitative calculations are compared with previously
reported qualitative docking studies [27].

4.2. Thyroid Hormone Binding. The results of the QM/MM
modeling for the thyroid hormones, T4, T3, and T4ac, based
on two starting orientations near the RGD binding site
at the interface of the αv and β3 domains, show that the
thyroid hormones can bind in a wide range of orientations.
In the case of T4, the different starting positions result
in binding modes in which the amino and hydroxyl ends
of the molecule are flipped in the binding pocket. In one
orientation, the 4′-hydroxyphenyl ring occupies a binding
pocket deeper within the crevice between the αvβ3 domains,
while in the other binding mode, the phenolic ring occupies
the interface between the integrin αvβ3 domains (Figure 4).
Consistent with pharmacokinetic/pharmacodynamic model-
ing reported elsewhere [26], the QM/MM modeling results
for T3 differ significantly from those of T4 (Figure 5). In

one mode, the tyrosyl moiety lies along the Arg side chain
of the cyclic RGD peptide (Figure 6). The second binding
mode for T3 places the 4′-phenolic ring in a different
binding pocket than observed for T4 (Figure 5). The results
for the two starting positions of T4ac reveal yet another
variation in binding modes (Figure 7). In this case, one of
the T4ac orientations aligns along the side chain of Arg in
the RGD peptide binding site, as was observed for one of
the orientations of T3 (Figure 6). Comparison of the other
starting position for T3 and T4ac reveals a binding mode in
which the phenolic ring of T4ac binds deeper within the RGD
binding pocket, similar to that of T4. The phenolic ring of
T3 occupies an alternate pocket not occupied by either T4

or T4ac (Figure 8). The one starting position calculated for
the noniodinated thyroid analogue GC-1 binds in a similar
manner to that of T3 (Ca2) (Figure 9).

The differences in binding modes possible for the thyroid
hormones are in agreement with competition data that
indicate that RGD peptides block hormone binding by αvβ3
integrin. These studies further show that T4ac is a nonagonist
inhibitor of T4 and T3 binding to αvβ3 integrin.

4.3. Steroid-Like Ligands. The results of the QM/MM mod-
eling of ligand interactions with cis- and trans-reservatrol
based upon two starting positions show that these ligands
have similar binding orientations near the RGD binding site
(Figure 10). In the case of the cis-resveratrol, both starting
positions placed the ligand in similar orientations such that
the dihydroxyphenyl ring makes interactions with Asn215
of the β3 domain. In the case of trans-resveratrol, the
two starting positions result in the molecule being flipped
such that the dihydroxyphenyl ring is bound the opposite
direction. The 4′-hydroxyphenyl ring still maintains contact
to Asn215 of the β3 domain (Figure 10). These results are
in agreement with biochemical data that indicate only the
β3 monomer was essential for activation and induction
of apoptosis by resveratrol and that the occlusion of the
RGD binding site blocks the cellular actions of resveratrol
[30].

The modeling results for the QM/MM binding modes
of cis- and trans-stilbene, the nonhydroxylated parent com-
pound of resveratrol, revealed that the energy minimum
conformation for the two starting positions of cis-stilbene
were perpendicular to each other with one conformer bound
deeper in the binding pocket than the other cis-conformer
(Figure 11). The results for the two starting positions of
trans-stilbene show one molecule bound deeper in the
RGD pocket than the other which is outside the binding
pocket. The more hydrophobic nature of cis- and trans-
stilbene compared with cis- and trans-resveratrol results in
the greater variability of its binding modes as these molecules
do not optimize binding involving specific hydrogen bonding
interactions with residues in the RGD binding site.

The binding data for estradiol show that the 3-hydroxyl
can interact with Asn215, as observed for resveratrol. An
alternate orientation for estradiol binding shows the mole-
cule perpendicular to that of the first and filling an alternate
binding site (Figure 12).
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Figure 4: Stereoview of QM/MM model for T4 (green, Ca1) and T4 (cyan, Ca2) bound in αvβ3 integrin at the RGD binding site. Note
that this energy minimum conformation has T4 bound in a “forward” and “reverse” orientation with the phenolic ring flipped in opposite
directions. The electrostatic surface for integrin is shown. Red is negative and blue is positive surface. αv domain is green and β3 domain is
cyan. Figure drawn with PyMol.
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Figure 5: Stereoview of QM/MM model for T3 bound in αvβ3 integrin at the RGD binding site. T3 bound in two orientations: one
orientation (yellow, Ca1) has the phenolic ring binding in a different pocket than that of T4 while the other orientation of T3 (blue, Ca2)
binds in a mode that is perpendicular to the first.

4.4. Computational Models. The interaction energies be-
tween thyroid hormone analogues and the RGD recognition
site of αvβ3 integrin are presented in Table 1 that also shows
the interaction energies between these ligands and water. As
illustrated in Table 1, all calculated interaction energies in the
protein are more negative than the corresponding interaction
energies of those molecules in the water environment, which
indicates that these molecules are more strongly stabilized
by the protein environment than by the water environ-
ment. Among these ligands, estradiol shows the strongest

interaction energy with the protein containing Mg2+ ions,
namely, −72 kcal/mol, while GC-1 shows the strongest
interaction energy with the protein containing Ca2+, namely,
−33 kcal/mol. Both values of the interaction energy include
the calculated desolvation energies obtained in this study.
T3 shows a relatively strong interaction with the αvβ3
integrin and the type of metal binding present; namely, the
interaction energy with the protein containing the Mg2+

ions has a value of −60 kcal/mol, and the interaction energy
with the protein containing the Ca2+ ions has a value of
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Figure 6: Stereoview of QM/MM model for T3 (blue-Ca2) and T4ac (beige) bound in αvβ3 integrin at the RGD peptapeptide (violet)
binding site. The electrostatic surface for integrin is shown. Red is negative and blue is positive surface. αv domain is green and β3 domain
is cyan. Spheres (purple/violet) are Ca2+/Mg2+. Figure drawn with PyMol.
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Figure 7: Stereoview of QM/MM model for T4ac bound in αvβ3 integrin at the RGD binding site. T4ac bound in two orientations: one
orientation (green, Ca1) has the phenolic ring binding in a different pocket than that of T4 while the other orientation of T3 (beige, Ca2)
binds in a mode that is perpendicular to the first.

−35 kcal/mol. Similarly, both values of the interaction energy
include the calculated desolvation energies obtained in this
study.

It is interesting to note that the interaction energy of
T3 with the protein containing both divalent metal ions is
larger than the interaction energy of T4, even though both
compounds have similar interaction energies with water.
This observation indicates that an additional iodine atom in
T4 actually decreases its interaction energy with the protein.
Moreover, the interaction energy of T4 is larger than the
interaction energy of T4ac indicating that the NH2-group
which is present in T4 and is absent in T4ac increases the
interaction energy between the ligand and protein. Generally,

the protein environment with the Ca2+ ions stabilizes ligands
such as resveratrol and stilbene, stronger than the protein
environment with the Mg2+ ions. However, for the other
ligands studied the protein environment with Mg2+ stabilizes
the ligand more strongly than the protein environment
with Ca2+. Resveratrol and stilbene both have less flexible
geometries, where internal rotations around the single C–C
bonds between phenyl rings and a C=C double bond
are constrained by steric interactions of phenyl hydrogen
atoms. Less flexible geometries prevent those molecules from
penetrating deeper into the protein active site and keeps
them constrained on the surface of the binding pocket. The
other ligands show much more flexible geometries, giving
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Figure 8: Stereoview of QM/MM model for T3 (gold, Ca2), T4ac (beige, Ca1), and T4 (green, Ca1) bound in αvβ3 integrin at the RGD
binding site. The electrostatic surface for integrin is shown. Red is negative and blue is positive surface. αv domain is green and β3 domain
is cyan. Figure drawn with PyMol.
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Figure 9: Stereoview of αvβ3 integrin RGD electrostatic surface showing GC-1 (violet) and T3 (gold, Ca2) near the RGD binding site.

greater opportunity to penetrate deeper into the protein
active site. Deeper penetration of the protein active site by
estradiol, GC-1, T3, T4, and T4ac, increases the interaction
between the ligand and the divalent cations, particular for
Mg2+, and this effect is observed in these calculations.

Table 2 shows the values of the induced dipole moment of
the ligands, obtained in the protein and water environments.
The largest induced dipole moment is observed for estradiol
bound in the presence of Mg2+, which has a value of 3.8 debye
relative to the induced dipole moment of this ligand in water.
The similar increased induced dipole moment in the protein
with Mg2+ is also observed in these calculations for T4.

Although it is not systematically observed for all ligands,
there is a correlation between a value of the induced dipole
moment of the ligand and its interaction energy with the

surrounding environment that is caused by two effects. The
first is related to the change of the molecular geometry by
steric interactions between atoms of the ligand and atoms
of the active site pocket, or atoms of a first solvation shell
of water. The second effect is related to polarization of the
electronic density of the molecule by an electrostatic field
of the protein or water surroundings. These calculations
show the second effect is more important. The change of the
electronic density of the ligand inside the protein or water,
observed as an induced dipole moment, generates a stronger
attraction between polarized electrons of the ligand and the
electrostatic field of the protein or water. As a consequence,
the stronger attraction increases the total interaction energy
between the ligand and the protein or water. The interaction
energies show a strong stabilization effect of the bound ligand
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Figure 10: Stereoview of αvβ3 integrin RGD showing cis-resveratrol (green, Ca1), cis-resveratrol (yellow, Ca2), trans-resveratrol (beige,
Ca1), and trans-resveratrol (grey, Ca2) and the residues that make contact with the RGD site. The purple spheres are Mg2+ ions.
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Figure 11: Stereoview of αvβ3 integrin RGD showing cis-stilbene (gold, Ca1), cis-stilbene (cyan, Ca2), trans-stilbene (green, Ca1), and
trans-stilbene (purple, Ca2) and the residues that make contact with the RGD site.

to integrin. However, these QM/MM calculations do not
include polarization effects of the protein or water by the
ligand that is inside these two environments. The QM/MM
calculations have been performed using an approach in
which all atoms of the protein or water are represented by
molecular mechanical atoms, and therefore they cannot be
polarized. Consequently, if polarization of the protein (or
water) is included in the QM/MM calculation, the calculated
interaction energy between the ligand and the surrounding
environments is expected to be even larger.

These studies reveal that there are two important effects
responsible for the stabilization of the small molecules inside
the active site of integrin binding domain. The first effect
is related to internal flexibility of the molecule which yields
better penetration of the molecule into the protein active

site, and consequently it increases its stabilization. The
second effect is related to polarization of electronic density
of the molecule, by the electrostatic field of the protein
(or water). Greater molecular polarization is responsible
for a larger induced dipole moment, which consequently
interacts more strongly with the surrounding protein (or
water) environments. Therefore, it can be finally concluded
that both molecular flexibility and molecular polarizability
of the ligands are the main forces responsible for strength of
the binding process of the small molecules to αvβ3 integrin.

5. Conclusions

Recent data have shown that the hormone receptor on
αvβ3 integrin enables the thyroid hormones T4 and T3
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Figure 12: Stereoview of αvβ3 integrin RGD showing two orientations for estradiol (Ca2, (violet) and Ca2 (gold)).
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Figure 13: Stereoview of QM/MM model for T4 (cyan, Ca1), trans-resveratrol (yellow, Ca1), and RGD peptapeptide (violet) bound in αvβ3
integrin at the RGD binding site. The electrostatic surface for integrin is shown. Red is negative and blue is positive surface. αv domain is
green and β3 domain is cyan. Figure drawn with PyMol.

to stimulate cancer cell proliferation and angiogenesis and
to regulate the activity of certain membrane pumps [28].
The results of these QM/MM modeling studies for a series
of thyroid or steroid-like ligands (Figure 2) bound to the
αvβ3 integrin reveal that these ligands have multiple modes
of binding near the RGD peptide binding site that was
shown to occupy a shallow crevice between the propeller
and βA domains of the integrin head [4] (Figure 1). The
most notable observation from these studies is that the
thyroid hormone analogues probe significantly different
conformational space near the RGD recognition site and that
these modes can be correlated with their biologic response to
signaling via the integrin. Furthermore, the binding modes
for T3 and T4ac are consistent with pharmacodynamic data
that indicate the presence of two discrete binding sites for

T3 that control distinct downstream signal transduction
pathways [28, 40]. Comparison of the low-energy binding
modes for thyroid hormones suggest that the positions of
T4 and T4ac illustrated in Figure 8 are consistent with data
that shows T4ac blocks T4 binding to integrin. The different
binding positions of T3 (Figure 5) are also consistent with
data that suggest two discrete, but close, binding sites that
activate different downstream signaling pathways [28].

The binding of resveratrol has been shown to interact
primarily with the β3 monomer of integrin, activating the
ERK1/2 pathway [18, 30]. These QM/MM modeling data for
cis- and trans-resveratrol indicate that both conformers have
intermolecular interactions with the side chain residues of
the β3 domain, although the cis-conformer which is flipped
end to end with those of the trans conformers can potentially
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be involved in more hydrogen bond interactions (Figure 10).
Furthermore, comparison of the binding of resveratrol with
T4 and T4ac (Figure 13) suggests a mechanism of ligand
recognition that is compatible with the observed down-
stream biological responses.

The QM/MM modeling data presented here show that
these ligands have flexible binding modes and that some
ligands can bind in either a forward or reverse direction near
the RGD recognition site. This flexibility in their low energy
conformations suggests that each ligand can selectively take
advantage of specific interactions within the local environ-
ment and with the metal binding sites. The observation of
multiple binding pockets near the RGD recognition site also
indicates that there may be subtle changes in the integrin
binding site that can dictate binding to alternate sites that
influence downstream signaling pathways.
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Since in most cases biological macromolecular systems including solvent water molecules are remarkably large, the computational
costs of performing ab initio calculations for the entire structures are prohibitive. Accordingly, QM calculations that are jointed
with MM calculations are crucial to evaluate the long-range electrostatic interactions, which significantly affect the electronic
structures of biological macromolecules. A UNIX-shell-based interface program connecting the quantum mechanics (QMs) and
molecular mechanics (MMs) calculation engines, GAMESS and AMBER, was developed in our lab. The system was applied to a
metalloenzyme, azurin, and PU.1-DNA complex; thereby, the significance of the environmental effects on the electronic structures
of the site of interest was elucidated. Subsequently, hybrid QM/MM molecular dynamics (MD) simulation using the calculation
system was employed for investigation of mechanisms of hydrolysis (editing reaction) in leucyl-tRNA synthetase complexed with
the misaminoacylated tRNALeu, and a novel mechanism of the enzymatic reaction was revealed. Thus, our interface program can
play a critical role as a powerful tool for state-of-the-art sophisticated hybrid ab initio QM/MM MD simulations of large systems,
such as biological macromolecules.

1. Introduction

Ab initio quantum mechanical (QM) calculation is an im-
portant tool to investigate functional mechanisms of biolog-
ical macromolecules based on their three-dimensional and
electronic structures. The system size which QM calculations
can treat is usually up to a few hundred atoms despite of
huge sizes of biomacromolecules including solvent water
molecules. Accordingly, isolated models of interesting parts
of proteins (e.g., catalytic centers) have been studied in
QM calculations. However, the ignored regions in the QM
calculations, that is, proteins and solvent, surrounding the
catalytic centers, have been shown to contribute to the regu-
lation of electronic structures and geometries of the regions
of interest [1–12]. This implies that such QM calculations
using the isolated models of the catalytic centers have diffi-
culty in the understanding of biological systems.

To overcome these difficulties, quantum mechanics/mo-
lecular mechanics (QM/MM) calculations are utilized, in
which the system is divided into QM and MM regions. Here,

QM regions correspond to active sites to be investigated,
and they are described quantum mechanically. MM regions
correspond to the remainder of the system and are described
molecular mechanically. The pioneer work of the QM/MM
method was accomplished by Warshel and Levitt [12, 13],
and since then, there has been much progress on develop-
ment of QM/MM algorithm and applications to biological
systems [14–25]. Here, we describe the procedure of a novel
interface program connecting general software packages
to perform QM/MM calculations, and its applications for
investigating environmental effects of electronic structures of
active centers and mechanisms of enzymatic reactions. This
could be a solid basis for further applied scientific fields such
as biological and medical molecular design.

2. Energy Expression of QM/MM Calculation

In QM/MM method, an entire system is divided into two
into QM region, which is described by quantum mechanics,
and MM region described by molecular mechanics. Due to
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the presence of the interactions between the QM and MM
regions, the total energy of the entire system can be formally
written as follows:

E(ES) = E(QM) + E(MM) + E(QM, MM). (1)

The energy term of QM-MM interactions, E(QM, MM),
enables a more realistic description of the system, compared
with isolated QM calculations. With respect to the treatment
of the electrostatic interaction between the QM and MM
regions, QM/MM methods are divided into two groups, sub-
tractive and additive schemes. Subtractive schemes consist of
the three steps as follows; (1) an MM calculation on the entire
system, (2) a QM calculation on the QM region, and (3) an
MM calculation on the QM region. Then, QM/MM energy
of the entire system can be formulated as follows:

Esub(ES) = EMM(ES) + EQM(QM)− EMM(QM). (2)

The subscript indicates the type of calculation (QM or MM
calculation), and the region on which the calculation is
performed is described in parentheses. An advantage of the
subtractive schemes is simplicity. Explicit descriptions of
interactions between QM and MM regions are not required.
In addition, artifacts which might be caused by using link
atom schemes to cap the truncated bonds at the QM-
MM boundary (described below) can be avoided. On the
other hand, disadvantages of the subtractive schemes are the
following: (1) force fields are required for describing the
QM region which often includes ligands and intermediate
structures of enzymatic reactions; in general, reliable force
fields of the molecules are not prepared, and additional QM
calculations should be carried out for the parameterization
every time a new system is studied; (2) the electrostatic
interactions between the QM and MM regions are described
at molecular mechanics level; that is, the interactions are
calculated by the Coulomb interactions between fixed atomic
charges in the QM and MM regions. Such description can-
not represent polarization of the QM region induced by
environment surrounding the QM region.

In contrast, the additive schemes can take into account
the polarization effects. The energy for the additive schemes
is given in (3)

Eadd(ES) = EMM(MM) + EQM(QM) + EQM/MM(QM, MM).
(3)

A characteristic feature of this scheme is the presence of the
energy term with respect to the interactions between QM and
MM regions, described as follows:

EQM/MM(QM, MM) = Eelec
QM/MM(QM, MM)

+ Ebonded
QM/MM(QM, MM)

+ EvdW
QM/MM(QM, MM).

(4)

To calculate electrostatic interactions, that is, the first term
in the left side of (4), one-electron integrals in the QM
Hamiltonian incorporating MM partial charges can be used
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The symbols qj are the MM partial charges located at R j .
Qk are the nuclear charges of the QM atoms at Rk, and ri
represents electron positions. N , M, and L represent number
of electrons, MM atoms to be incorporated into the one-
electron integrals, and QM atoms, respectively. Using the
additive scheme, the electronic structures of the QM region
are affected by the charge distribution of the environment.
An advanced approach is to consider polarization of the MM
region by the QM region (i.e., to allow the partial charges to
be changed according to changes in the electronic structure
of the QM region). However, polarizable force fields with
broader applications have not yet emerged, despite many
efforts to account for the polarization effects [26, 27]. A
solution of this problem was recently proposed, and the
scheme was applied to molecular dynamics (MD) calculation
involving Na+-π interaction, since the polarization effect is
important to describe this type of interaction [28].

Note that a problem arises in the case that a covalent
bond crosses the boundary between QM and MM regions
(e.g., the side chain of an amino acid is assigned to the QM
region, while its backbone is assigned to the MM region).
Obviously, electronic valence state of the QM subsystem
should be closed in the QM Hamiltonian. A traditional
approach to reconstruct a saturated valence structure is link
atom method [29]. Each bond between such boundary atoms
in the QM and MM regions is capped by a hydrogen atom;
this link atom is placed along the bond vector between the
QM and MM atoms at a distance of∼1 Å. This new particle is
treated as a QM atom. Although its simplicity is an advantage
of this method, introducing the additional atom which does
not exist in the real system causes several problems. A
serious one is overpolarization problem, where the electronic
structure of the QM region is unphysically polarized by the
“strong” partial charge of the boundary MM atom in the case
of using the additive scheme, since the link atom is spatially
very close to the boundary atoms [21, 29]. In the cases of
calculations where small, localized basis sets are employed,
the unphysical polarization effects are less serious. However,
the effects are more severe in the cases where flexible basis
sets are used, such as larger basis sets including polarization
and diffuse functions and, in particular, plane waves [21].

Several schemes have been devised to avoid the overpo-
larization issue: (1) not computing the one-electron integrals
regarding the link atoms and MM partial charges [13, 30],
(2) assigning zero to the partial charges of the MM atoms
replaced with the link atoms [31], and (3) introducing
distributed charges by using Gaussian functions centered
at the positions of the MM atoms close to the QM region
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[32, 33]. Generalized hybrid orbitals (GHOs) method is a
major method to overcome the disadvantage of the link
atom method, which originats from local self-consistent field
(LSCF) method [34–40]. In this method, “auxiliary” and
“active” orbitals are located on the MM boundary atoms,
respectively. By incorporating the active orbital, which is
directed towards the QM boundary atoms into SCF calcula-
tion, the valency of the QM subsystem is satisfied, while the
auxiliary orbitals are fixed during the SCF calculation.

3. Computer Programs for
QM/MM Calculations

To conduct QM/MM calculation, several programs are avail-
able. For example, for MM calculations, AMBER [41, 42]
and CHARMM [43], both of which are widely used program
packages, include components for QM calculation in their
main packages. A widely used software package for QM cal-
culation, Gaussian [44], has the MM components for
QM/MM calculation. An effective approach to carry out
QM/MM calculation is to connect existing QM and MM
software packages by an interface program. ChemShell [45],
QoMMM [46], and PUPIL [47] belong to this category. An
advantage of this approach is to enable us to utilize character-
istic program modules that each package has (e.g., efficient
algorithms for expanding conformational spaces sampled
in molecular dynamics simulations implemented in MM
packages and algorithms to find optimal reaction paths and
stationary points on potential energy surface implemented in
QM packages).

We recently developed an interface program to couple
AMBER [48] and GAMESS [49] for QM/MM hybrid cal-
culations [11]. Thereby, we can employ various ab initio
calculations as the QM part in QM/MM calculations, while
just semiempirical methodologies are available in AMBER.
Figure 1 shows a schematic architecture of our calculation
system. Roles of the interface program are (i) to control the
sequence of steps for the QM/MM optimization and MD
simulation and (ii) to exchange information between those
two program packages. At the first stage of a calculation
cycle, a single-point calculation is performed in GAMESS
regarding a coordinate set of a system. This yields two types
of forces, that is, (1) the forces on QM atoms from the QM-
QM and QM-MM interactions and (2) the forces on the MM
atom derived from the QM-MM interactions. To calculate
the second force, the contribution from the QM atoms to
the MM atoms is calculated by integrating the interaction
between the partial charges of MM atoms and the electron
density at each grid point of the quantum region, as shown
in (6)

FMM
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In the equation, qm is a partial charge in a MM atom
and N is the total number of electron density points. dqj
designates a small volume on the electron density grid, dqj =
ρjdx dy dz. This manner of the calculation of the forces on

the MM atoms is more accurate than the manner that such
forces are calculated by approximating QM charges using
Mulliken and RESP charges. With respect to the coordinate
set, AMBER is responsible for calculating (1) forces from van
der Waals (vdW) interactions between all atoms of the system
and (2) forces on MM atoms from MM-MM interactions.
After those calculations, the interface program combines the
forces calculated by GAMESS and AMBER. At this step,
mapping of the relationship between QM and MM atoms
is required, since the manner of atom numbering in one
program package is different from that of the other one.
In order to reduce the overhead cost regarding this process
(in particular, the computational time required would be
increased, when treating a solvated biomacromolecules over
100,000 atoms), we employ the combination of UNIX shell
and C programming. Finally, using the combined forces,
AMBER updates the coordinate set in the case of geometry
optimization and MD simulation. The issues on the treat-
ments of electrostatic interactions between QM and MM
regions are important in the calculation efficiency and have
also been discussed previously [50, 51].

4. Investigation of Environmental Effects on
Electronic Structure of QM Region

In this section, we discuss the effects of the environmental
structures on the electronic state of the active centers of some
biological macromolecules. First, we take a metalloenzyme as
an example of such an analysis. Metalloenzymes are involved
in various biological functions such as electron transfer,
binding of dioxygen, storage of metals, turnover of sub-
strates, and configuration of protein structure [52, 53] and
are studied in various research fields, such as biochemistry,
inorganic chemistry, biophysics, bioengineering, and medi-
cal sciences. Understanding the coordination geometry and
electronic structure of metal active sites in the metallo-
enzymes is of fundamental biophysical importance to gain
insight into the structure/function correlation of these bi-
ological macromolecules. Azurin is one of the metalloen-
zymes, whose biological function is electron transfer. The
copper ion bound to its active site is coordinated by five
amino acid residues, a cystein (Cys), two histidines (His),
methionine (Met), and a backbone carbonyl oxygen of
glycine (Gly) (Figure 2) [54].

We performed QM/MM calculations of the active site of
azurin using both of the subtractive and additive schemes
to assess the polarization effects of the environment on the
geometry and electronic properties of the active center and
compared those two results [55, 56]. The spin-unrestricted
Hartree-Fock (UHF)/density functional theory (DFT) hy-
brid all-electron calculation with the B3LYP functional was
adopted as the QM Hamiltonian. The detailed theoretical
methodologies are previously described [11]. The compari-
son of the optimized structures obtained by the two schemes
showed that the additive scheme gave the electronic property
more consistent with spectroscopic experiment than the
subtractive scheme. In the experiments, the contribution of
3p-orbital character of sulphur atom (S) of Cys112 was 45%
in the SOMO (Figure 3) [57]. In our QM/MM calculation,
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Figure 1: The QM/MM scheme used in the present calculation system. QM(n) and QM(e) represent nuclei and electrons in the QM regions,
respectively.
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(a)

(b)

Figure 2: Stereoview of the three-dimensional structure of azurin (a) and its active site (b).

the spin polarization was significantly improved in model
I (50%) compared to model II (57%). This indicates that
the explicit inclusion of electrostatic interaction by the QM
Hamiltonian is essential for the calculation of the copper site.

Further, we found that some occupied MOs are affected
by the environment. For example, with respect to the MOs
dominantly occupied by 2p orbital of O atom of Gly45 (the
backbone carbonyl), their energy levels in models I and II
are different, as shown in Figure 4 [56]. In terms of the
geometries, different descriptions of the copper coordination
geometry were obtained, particularly for the coordinative
bonds including a large dipole: Cu–O (Gly45) and Cu–
S (Cys112). Thus, it is suggested that modification of the
QM Hamiltonian to interact with the long-distance partial
point charges of the environment is crucial for an accurate
QM/MM description of the geometrical and electronic
properties of metal active sites.

Next, to quantify the effects of the surrounding MM
atoms on the electronic structures of the QM region, we take
a solvated protein-DNA complex as the second example, that
is, PU.1 in a complex with the target double-stranded DNA
molecules (Figure 5). PU.1 is a member of the Ets family of

proteins, which consists of transcriptional factors that regu-
late gene expression for biological growth and development.
They share a conserved domain composed of around 85
amino acid residues, which binds with the consensus DNA
sequence, 5′-GGAA-3′, as the core sequence in the DNA.
As the calculation of azurin mentioned above, we employed
the two schemes, where the QM region was assigned to the
consensus DNA sequence and the amino acid residues which
recognize the sequence. The comparison of the molecular
orbitals (MOs) obtained in the additive scheme with those
obtained in the subtractive scheme revealed that the order of
some MOs is shifted and that the surrounding MM atoms
have significant impacts on the energy of MOs [11]. This
result also emphasizes the crucial importance of considering
the long-range electrostatic effects from MM atoms and
suggests that biological functions involved in active sites
are modulated through long-range electrostatic interactions
with the surrounding regions. Actually, it was reported ex-
perimentally that Bam HI, which binds the specific DNA
core sequence, is supposed to protect the native electronic
states of guanine bases from damages (caused by radicals)
by regulating the oxidation potential of the DNA [58]. This



6 Journal of Biomedicine and Biotechnology

Figure 3: Singly occupied molecular orbital (SOMO) of the catalytic site of azurin in the oxidized state (stereoview).

Model I Model II

1.8 kcal/mol

2   orbital of S atom of Met121p

(a)

Model I Model II

8.6  kcal/mol

2   orbital of O atom of backbone (Gly45)p

(b)

(c) (d)

Figure 4: (a) The energy difference of 2p orbitals of S atom of Met121 between models I and II is small. (b) In contrast, the energy difference
of 2p orbitals of O atom (the backbone) of Gly45 between models I and II is larger. (c) The MO which is mostly occupied by 2p orbital of S
atom of Met121 is shown (stereoview). (d) The MO which is highly occupied by the peptide group of Gly45 is shown (stereoview).

suggests that protein can modulate the electronic states of
DNA molecules, thereby playing a crucial role in the biolog-
ical functions.

Furthermore, with respect to the PU.1-DNA complex, we
investigated relationship between energies of MOs of DNA
bases and the DNA recognition by PU.1 using the hybrid
QM/MM calculations [59]. In the complex, PU.1 masks
some DNA bases from the solvent through hydrogen bonds
and van der Waals contacts. Accordingly, the magnitude of
the masking by the protein is, in general, corresponding to
the recognition mode of DNA and the protein. The analysis
using the hybrid QM/MM calculations revealed that the

MO energies of some DNA bases strongly correlate with the
magnitude of masking of the bases from the solvent by the
protein. Moreover, in the complex, PU.1 causes a variation
in the magnitude of the masking among DNA bases through
directly recognizing the bases and inducing structural chan-
ges of the DNA structure from the canonical one. In this way,
the strong correlation of the MO energies and the magnitude
of masking DNA bases from the solvent by protein is the first
evidence showing the close quantitative relationship between
recognition modes of bases and the energy levels of the
corresponding MOs. This also means that the electronic state
of each base is highly regulated by the DNA recognition of
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Figure 5: Stereoview of the three-dimensional structure of the complex of PU.1 and DNA. DNA recognized by PU.1 is shown by the green
and light blue CPK model. PU.1 is represented by ribbon model.

the protein. Other biological macromolecular systems can be
expected to also possess modulation mechanisms, suggesting
that this provides a novel basis for the understanding of the
regulation functions of biological macromolecular systems.

5. Investigations of Enzymatic Reactions:
A Novel Catalytic Mechanism by
a Hybrid Ribozyme/Protein Catalyst

The following study is an example of applications of
hybrid QM/MM MD simulation to enzymatic reactions.
Aminoacyl-tRNA synthetases play a critical role in decoding
genetic information through catalyzing attachment of their
cognate amino acid to 3′-end of the specific tRNA. The
fidelity of translation is assured by their strict discrimination
of the cognate amino acids from noncognate ones. However,
several systems have difficulties in the strict discrimination
of their specific amino acids, producing misaminoacylated
tRNAs [60, 61]. To avoid this error, the enzymes have editing
function to hydrolyze the mis-products by themselves, but
detailed mechanisms are not known due to the absence of
experimental structures of aaRSs in complex with tRNA
bound to the active site of the editing reaction. The crystal
structure of Thermus thermophilus leucyl-tRNA synthetase
(LeuRS) in complex with tRNALeu bound to the connective
polypeptide (CP) 1 domain on which the active site of the
editing reaction is located was determined [62]. LeuRS is
one of aaRSs possessing the editing function. Exploiting
this crystal structure, we performed structural modeling
of the LeuRS•tRNALeu complex, for which an incognate
amino acid, valine, is attached to A76 of tRNALeu [63],
and identified the water molecule corresponding to the
nucleophile of the hydrolysis (Figure 6) [64].

Furthermore, we elucidated the mechanism for the
nucleophilic water to approach the electrophilic atom, that is,
the carbonyl carbon of the misattached valine: the hydrogen
atom attached to the O3′ atom of the ribose of A76 (3′-
HO) is required to be translocated for the nucleophilic water

to approach the carbon. In other words, the 3′-HO plays
roles as a “gate” to regulate the access of the nucleophile
(Figure 6(b)) [64]. Then, in order to investigate changes in
electronic structures on the gate opening, we performed
hybrid QM/MM calculations using the above-mentioned
interface program.

As a result, in both of opened and closed states, the lowest
unoccupied molecular orbital (LUMO) is localized on the
carbonyl group of the substrate, which contains an anti-
bonding character regarding the C–O2′ bond. This indicates
that the carbonyl carbon atom can accept electrons from the
nucleophile and that the electron donation results in the
cleavage of the bond. Furthermore, with respect to the nu-
cleophile, the energy difference between LUMO and the MO
which includes a major contribution from the valence p-
orbitals of the oxygen atom of the nucleophile decreases on
gate opening. This indicates that the nucleophilic attack is
facilitated on gate opening. Thus, the initial phase of the
editing reaction in the LeuRS•tRNALeu complex was iden-
tified in terms of the changes of the electronic structures.

Moreover, to elucidate the editing mechanisms, we per-
formed hybrid QM/MM MD simulations [65]. We examined
four possible schemes of the reaction and identified the most
feasible pathway, in which the nucleophilic water is activated
by the 3′-OH of tRNALeu and the O2′ atom is capped by a
hydrogen atom of the water. This means that the editing is
actually a self-cleavage reaction of the tRNA; that is, editing
is a ribozymal reaction. However, it should be noted here that
the protein also contributes to the reaction, by (i) stabilizing
the transition state and (ii) increasing the catalytic power of
the 3′-OH to activate the water through the formation of
the hydrogen bond networks. Furthermore, the importance
of opening the H-gate was also confirmed in the hybrid
QM/MM MD simulations. Considering the contributions of
the protein moiety to this ribozymal reaction, we concluded
that editing is achieved by a “hybrid ribozyme/protein
catalyst,” which represents a novel enzyme category.

Recently, a similar theoretical analysis of the editing
mechanism was conducted by employing our fully-solvated
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Figure 6: (a) The three-dimensional structure of the LeuRS•valyl-tRNALeu complex (stereoview). The active site of editing is shown by a
black circle. (b) Close-up view of the editing site in the LeuRS•valyl-tRNALeu complex. The valine-attached A76 and the nucleophilic water
molecule are shown. The backbone of tRNALeu is shown using the tube representation colored in cyan. Our calculations showed that OH3′

activates the nucleophilic water molecule, which is the trigger of editing reaction as well as the opening of the “H-gate”.

structural model [63, 64], and the author reported almost
the same reaction mechanisms as described above [66].
The small difference seems to be another alternative initial
reaction pathway that was observed in the more recent study.
However, this difference found in the more recent study
would be due to the inappropriate QM regions lacking the
crucial atoms, and so on (also see Simulations 2 and 4 and
the discussions in Hagiwara et al., [65]).

The above-mentioned result is consistent with the widely
accepted, but unproven, scenario of the evolution of life,
which proposes that proteins previously just acted as chap-
erones and subsequently replaced such functional ribozymes
[67]. Further, we could propose a broader scenario by
introducing a novel stage of evolution, where tRNA itself

acquired the ability to play the catalytic roles and employed
the proteins to enhance the catalysis; this can be called the
“hybrid catalyst world,” which previously existed on the earth
and played a critical role in generating our modern world of
life.

6. Conclusions

To connect the QM and MM calculation engines, GAMESS
and AMBER, a UNIX shell-based interface program, was
developed in our group. Overhead costs of the UNIX shell
which arise from treating huge amount of information
such as number of atoms of a solvated system of the
biological system were avoided using C programs and
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modifications of the AMBER and GAMESS source code. The
GAMESS and AMBER engines used in our system are highly
efficient for parallelization; therefore, our system is suitable
for simulations of large molecular systems. This system was
applied to a metalloenzyme, azurin, and PU.1-DNA com-
plex, and the significance of the environmental effects on
the electronic structures of the site of interest was revealed.
Subsequently, the system was employed for investigation of
mechanisms of editing reaction in LeuRS, and the productive
enzyme·substrate complex was identified as an initial state of
the enzymatic reaction. Then, the reaction pathways of the
editing reaction occurring in the complex of LeuRS and mis-
aminoacylated tRNALeu were investigated, and thereby the
catalytic mechanism was identified. The revealed mechanism
is consistent with the biochemical experimental result. This
mechanism led us to finding a novel type of enzyme, that
is, a hybrid ribozyme/protein catalyst. Thus, our interface
program can play a critical role as a powerful tool for so-
phisticated hybrid QM/MM MD simulations of large sys-
tems, such as biological macromolecules. Such a state-of-
the-art theoretical methodology could also be a solid basis
for applied scientific fields such as pharmaceutical molecular
design.
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Maintenance of the cellular redox balance has vital importance for correcting organism functioning. Methionine sulfoxide
reductases (Msrs) are among the key members of the cellular antioxidant defence system. To work properly, methionine sulfoxide
reductases need to be reduced by their biological partner, thioredoxin (Trx). This process, according to the available kinetic data,
represents the slowest step in the Msrs catalytic cycle. In the present paper, we investigated structural aspects of the intermolecular
complex formation between mammalian MsrB1 and Trx. NMR spectroscopy and biocomputing were the two mostly used through
the research approaches. The formation of NMR detectable MsrB1/Trx complex was monitored and studied in attempt to
understand MsrB1 reduction mechanism. Using NMR data, molecular mechanics, protein docking, and molecular dynamics
simulations, it was found that intermediate MsrB1/Trx complex is stabilized by interprotein β-layer. The complex formation
accompanied by distortion of disulfide bond within MsrB1 facilitates the reduction of oxidized MsrB1 as it is evidenced by the
obtained data.

1. Introduction

Oxygen is vital for all aerobic biological processes. However,
about 5% of it is converted into reactive oxygen species
(ROS) [1]. Methionine residues in proteins are susceptible
to oxidation by reactive oxygen and nitrogen species leading
to formation of methionine sulfoxide (MetSO). This modi-
fication can result in loss of proteins’ function [2]. Organ-
isms developed a complex antioxidant defence system that
includes enzymatic and nonenzymatic antioxidants [3–5].
Methionine sulfoxide reductases (Msrs) are redox repairing
enzymes which reduce MetSO back to methionine (Met). A
number of published reports describe the role of methio-
nine sulfoxide reductases in antioxidant defence and the
regulation of protein function [6–10]. Methionine sulfoxide

reductases reduce both free and protein-bound MetSO, back
to Met in the presence of thioredoxin (Trx). Two distinct
families constitute Msrs: MsrA, which specifically reduces S-
epimer, and MsrB, which is stereospecific for R-epimer of
methionine sulfoxide [11–14].

Mammalian MsrB enzymes constitute three different
subclasses: MsrB1, MsrB2, and MsrB3 [15–20]. All of them
contain Zn2+ ion, coordinated by two motifs CxxC (two
cysteines separated by two residues), which stabilize their
structure. Whereas mammalian MsrB1 contains a resolving
cysteine (Cys4) and catalytic selenocysteine (Sec95) in its
active site, the other two subclasses, MsrB2 and MsrB3, in
analogy with bacterial MsrBs, contain only catalytic cysteine
[21–24]. NMR solution [25] and X-ray crystal (PDB entry
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3MAO) structures of mammalian MsrB1 have recently been
determined.

Reduction of methionine sulfoxide by selenocysteine
containing MsrB1 is a multistep process [24, 25]. First, a
catalytic Sec95 attacks a sulfoxide moiety of the substrate,
MetSO, resulting in the formation of selenenic acid inter-
mediate and concomitant release of methionine. Second,
a resolving Cys4 attacks the selenenic acid intermediate to
form an intramolecular selenide-sulfide bond, and finally, a
fully reduced enzyme is regenerated by reduction of the latter
bond with thioredoxin, a natural electron donor (Scheme 1).
It has been established that thioredoxin is the natural re-
ducing agent for the members of Msr family, though DTT
can be used as the reductant in vitro [14, 24, 26]. Reduction
of oxidized MsrB2 and MsrB3 as well as of the most bac-
terial MsrBs occurs through a similar mechanism without
formation of the intramolecular disulfide bridge. However, it
was reported that bacterial MsrB from Neisseria meningitides
upon oxidation form intramolecular disulfide bridge [27].
It was shown that its reduction by Trx is overall rate-limit-
ing step of MsrB cycle and it is described as an apparent
irreversible process.

Thioredoxin is a ubiquitous protein that plays an impor-
tant role in maintaining redox balance in cells [28]. In most
of its reactions, Trx reduces substrate disulfide bond. The
proposed mechanism of Trx-catalysed substrate disulfide
reduction [29–31] includes nucleophilic attack by thiolate
of Cys32 supported by hydrophobic interactions resulting in
transient mixed disulfide formation followed by nucleophilic
attack of the resolving Cys35 generating Trx-S2 and reduced
protein.

Summarising, reduction of MsrBs (mammalian and bac-
terial) disulfide bond by Trx, can be described by the fol-
lowing steps. First, thioredoxin and MsrB form an intermo-
lecular complex. In the second step, the just-formed inter-
molecular bond gets resolved by the thioredoxin resolving
cysteine 35, followed by the formation of reduced MsrB
and oxidized Trx. Subsequently, the S–S bridge of oxidized
thioredoxin is further reduced by NADPH and the specific

FAD-containing enzyme thioredoxin reductase. Some stud-
ies suggest that specific structural recognitions exist between
oxidized substrate disulfide bond and reduced Trx [14, 32].
The knowledge of the structure aspects of the MsrB/Trx
complex formation would help to understand full catalytic
mechanism of methionine sulfoxide reductases.

Here, we have investigated the structural aspects of the
interaction between mammalian oxidized MsrB1 and re-
duced thioredoxin. Mutants of MsrB1 and Trx were pro-
duced in order to get an intermolecular complex suitable
for its investigation using NMR spectroscopy. Firstly, since
Sec-containing MsrB1 is not possible to express in bacterial
cells, Sec95 of MsrB1 was replaced by Cys giving Sec95Cys
mutant (hereafter MsrB1). Further, thioredoxin containing
a Cys35Ser mutation (hereafter Trx) was obtained as this
modification removes the second resolving Cys35 leading
to the formation of a detectable intermediate MsrB1-Trx
(Scheme 2). The resultant MsrB1-Trx complex is stable
and could, therefore, be structurally characterized by NMR
spectroscopy and with the aid of computational approach.

2. Materials and Methods

2.1. Microorganisms and Plasmids. The genes of C-terminal
his-tagged mouse MsrB1 (Sec95Cys) and human Trx
(Cys35Ser) mutants, cloned into pET21 expression vectors
were kindly provided by Professor V. Gladyshev’s group.
Escherichia coli strains ER2566 (New England Biolabs) and
BL21 (DE3) (Novagen) cells were respectively transformed
with the constructs using the standard protocol [33]. The
transformed cells were spread on several LB agar plates con-
taining 100 mg/L of ampicillin and were further stored at
4◦C.

2.2. Protein Expression, Purification, and Sample Preparation.
E. coli BL21(DE3) cells carrying plasmid pET21-Trx and
E. coli ER2566 cells containing pET21-MsrB1 were grown
in LB-media with 100 mg/L ampicillin. To uniformly label
proteins either with 15N or with 15N-13C, cells were grown in
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M9 minimal media containing 1 g/L 99%-enriched 15NH4Cl,
4 g/L 13C6-glucose and 100 mg/L of ampicillin. MsrB1 and
Trx were expressed, by growing host cells at 37◦C until
an OD600 reached 0.8, followed by induction of protein
synthesis with 1 mM IPTG and subsequent incubation for 3 h
at 37◦C. Cells were harvested by centrifugation and disrupted
by sonication in 50 mM phosphate buffer, pH 8.0, containing
400 mM NaCl, 0.01% Tween 20 (Sigma Aldrich); 5 mM
β-mercaptoethanol as well as complete protease inhibitor
cocktail (Roche) (1 tab for 50 mL).

Cell extract was clarified by centrifugation and filtering
through 0,45 μm filter. Clear supernatant was loaded onto
the preequilibrated in binding buffer (50 mM Na phosphate
buffer, pH 8.0, 400 mM NaCl, 5 mM β-mercaptoethanol,
and 5 mM imidazole) Ni-NTA column (Novagen). The
column was step-washed with the increasing concentration
of imidazole (5, 10, and 20 mM) in binding buffer followed
by elution of protein with 250 mM imidazole in binding
buffer. The purity of the samples was examined with SDS-
PAGE gel (Invitrogen). The yield of the proteins per liter of
growth medium was 20 mg and 10 mg for MsrB1 and Trx,
respectively.

The obtained reduced MsrB1 was further subjected to
oxidation by excess of dabsyl-Met-R-SO (kindly provided by
Professor H-Y. Kim) for 3 h at 25◦C in 20 mM phosphate
buffer, 20 mM NaCl, and pH 7.5. The final NMR MsrB1ox

and Trxred samples contained 1,5–2 mM of protein in 10 mM
NaCl, 10 mM phosphate, pH 5.5, 90%H2O, 10% D2O buffer.
The sample for the backbone assignment of reduced double
enriched Trx (15N- and 13C) also contained 5 mM DTT.

2.3. NMR Spectroscopy. All NMR spectra were recorded
at 298 K either on Bruker Avance 600 MHz spectrometer,
equipped with 5 mm z-gradients TXI (H/C/N) cryoprobe at
the NMR centre of NT faculty, NTNU or Varian DirectDrive
NMR System 700 MHz spectrometer, equipped with 5 mm
z-gradients salt tolerant H/C/N probe at the SPbSPU. Proton
chemical shifts were referenced to external 3-(trimethylsilyl)-
propane-sulfonic acid sodium salt (DSS), while 15N and
13C chemical shifts were referenced indirectly to a liquid
ammonia and DSS, respectively, based on the absolute
frequency ratios [34].

The comparison between reduced and oxidized forms
of MsrB1 was performed by analyzing 2D 15N-1H HSQC
spectra of both reduced and oxidized MsrB1. The spectra
were acquired using pulse sequence from the standard pulse
sequence library. N-H coupling constant was set to 90 ms, the
relaxation delay in HSQC experiments was of 1 s. 2048 com-
plex points were collected in F2 dimension, while 256 were
collected in F1 dimension. 32 scans per each transient have
been recorded.

1H, 13C, and 15N backbone resonance assignments
for Trx protein were achieved using 15N HSQC, HNCA,
CBCA(CO)NH, CBCANH, HBHANH, HBHA(CO)NH,
and 15N NOESY NMR spectra from the standard pulse
sequence library.

The NMR data were processed with the BRUKER XWin-
NMR version 3.5 and Varian VNMRJ version 2.2C software.

Spectral analysis was performed using CARA version 1.8.4.2
[35].

In order to map the interacting sites of both Trx and
MsrB1 proteins, that is, to determine which aminoacids are
involved in the formation of the interprotein complex, NMR
titration of each protein was performed. 15N-1H HSQC
of 15N labeled oxidized MsrB1 was recorded followed by
acquisition of the series of HSQC spectra of oxidized MsrB1
in the presence of increasing amounts of 15N-unlabeled Trx.
Likewise, the 15N-1H HSQC spectrum of 15N-enriched pure
Trx was recorded first, followed by the set of HSQC spectra of
Trx containing an increasing amount of unlabeled oxidized
MsrB1. All titration experiments were carried out three times
at 298 K at two different pH values 5.5 and 6.5 in order to
have statistically significant results.

2.4. Molecular Modelling. Structural calculations for MsrB1
and Trx and their complex were performed using molecular
modelling techniques, including molecular mechanics and
protein docking (Molsoft ICM Pro 3.6 program package
[36], ECEPP/3 force field [37]) as well as molecular dynamics
simulations (GROMACS program package version 4.0.7
[38], G53a6 force field [39]). VMD [40] and ICM Pro 3.6
program packages were used to visualize and analyze molec-
ular dynamics (MD) trajectories and the resulting averaged
spatial structures of the proteins and their complexes. The
initial sets of atomic coordinates of the proteins (reduced
forms) were taken from PDB (2kv1 and 3trx for MsrB1 and
Trx, resp.).

MD simulations were carried out using a standard
protocol including the following steps: energy minimization,
water box equilibration, and productive run. Both structures
of MsrB1 protein and four complexes of its oxidized form
with reduced Trx were placed in dodecahedral water box.
The box dimensions were chosen in such a way that water
shell around the protein structures was no less than 12 Å.
Water molecules were represented by SPC model [41]. The
intrinsic MsrB1 positive charge was neutralized with two
Cl− ions, and the negative charge of the protein complex
was neutralized by three Na+ ions. The energy minimization
procedure was executed with steepest descent method. Dur-
ing 300 ps equilibration of the water molecules surrounding
protein, spatial position of its atoms was constrained. The
equilibration procedure was followed by two productive runs
with 5 ns and 20 ns in order to separate proteins and their
complexes, respectively. Distances between Zn2+ ion and Sγ
atoms of the coordinating cysteines of MsrB1 (Cys23, Cys26,
Cys71, and Cys74) were restricted with help of harmonic
potential having a minimum at a value of 2.35 Å. The
averaged molecular structures were obtained by the cluster
analysis [42] after each productive run of MD.

MD integration step was equal to 2 fs. LINCS algorithm
[43] was used to constrain the covalent bond distances and
the valence angle values. The temperature of the system was
held at 300 K with velocity-rescale algorithm [44]. To hold
system pressure at 1 atm value, Berendsen barostate [45]
with the time constant for coupling, τ = 0.5 ps was used.
Long-range electrostatics was calculated with PME method
[46]. The cut-off distance of nonbonded interactions was
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set to 10 Å for van der Waals interactions and to 14 Å for
electrostatic interactions.

To obtain the disulfide bond between Cys95 and Cys4
residues in oxidized MsrB1, MD simulations in explicit
water box with the described above protocol were used,
except that the distance between Sγ atoms of two cysteines
was restrained at 2.8 Å with the force exceeding van der
Waals repulsion of these atoms. The disulfide bond itself
was formed and its geometry was optimized by molecular
mechanic procedures in ECEPP/3 force field implemented in
ICM Pro 3.6 program package. To construct the mutant form
Cys35Ser of Trx, the side chain of the mutated aminoacid
together with its neighbours situated within 5 Å radius, were
subjected to the energy minimization procedure in ECEPP/3
potential. The average structures of oxidized MsrB1 and
reduced Trx have been subsequently subjected to the protein-
protein docking in ICM Pro 3.6. This algorithm uses optimal
docking area parameter representing the protein surface
regions with the maximum dehydration energy arising upon
formation of the tight protein-protein contact. To reduce
conformational sampling calculations, only the “hot points”
that were situated near MsrB1 and Trx active sites were used
within the study. Interaction energies were calculated using
potential grids with 0.5 Å cells, and the truncated van der
Waals potential with maximum 1.0 kcal/mol was used.

The conformations of MsrB1-Trx complex, obtained
from docking, having a representative distance between Sγ
Cys95 of MsrB1 and Sγ C32 of Trx less than 10 Å, were taken
for further analysis and sorted into four groups depending
on the mutual orientations of the two proteins. Then, the
representative conformations from each of four groups were
refined by the above-described molecular dynamics simula-
tion methods.

3. Results and Discussion

3.1. Assignment of Oxidized MsrB1. Upon oxidation, MsrB1
undergoes structural changes caused by the intramolecular
Cys95/Cys4 disulfide bond formation [25]. In order to assign
1H and 15N NMR spectra of the oxidized MsrB1, the HSQC
spectra of MsrB1 protein in both oxidized and reduced states
were compared [25, 47].

This analysis revealed close similarity between the HSQC
spectra of both redoxed forms: the majority of the cross-
peaks assigned in the case of reduced MsrB1 protein re-
mained either at the same position in 1H-15N HSQC spectra
or their positions were slightly altered. This overall spectral
correspondence between reduced and oxidized forms of
MsrB1 allowed us to unambiguously identify and assign the
cross-peaks related to the most of the aminoacids of the
oxidized MsrB1. Nevertheless, the signal broadening and
the shift of some of the cross-peaks in the oxidized protein
corresponding to the residues either belonging to the
protein active site or situated in its vicinity were observed
(Cys4, Phe82, Cys95, and Ile96). The performed comparison
provided us with the assignment of the 1H and 15N chemical
shifts of oxidized MsrB1 protein and indicated that no major
structural changes occur in MsrB1 protein upon oxidation.

3.2. Assignment of Reduced Trx. The protein’s backbone
assignment was performed using a standard procedure. The
availability of the assignment of native human Trx (313 K,
pH = 5.5) [48] assisted in the obtainment of the present
assignment. As a result, 95% of all Trx aminoacids were
identified and assigned in the present study. The backbone
assignments of Trx’s 1H, 13C, and 15N nuclei were deposited
in BioMagResBank under accession number BMRB-16850.
The obtained within the study assignments for both oxidized
MsrB1 and reduced Trx provided a basis for our further
investigations on interaction between Trx and MsrB1.

3.3. Monitoring of Interaction of Oxidized MsrB1-Trx. NMR
spectroscopy is a commonly used technique for mapping
the interacting site of a protein upon complex formation
with its ligands. Within the study, it was performed the
NMR titration of oxidized MsrB1 with reduced Trx and vice
versa. To determine whether the interaction of these proteins
can be observed on NMR time scale and, in the positive
case, to determine which aminoacids from those proteins are
involved in the interaction, the following approach was used.
15N-enriched protein (either MsrB1 or Trx) was titrated with
nonenriched partner, and their interaction was monitored
by comparative analysis of 1H-15N HSQC spectra of a single
protein and the protein in the presence of its partner.
Since only one protein was enriched with 15N NMR active
isotope in each single experiment, the presence in solution
of another protein did not hamper the observation of 1H-
15N spectrum under analysis, and it was possible to clearly
identify aminoacids changing their NMR parameters (either
chemical shifts (shifting of the cross-peak) or relaxation rates
(broadening of the cross-peak)), which indicated that these
residues are involved in interaction with another protein.
This analysis allowed us to determine which aminoacids
from each protein are directly involved in the complex
formation.

3.4. The NMR Titration of Oxidized MsrB1 with Reduced
Trx. The titration of MsrB1 revealed its aminoacids involved
in binding with Trx. The integral chemical shift differences
calculated for all MsrB1 residues using the relationship
Δ1H + Δ15N/7 (Δ1H + Δ15N/5 for glycine residues) [49] and
plotted as a function of the aminoacid number, are shown in
Figure 1(a). These data show that the residues belonging to
the MsrB1 active site as well as their neighbouring residues
directly participate in interaction with reduced Trx (C4-F7,
E65, and C95-F97). It was also observed that the MsrB1
HSQC cross peaks corresponding to the residues revealing
the maximal shifts upon interaction with Trx became broad-
er (increase of transverse relaxation rates), thus supporting
our finding in pinpointing of the interaction relevant ami-
noacids. Altogether, our studies indicate that these MsrB1
residues are involved in protein complex formation with Trx.

3.5. The NMR Titration of Reduced Trx with Oxidized MsrB1.
The integral 1H-15N HSQC chemical shift differences for
all Trx residues plotted as a function of the aminoacid
number were obtained as described above and are shown in
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Figure 1: (a) Chemical shift difference observed for each residue of MsrB1 upon NMR titration by Trx. Lower panel shows in red the residues
belonging to the protein active site revealing maximal changes upon titration. (b) The 3D structure of oxidized mammalian MsrB1. “Hot
points” used for molecular docking are evidenced in red.
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Figure 2: (a) Chemical shift difference observed for each residue of Trx upon NMR titration by MsrB1. Lower panel shows in red the residues
revealing maximal changes upon titration. (b) The 3D structure of oxidized mammalian Trx. “Hot points” used for molecular docking are
evidenced in red.

Figure 2(a). The titration of Trx has revealed three aminoacid
areas which are involved in interaction with MsrB1: D26-S35,
V57-E68, and K72-M74. These segments are evidenced in red
on the lower panel of Figure 2(a). Our results indicate that:
(i) Trx active site (as expected) is involved in the interaction;
(ii) the monitored segments are situated mostly on the Trx
external loops; (iii) these segments are rather close in space,
thus supporting and validating our findings.

3.6. Structural Modelling of Oxidized MsrB1 and Reduced
Trx. The average structures of oxidized MsrB1 and reduced
Trx were obtained from the molecular dynamics simulations
starting from coordinates of the reduced proteins taken from
PDB (2kv1 and 3trx for MsrB1 and Trx, resp.). The calculated
structures are shown in Figures 1(b) and 2(b).

3.7. Docking of Oxidized MsrB1 and Trx. Upon formation of
an intermolecular protein complex, catalytic Cys32 (active
residue) and Cys35 (resolving residue) of Trx should become
close in space to the disulfide bond, connecting Cys4 and
Cys95 residues of oxidized MsrB1. Such arrangement makes
possible that Cys32 of Trx attacks the MsrB1 disulfide bond.
A protein docking procedure was carried out in order to
identify possible options for mutual arrangement of these
proteins. Based on the above-mentioned distance restrains
and experimental NMR data, the “hot points of docking”,
were found (evidenced for both proteins in Figures 1(b)
and 2(b) in red), and more than 1000 spatial structure
orientations were generated. Our experimental data on
residues involved in complex formation and application of
10 Å distance restrains between the Sγ atoms of Cys32 of Trx
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Table 1: Structural parameters for MsrB1-Trx complexes (four groups) revealed by protein docking. The distances between sulphur atom
of Cys32 of Trx and the nearest sulphur atom of MsrB1 disulfide bond as well as three pairs of the nearest aminoacids approaching in space
for each group (to outline the spatial orientation of the proteins within a complex) are presented.

Group A Group B Group C Group D

Distance, Å (Trx Cys32)
S/S–S bond (MsrB1)

7,1 7,8 7,8 5,3

Nearest neighbouring contacts between residues

MsrB1 residues W43 H39 P87 S2 W43 P87 W43 N62 P87 F6 P42 R93

Trx residues M37 E95 S90 W31 A92 E70 M37 K72 K96 K72 D60 K36

(A) (B) (C)

(a) (b) (c)
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Figure 3: The snapshots (A, B, and C) of the protein complex formation along the molecular dynamics trajectory. The panels (a), (b), and
(c) show zoomed views (interactions interfaces) of the snapshots (A) and (C), respectively.

and Cys4-Cys95 disulfide bond of MsrB1 were used to sort
these structures into four groups. The neighbouring contacts
between residues and the distances between sulphur atom of
Cys32 (Trx) and the nearest sulphur atom of oxidized MsrB1
disulfide bond, differentiating each group, are shown in
Table 1.

Among the four represented complexes, the fourth (D) is
the most plausible since the distance in this structure be-
tween Cys32 of Trx, and two sulphur atoms of disulfide bond
in MsrB1 were found to be minimal (5.3 Å). Further, each of
the four representative structures has been subjected to 5 ns
molecular dynamics simulations.

3.8. Molecular Dynamics Procedure. The aim of the molecu-
lar dynamics simulation was to refine the possible structure

of the Trx-MsrB1 complex taking into account the obtained
NMR data, the effects of water environment, and flexibility
of proteins backbone and side chains. The analysis of the
averaged structures of the complexes obtained after 5 ns
of MD simulations reveal that only for complex D the
distance SγCys32 Trx–SγCys4 MsrB1 remains the smallest
among all possible complexes. Therefore, the MD trajectory
for this complex was extended to 20 ns (Figures 3(a) and
3(c)). It is necessary to emphasize that even if these data
suggest that the SγCys32 Trx is closer to SγCys4 of oxidized
MsrB1, the analogous distance to Cys95 is rather compa-
rable. This observation precludes us to determine which
Cys residue from intramolecular MsrB1 disulfide bridge will
be subsequently targeted to form intermolecular disulfide
bond.
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As it was calculated by our MD, the N-terminal tail of
MsrB1 upon oxidation gets closer to the β-strand of the pro-
tein formed by Arg93-Ile96 (Figures 3(A) and 3(a)). Fur-
ther, elongation of the mentioned MsrB1’s β-strand occurs
additionally involving residues I96-S98 accompanied by
formation of three additional hydrogen bonds with residues
S5-F7 (Figures 3(B) and 3(b)). This newly constituted strand
belongs to the N-terminus of MsrB1, which now is stabilized
by the intramolecular disulfide bond formed upon oxida-
tion. At the final stage of the interaction, Trx adjusts its
unstructured loop to the newly formed N-terminal β-strand
of MsrB1, leading to formation of interprotein β-sheet,
composed of six β-strands, where five of them belong to
MsrB1 and the sixth to Trx (residues K72-M74) (Figures
3(C) and 3(c)). Thus, in developing of two new β-strands
(one intramolecular MsrB1 and one intermolecular), nine
aminoacids participate. This observation is in good agree-
ment with our NMR titration results (Figures 1 and 2), thus
further validating our calculations. In addition, β-strand of
MsrB1 formed by G77-F82 extends periodically to residues
G75-G77 allowing residues G75-L78 to form hydrogen
bonds with the second antiparallel β-strand of MsrB1
constituted by A66-G72. The distance between SγCys32 of
thioredoxin and SγCys95 of MsrB1, a reference distance,
oscillates during the interaction from the smallest value of
about 3.2 Å (first 100 ps of the trajectory) to 9.5 Å and then
down to 4.8 Å. Such approaching may cause a catalytic act,
upon which the disulfide bond becomes resolved followed by
reduction of MsrB1.

Upon the formation of the protein intermolecular com-
plex, six new hydrogen bonds evolve (three of them are
interproteins), thus stabilizing the intermolecular complex.
Analysis of MD trajectories for MsrB1-Trx complex (prior
formation of the intermolecular disulfide bond) indicates
an existence of two conformations of C4-C95 MsrB1 bond.
The disulfide bond in both conformations is strained in
different extent. The degree of strain could be estimated by
comparison of the energies for the van der Waals (vw) and
torsion (to) terms of disulfide bond for oxidized MsrB1 in the
step preceding the complex formation and in the free state. In
accordance with ECEPP/3 force field, the following energies
have been obtained (kcal/mol): 3.1 and 3.2 (vw), −0.5 and
−1.7 (to), 2.6 and 1.5 (total) for “strained” and “relaxed” S–
S bond, respectively. It is worth to mention that during the
MD simulations this MsrB1 intramolecular S–S bond prefers
its “strained” conformation. This bond thus becomes totally
destabilized by 2.6 kcal/mol for “strained” or by 1.5 kcal/mol
for “relaxed” conformation. However, the presence of six
hydrogen bonds inside the developed interprotein β-sheet
obviously overcompensates the straining of Cys4-Cys95
bond in MsrB1, as energy profit from one hydrogen bond
formation in β-sheet can be estimated by −0.78 kcal/mol
[50]. Therefore, the formation of the interprotein MsrB1-Trx
complex becomes energetically preferable.

4. Conclusions

In this study, both the experimental and the computational
approaches were combined to investigate MsrB1-Trx protein

complex formation. Through the analysis of the NMR data,
the aminoacids involved in protein complex formation have
been determined. The average 3D structures of oxidized
MsrB1 and reduced Trx were generated and subsequently
subjected to protein docking and molecular dynamics. Com-
plementary use of the mentioned approaches indicates that
the formation of the interprotein β-sheet, stabilized by new
hydrogen bonds, distorting the MsrB1 intramolecular disul-
fide bond. This disulfide bond straining favours the forma-
tion of intermolecular disulfide bridge of MsrB1-Trx com-
plex. The study evidences structural and energetic driving
forces of MsrB1-Trx complex formation.
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Currently, about 20 crystal structures per day are released and deposited in the Protein Data Bank. A significant fraction of these
structures is produced by research groups associated with the structural genomics consortium. The biological function of many of
these proteins is generally unknown or not validated by experiment. Therefore, a growing need for functional prediction of protein
structures has emerged. Here we present an integrated bioinformatics method that combines sequence-based relationships and
three-dimensional (3D) structural similarity of transcriptional regulators with computer prediction of their cognate DNA binding
sequences. We applied this method to the AraC/XylS family of transcription factors, which is a large family of transcriptional
regulators found in many bacteria controlling the expression of genes involved in diverse biological functions. Three putative
new members of this family with known 3D structure but unknown function were identified for which a probable functional
classification is provided. Our bioinformatics analyses suggest that they could be involved in plant cell wall degradation (Lin2118
protein from Listeria innocua, PDB code 3oou), symbiotic nitrogen fixation (protein from Chromobacterium violaceum, PDB code
3oio), and either metabolism of plant-derived biomass or nitrogen fixation (protein from Rhodopseudomonas palustris, PDB code
3mn2).

1. Introduction

Due to recent advances in high-throughput structure deter-
mination, structural genomics initiatives are proceeding fast.
The Protein Structure Initiative (PSI) reports the determi-
nation of over 5,500 proteins structures in its Structural
Genomics Knowledgebase as of November 2011 [1]. A total
of 3,020 proteins (>50%) are of unknown function or
only minimally characterized [1]. Hence, there is an urgent
need for computational annotation methods of these struc-
tures of unknown function. We present here an integrated
bioinformatics method for the functional annotation of
transcription factors that combines sequence-based relation-
ships and three-dimensional (3D) structural similarity of
transcriptional regulators with computer prediction of their
cognate DNA binding sequences. We applied this method to
the AraC/XylS family of transcription factors.

AraC/XylS is a large family of transcriptional regulators
found in many bacteria controlling the expression of genes
with diverse biological functions involved in metabolism,
stress response, and virulence [2–5]. Most members of this
family are comprised of 250 to 300 amino acids and contain
two domains: a conserved DNA binding domain (DBD) of
ca. 100 residues found at the C-terminus of most regulators
and a variable domain thought to be responsible for effector
binding or multimerization [2]. A few exceptions include
regulators which are considerably smaller (ca. 150 residues)
containing only the DBD domain (e.g., MarA and SoxS) [6],
substantially larger (e.g., HrpB, 477 residues), or that contain
the DBD at the N-terminus (e.g., Rob) [6] or in the central
domain (e.g., Ada) [7].

The DBD assumes a conserved tertiary structure of two
helix-turn-helix (HTH) domains, each made up of three
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α-helices, which are connected by a longer central α-helix
[8]. The two HTH domains bind to the major groove of two
adjacent turns on the same side of the DNA helix. Residues
stabilizing the hydrophobic core are highly conserved, while
the overall sequence identity is low (approximately 24%).
Key residues of the N-terminal HTH domain are more
variable and this domain is thought to define the individual
DNA binding specificities of the family members, while the
C-terminal HTH is more conserved and provides improved
binding affinity [2]. The multifunctional protein Ada is an
exception to this general topology, as its N-terminal domain
(N-Ada) contains a DNA repair domain with a distinct fold
joined to a single AraC-like HTH domain by a flexible linker
[7, 9]. In contrast to the conserved DBD, the effector and
multimerization domain is variable among family members
and its molecular function is not always well understood [2].

Historically, members of the AraC/XylS family were
assigned to one of the three general categories “metabolism”,
“stress response”, and “virulence” based on the genes that
they regulate [2, 3, 10]. The metabolism group includes
regulators involved in carbohydrate metabolism (e.g., ChbR
and AraC from E. coli), metabolism of benzene derivatives
(XylS from Pseudomonas putida), alkane metabolism (AlkR
from Acinetobacter), and amine metabolism (FeaR from E.
coli). Regulators of the stress response group are involved
in the direct or indirect response to stress factors such as
Ada (alkylating agents in E. coli), AdiY (acid resistance in E.
coli), MarA (multiple antibiotic resistance in E. coli), SoxS
(oxidative stress in E. coli), and RipA from Corynebacterium
(iron limitation stress). The third group of pathogenesis
or virulence contains family members, such as VirF which
regulates the expression of proteins of the type III secretion
system (TTSS) in Shigella flexneri, Rns from E. coli which
regulates cell adhesion proteins, and Caf1R from Yersinia
pestis which is involved in capsule formation [11]. Here,
we have included a fourth category, dubbed bacteria-plant
interaction, which includes RhrA from Rhizobium meliloti
that regulates iron concentration required for nitrogen
fixation by production of a siderophore and Y4fK from
Rhizobium sp. (strain NGR234), which induces formation of
nodules in plant roots where nitrogen fixation takes place.

In a recent update on the AraC/XylS family of transcrip-
tional regulators, Ibarra et al. identified 58 well-characterized
members and found a total of 1,974 known and putative
members in 149 bacterial genomes [3]. They generated
dendrograms from the multiple sequence alignment of the
DBD to functionally classify putative family members.

The aim of the present study was the development
of a bioinformatics method for the functional annotation
of putative transcriptional regulators with solved tertiary
structure but unknown function. We applied this method
to members of the AraC/XylS family of transcriptional
regulators. Similar to Ibarra et al., we analyzed the DBD to
perform a functional classification. However, our method is
not restricted to sequence information only but rather incor-
porates primary and tertiary structure information from
the transcriptional regulator protein sequence, structure,
and DNA binding site. We performed three-dimensional
(3D) structure similarity searches against the whole Protein

Data Bank (PDB) and identified three putative new mem-
bers of the AraC/XylS family with uncharacterized func-
tion. Detailed structural analyses and sequence comparison
between these three proteins and 62 well-characterized
AraC/XylS family members suggest that they could be
involved in plant cell wall degradation (Lin2118 protein,
PDB code: 3oou), symbiotic nitrogen fixation (PDB code:
3oio), and either metabolism of plant-derived biomass or
nitrogen fixation (PDB code: 3mn2). Structure-based DNA
binding site prediction for these transcription factors is
concordant with these functional assignments.

2. Materials and Methods

2.1. Structural Similarity Search. Scanning of the complete
PDB for target proteins sharing a similar tertiary struc-
ture with a given query protein was performed with the
web server COPS–TopSearch of the Center of Applied
Molecular Engineering (University of Salzburg) available at
http://www.came.sbg.ac.at/ [12]. TopSearch is a fast three-
dimensional (3D) search method that relies on the TopMatch
structure alignment software to rank protein structures
available in the PDB (target structures t) according to their
absolute similarity S(q,t) to a provided query structure q
[13, 14]. The absolute similarity is defined as the number
of structurally equivalent residue pairs or the length of the
structural alignment. Starting with MarA from E. coli (PDB
code: 1bl0), the top 100 most similar proteins were manually
inspected based on their structural alignment with the query
and functional annotations available from the PDB and the
UniProt database (http://www.uniprot.org/) [15]. The search
was repeated for each known and putative AraC/XylS family
member identified. Structures were manually modified to
contain the DNA binding domain only, where necessary.
More than 70,000 protein structures (PDB release: 6 June
2011) were searched for similarity and a total of thirteen
(10 known and 3 putative) structures of AraC/XylS-family
transcription factors were identified.

2.2. Multiple-Sequence Alignment. Protein sequences that
belong to the HTH-AraC family (PFAM family PF00165)
were retrieved from the UniProt database [15, 18]. Only
those entries marked as reviewed by UniProt and with
experimental demonstration of their functional role were
selected. A total of 62 sequences fulfilled the criteria
(Table S1 see in Supplementary Material available online at
doi:10.1155/2012/103132.). Sequences from four PDB struc-
tures (PDB codes: 3lsg, 3mn2, 3oio, and 3oou) identified
from the structural similarity search were also incorporated
into this dataset.

A multiple-sequence alignment was constructed with
the MAFFT 6 web server available at http://mafft.cbrc.jp/
alignment/server/ [19]. The gap penalty was set to a value of
3.0. Based on the multiple sequence alignment and available
structural information, we defined a region of 100 amino
acids as the DBD (corresponding to Ile-13 to Thr-112 in the
sequence of MarA from E. coli, PDB code: 1bl0). Assignment
of biological roles (regulated biological processes) to the
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sequences was transferred from evidence described in the
literature where possible, following a similar nomenclature
to that already proposed [2, 3].

2.3. Dendrogram Generation. The multiple-sequence align-
ment obtained as described previously was used to build
a dendrogram of HTH-AraC family members with experi-
mental evidence of their biological role. The tree was con-
structed employing the maximum likelihood optimization
criteria with the software MEGA5 [20]. The WAG amino acid
substitution model was selected using the ProtTest server and
applied as previously described [21, 22]. Bootstrap values
were calculated with one hundred replicates. Phylogenetic
tree images were produced with the iTOL web server tool
[23] available at http://itol.embl.de/.

2.4. Multiple-Structure Alignment. PDB files were manually
modified to include only amino acids of the defined 100-
residue region of the DBD. Then, a multiple-structure
alignment of the DBD was constructed with the SALIGN
module from the MODELLER version 9.9 software package
[16, 25]. The SALIGN module reports a table with the
number of equivalent Cα positions (the alignment length;
3.5 Å cut-off), the root mean squared (RMS) distance of
equivalent positions, and the sequence identity of equivalent
residues for all pairs of proteins, as well as the multiple-
sequence alignment (MSA) derived from the multiple opti-
mal superposition of protein structures. A dendrogram
of the structure-derived MSA was generated as described
previously.

2.5. Comparative Modeling. MODELLER version 9.9 was
employed to generate full-atom 3D comparative models of
protein-DNA complexes [25]. The complex of MarA with the
22-mer DNA binding site mar (PDB code: 1bl0) was defined
as template. DNA was treated as rigid body (nucleotides were
defined as “block residues”) and ten models were initially
generated. For each target, a single model with reasonable
orientation of key residues of helices three and six was finally
selected by visual inspection and energy minimized with the
Molecular Operating Environment (MOE) version 2010.10
[17]. Hydrogen atoms were added, nucleotide atoms were
fixed, protein backbone atoms were restrained by a quadratic
force term, and the protein part was energy minimized with
the AMBER99 [26] force field and a Born solvation term
until a gradient of 0.05 kcal/(mol Å) was reached.

2.6. DNA Binding Site Prediction. The prepared comparative
models were further processed to construct static protein-
DNA models with varied DNA sequence. Briefly, the protein
part and the DNA backbone were fixed and DNA bases
were permitted to vary, thereby preserving the double-helix
structural parameters of the initial model. The software
3DNA [27] was employed to build a new DNA double
helix with varied sequence while at the same time retaining
the helical parameters of the original DNA structure. For
each initial model, 10,000 models with randomized DNA
sequences were built. Next, from the Protein-DNA Interface

database [28], a nonredundant set of 208 protein-DNA
complexes was obtained. This set was used to derive statistical
distance-dependent pairwise potentials at the protein-DNA
interface. The statistical potential parameters were the same
as those previously described [29, 30]. These potentials were
then utilized to score the observed protein-DNA interactions
in the comparative models. From each ensemble of random
models, sets of low-energy structures were selected according
to the 0.5% lower tail of each distribution of energy scores.
Position-weight matrices (PWMs) were finally derived from
the low energy score sets, and sequence logos were generated
with the software WebLogo [31]. PWMs were converted
into linear vectors, the all-against-all Euclidean distances
calculated for all possible pairs of them and recorded as
a distance table, which was finally used to perform a
hierarchical clustering with Ward’s method.

2.7. Genomic Context of Predicted DNA Binding Sites.
Genomes and annotations were downloaded from the EMBL
suite of databases and web servers (http://www.ebi.ac.uk/
genomes/). High-scoring binding sequences were mapped
with the software bowtie version 0.12.7 [33], allowing
up to three mismatches. SeqMonk version 0.16.0 (http://
www.bioinformatics.bbsrc.ac.uk/projects/seqmonk/) and the
EMBL genome browser, Genome Reviews [34], were used
to determine the neighboring genes of the putative binding
sites. The six genes closest to the binding site, including those
overlapping with the binding sites, were selected for further
analysis. To establish functional relations for each gene, we
employed the databases UniProt (http://www.uniprot.org/)
[15], InterPro (http://www.ebi.ac.uk/interpro/) [35], and
KEGG (http://www.genome.jp/kegg/) [36].

3. Results and Discussion

3.1. PDB Search for AraC/XylS Family Members. Employing
the fast web server COPS-TopSearch of the Center of
Applied Molecular Engineering (University of Salzburg)
[12], we identified ten structures of proteins known to be
members of the AraC/XylS family and three structures of
uncharacterized proteins (Table 1). The ten known family
members include MarA (PDB codes: 1bl0 [8], 1xs9 [37]),
Rob (PDB code: 1d5y [38]), and Ada (PDB codes: 1u8b
and 1zgw [7], 1wpk [9]), all involved in stress response,
AraC (PDB code: 2k9s [39]) and YesN (PDB code: 3lsg)
related to carbohydrate metabolism (though the function
of YesN is not well characterized), GadX (PDB code: 3mkl)
involved in acid resistance, and TcpN, also called ToxT (PDB
code: 3gbg [40]), which is involved in virulence. The three
uncharacterized, putative members include the Lin2118
protein from Listeria innocua (PDB code: 3oou), a protein
from Chromobacterium violaceum with the gene name argR
(PDB code: 3oio), and a protein from Rhodopseudomonas
palustris (PDB code: 3mn2).

Structural similarity, as quantified by the number of
equivalent residue pairs (length of the structural alignment,
cf. Materials and methods), of ten of the thirteen structures
is high (Table 2 and Figure 1). The average number of



4 Journal of Biomedicine and Biotechnology

Table 1: Known and putative TFs of the AraC/XylS family identified by a structural similarity search in the PDB.

Name (PDB code) UniProt ID
DNA

complex(a) Technique (Res.)(b) Species Biological process

MarA (1bl0) P0ACH5 Yes X-ray (2.30 Å) Escherichia coli
Multiple antibiotic
resistance

MarA (1xs9) P0ACH5 Yes NMR Escherichia coli
Multiple antibiotic
resistance

Rob (1d5y) P0ACI0 Yes X-ray (2.70 Å) Escherichia coli
Antibiotic resistance,
organic solvent tolerance
and heavy-metal resistance

Ada (1u8b) P06134 Yes X-ray (2.10 Å) Escherichia coli
Repair of and response to
alkylated DNA

Ada (1zgw) P06134 Yes NMR Escherichia coli
Repair of and response to
alkylated DNA

Ada (1wpk) P06134 No NMR Escherichia coli
Repair of and response to
alkylated DNA

GadX (3mkl) B1X7X1 No X-ray (2.15 Å) Escherichia coli Acid resistance

AraC (2k9s) P0A9E0 No NMR Escherichia coli
Transport and catabolism
of L-arabinose

TcpN or ToxT (3gbg) A5F384 No X-ray (1.90 Å) Vibrio cholerae
Biosynthesis and assembly
of the toxin-coregulated
pilus

YesN (3lsg) Q8RGT8 No X-ray (2.05 Å)
Fusobacterium
nucleatum

Possibly involved in plant
cell wall degradation

Lin2118 protein (3oou) Q92A04 No X-ray (1.57 Å) Listeria innocua Unknown

3oio Q7NTG7 No X-ray (1.65 Å)
Chromobacterium
violaceum

Unknown

3mn2 Q6NCA5 No X-ray (1.80 Å)
Rhodopseudomonas
palustris

Unknown

(a)
Indicates whether the 3D protein structure was cocrystallized with DNA or not.

(b)Numbers in parenthesis refer to the resolution of crystal structures.
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Figure 1: Structural alignment of three putative AraC/XylS family
members (PDB codes: 3mn2, 3oio, and 3oou; gold ribbons) with
MarA (PDB code: 1bl0; red ribbons). The DNA molecule of the
MarA structure is shown for illustration (gray); however 3mn2,
3oio, and 3oou were crystallized without DNA. Numbers of α-
helices are given next to the respective α-helix. The alignment was
generated with SALIGN [16] and the figure was created with the
Molecular Operating Environment (MOE) [17].

equivalent Cα positions of ten structures without Ada is 89.5
(of a maximum of 100.1), the average root mean squared
(RMS) distance is 1.9 Å, and the mean sequence identity of

equivalent residue pairs is 23%, which indicates high struc-
tural similarity and moderate levels of sequence identity. We
removed the three structures of Ada from this analysis, since
this protein consists of only a single HTH domain joined to
an unrelated DNA repair domain and thus has a structural
coverage of roughly 50% with the other structures. We
scanned the PDB with any of the ten non-Ada structures as
query structure and retrieved the remaining nine structures
ranked as top hits in all cases. Two of the uncharacterized
proteins (PDB codes: 3oou, 3oio) are currently classified
as members of the AraC family in the Pfam database [18]
and our structural analysis confirms membership to this
family. Structure 3mn2 with unknown function was titled
as “probable AraC family” by the authors of the crystal
structure, and through our structural analysis, we confirm
this membership, as well. It should be noted that the gene of
the 3oio protein was named argR. The gene product of argR
is the transcriptional regulator arginine repressor (ArgR),
which controls the expression of operons involved in arginine
biosynthesis. However, structural alignment of 3oio with the
DNA binding domain of ArgR (e.g., PDB code: 3fhz) reveals
only moderate similarity (equivalent residue pairs: 40). ArgR
binds DNA as a hexamer and its DBD consists of a single
three-helix domain with low sequence identity (15%) to
3oio. Based on this structural analysis, we conclude that 3oio



Journal of Biomedicine and Biotechnology 5

Table 2: Matrix of equivalent residue pairs of available AraC/XylS 3D structures(a).

1bl0 1xs9 1d5y 3oou 2k9s 3gbg 3mkl 3mn2 3oio 3lsg 1u8b 1wpk 1zgw

1bl0 100 100 100 96 84 81 88 82 94 97 47 44 42 1bl0

0.0 0.7 0.9 1.8 1.9 2.2 1.9 2.2 1.9 1.3 1.6 2.2 2.3

100% 100% 50% 18% 16% 15% 16% 14% 19% 25% 15% 13% 15%

1xs9 100 100 93 82 78 88 84 93 97 48 45 45 1xs9

0.0 1.1 1.7 1.8 2.0 1.8 2.0 1.7 1.4 1.7 2.3 2.3

100% 50% 18% 16% 15% 16% 14% 19% 25% 15% 13% 15%

1d5y 100 95 80 81 88 88 95 97 45 44 41 1d5y

0.0 1.5 1.7 2.1 1.8 2.0 1.8 1.2 1.7 2.3 2.3

100% 20% 21% 16% 11% 16% 21% 25% 25% 18% 17%

3oou 100 72 84 87 88 87 97 47 42 37 3oou

0.0 2.0 2.3 1.8 1.8 1.9 1.4 1.7 2.3 2.3

100% 23% 16% 17% 20% 20% 31% 15% 13% 11%

2k9s 101 89 91 84 95 86 45 41 33 2k9s

0.0 2.0 2.0 2.3 1.8 1.9 2.1 2.3 2.6

100% 21% 24% 22% 25% 26% 23% 10% 9%

3gbg 99 90 84 95 81 35 36 23 3gbg

0.0 1.5 2.2 1.6 2.0 2.3 2.4 2.6

100% 28% 15% 20% 23% 8% 3% 6%

3mkl 99 96 95 88 45 32 35 3mkl

0.0 1.7 1.3 1.7 1.9 2.4 2.5

100% 21% 26% 23% 19% 10% 8%

3mn2 102 100 85 44 40 28 3mn2

0.0 1.6 2.0 2.1 2.2 2.8

100% 28% 15% 21% 12% 13%

3oio 100 93 51 45 35 3oio

0.0 1.8 2.0 2.0 2.7

100% 18% 33% 22% 21%

3lsg 100 45 48 41 3lsg

0.0 1.5 2.4 2.2

100% 15% 13% 19%

1u8b 52 41 36 1u8b

0.0 2.5 2.2

100% 62% 44%

1wpk 60 28 1wpk

0.0 2.5

100% 28%

1zgw 53 1zgw

0.0

100%
(a)

The top number indicates the number of equivalent Cα positions of the aligned structures (length of the alignment). The middle number denotes the root
mean square (RMS) deviation of equivalent Cα atoms (3.5 Å distance cutoff) and the lower number denotes the sequence identity of equivalent residues.
Structures were aligned with SALIGN [16]. Structures of unknown biological role are indicated in bold.

is more likely a member of the AraC/XylS family rather than
of the ArgR family of transcriptional regulators.

3.2. Functional Annotation. Despite their similar structures,
the transcriptional regulators of the AraC/XylS family are
known to act on various genes involved in distinct biological
processes. To attempt a possible functional classification of
the new putative family members on sequence level, we

followed an approach similar to that of Ibarra et al. [3]. We
compiled a list of 62 well-characterized AraC/XylS family
members with known biological roles (Supplementary Table
S1) and generated a maximum likelihood dendrogram
(Figure 3) from the multiple-sequence alignment (MSA) of
the DNA binding domains (DBDs) of the family members
(Figure 2). The sequences of the three putative family
members (PDB codes: 3mn2, 3oio, and 3oou) and the
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Figure 2: Multiple-sequence alignment of the DNA binding domain of 62 AraC/XylS family members with experimental evidence of
their biological role. Four proteins found by the structural similarity search and whose function is unknown or poorly characterized were
included in this multiple sequence alignment. Each sequence label contains the general functional category, the UniProt accession code,
and the protein name. Functional categories are BPI: bacteria-plant interaction; M: metabolism; S: stress response; V: virulence and Unk:
unknown. One or two functional categories were assigned. The sequences are sorted according to the tree order (see Figure 3). Secondary
structure elements are given at the top (according to MarA (PDB code: 1bl0)). The alignment was plotted with JalView version 2.6.1 [24].
Color legend: light blue: hydrophobic; green: polar and aliphatic; turquois: polar and aromatic; red: basic; purple: acidic; orange: glycine;
yellow: proline.

sequence of the poorly characterized protein YesN from
F. nucleatum (PDB code: 3lsg) were added to the MSA and
dendrogram in order to permit annotation of their biological
roles based on their neighborhood in the tree.

The putative AraC/XylS family member Lin2118 protein
from Listeria innocua (PDB code: 3oou) is found in a
branch together with YesN and YesS from Bacillus subtilis.
In the next neighboring branch, we find the sequence
of YesN from Fusobacterium nucleatum subsp. Nucleatum
(PDB code: 3lsg). YesS is a probable transcription factor
regulating a pathway responsible for rhamnogalacturonan
depolymerization, which is a carbohydrate product of plant
cell wall degradation [41]. YesN is a member of the two-
component regulatory system yesM/yesN. Its biological role
is not well understood. Genes upregulated by YesN, which
include yesS, are thought to be involved in rhamnogalac-
turonan degradation in Bacillus subtilis, and an ortholog
of YesN from Paenibacillus sp. is thought to be involved

in hemicellulose degradation [42–44]. A similar role of
the Lin2118 protein (PDB code: 3oou) in plant cell wall
degradation seems, therefore, likely. The three proteins, YesN
from B. subtilis, YesN from F. nucleatum (PDB code: 3lsg),
and Lin2188 from L. innocua (PDB code: 3oou), share a
common additional response regulator receiver domain of
the CheY-like superfamily at their N-terminus. This domain
contains a phosphoacceptor site that is phosphorylated by
histidine kinase homologs, for instance, YesM [43]. The
common regulatory domain further supports a possible
involvement in the biological process of plant cell wall
degradation.

The sequence of structure 3oio from Chromobacterium
violaceum is found in a common branch together with
Y4fK, encoded on the pNGR234a plasmid of Rhizobium sp.
(strain NGR234), and RhrA, encoded on the plasmid pSymA
of Rhizobium meliloti. Y4fk activates the transcription of
nod genes that play a role in the formation of plant root
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Figure 3: Dendrogram of AraC/XylS family members annotated with functional categories. A dendrogram of 62 AraC/XylS family members
and four proteins found by structural similarity search and whose biological role is unknown or poorly characterized is presented (marked
with an asterisk). The tree was constructed using the maximum likelihood optimization criteria and a bootstrap test was conducted with
100 replicates. Bootstrap values greater than 50 are shown as number in the corresponding nodes of the tree. Leaves contain the UniProt
or PDB accession code and the protein name. Two classification levels are included in this dendrogram. The inner color strip represents a
primary classification (functional category) that contains four general classes as in Figure 2. The outer circle contains several colored shapes
that represent a secondary and more specific classification scheme, which provides more detail to the biological process associated with each
protein. One or two functional categories were assigned.
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nodules, where symbiotic nitrogen fixation takes place [45].
RhrA activates the expression of a siderophore necessary to
maintain low levels of iron, required for efficient nitrogen
fixation. Both plasmids are essential for the symbiosis
between plant and bacteria in the rhizosphere [46, 47].
Based on these similarities, and the fact that the habitat of
Chromobacterium violaceum is primarly soil and water, a
tentative role in symbiotic nitrogen fixation seems possible.

The last putative AraC/XylS member (PDB code: 3mn2)
from Rhodopseudomonas palustris is located in between the
previously described nitrogen fixation branch of the dendro-
gram and a branch that contains the regulators ThcR, EutR,
and HrpB. ThcR from Rhodococcus erythropolis is respon-
sible for degradation of a thiocarbamate herbicide [48],
and EutR from Escherichia coli is involved in metabolism
of ethanolamine derived from phosphatidylethanolamine
contained in biological membranes. EutR was also linked to
virulence in both animals and plants [49]. Finally, HrpB,
which is from the phytopathogen Ralstonia solanacearum,
activates the expression of a type III secretion system
required for plant host cell infection [50, 51]. It is known
that symbiotic rhizobia and phytopathogenic bacteria share a
common mechanism for plant host recognition [52], which
could explain the observed proximity of the two branches
associated to symbiotic and pathogenic behavior.

A pathogenic role of R. palustris has not been reported.
R. palustris is a free living bacterium and is capable of
acquiring carbon from many types of green plant-derived
compounds. In addition, the bacterium is able to assimilate
atmospheric nitrogen, albeit not in symbiosis with plants,
as in the neighboring nitrogen fixation branch of the den-
drogram [53]. R. palustris is one of the most metabolically
versatile bacteria known [53] and one of a few prokaryotes
described so far that possess three types of nitrogenases
[54]. Prediction of a possible biological role of the putative
AraC/XylS transcription factor with PDB code 3mn2 is not
straightforward, due to the heterogeneity of the available
data. A tentative role in either metabolism of plant-derived
biomass or nitrogen fixation seems possible.

3.3. Structural Comparison. Taking advantage of the protein
structures available, we extended the sequence-based func-
tional annotation with structural data. All thirteen identified
AraC/XylS structures were aligned with the software SALIGN
[16] and an MSA was derived from the resulting structural
alignment (Figure 4(a)). The structures aligned nicely with
a typical fold: two HTH domains of each three α-helices
are connected by a longer, central α-helix. The two HTH
domains themselves are superimposable. One α-helix of each
HTH domain (α-helix three and six) inserts into the major
groove of DNA establishing base-specific contacts (Figure 1).
The orientation of the C-terminal HTH domain (HTH2)
is conserved while the N-terminal domain (HTH1) is more
variable. Domain rotation of up to approximately 30 degrees
with respect to MarA (PDB code: 1bl0) is observable for
HTH1. The position of α-helix two is shifted by up to 3.5 Å
in some structures and the position of the connecting loops

to helices one and three is variable. On sequence level, the
average pairwise sequence identity of HTH1 is 17%, while it
is 27% for HTH2. These observations are in agreement with
the current hypothesis that DNA binding affinity and specific
recognition by different regulators are governed by HTH1,
while HTH2 might additionally enhance affinity and binding
site discrimination through a more conserved mechanism
common to regulators of the AraC/XylS family [2, 38, 55].
The reported variability of HTH1 could further indicate a
possible induced fit mechanism upon DNA binding [39].

Conserved residues in the multiple sequence alignment
in Figure 4 are mostly related to hydrophobic amino acids
stabilizing the hydrophobic core of the two HTH domains or
small amino acids at the beginning and end of α-helices. A
prominent exception are the three conserved residues Leu-
28, Leu-30, and Val-33 (1bl0 numbering, Figure 4(a)). Due
to the structural flexibility of α-helix two, these residues
are shifted by one or two positions in the MSA in Figure 4
for MarA (PDB code: 1bl0) and Rob (PDB code: 1d5y), in
contrast to all other structures. In the case of MarA and
Rob, these residues are pointing toward the solvent, whereby
they point inside, toward the hydrophobic core in all other
structures. It is conceivable that this conformational change
is part of the already mentioned induced fit mechanism.
MarA and Rob structures were crystallized in complex with
DNA, in contrast to the other bipartite HTH structures.
However, in structures of Ada (PDB codes: 1u8b, 1zgw),
which were solved in complex with DNA, these residues
point inward as well. Another possible explanation is that
this conformational change relates to the biological role
of the respective transcriptional regulator. MarA and Rob
are closely related regulators involved in stress response.
However, movement of α-helix two seems to be unrelated
to both conditions (biological role; complexed with DNA).
The observed flexibility could thus also be an artifact of the
structure determination experiment.

We further calculated the electrostatic potential surfaces
of the AraC/XylS protein structures with the software DelPhi
version 4 (Supplementary Figure S1). We observed a general
dipolar character of the protein structures, with a positive
potential on the side facing the DNA double helix and a
negative potential on the opposite side. However, the detailed
distribution of potential charges was generally diverse, and
any relation to the biological role of the transcription factors
was not obvious.

To perform a more systematic structure-based analysis
of the relationship of bipartite HTH AraC/XylS family
members, we generated a dendrogram from the structure-
derived MSA (Figure 4(b)). We compared this structure-
based dendrogram with the sequence-based dendrogram
in Figure 3. Figure 4(c) shows an extract of the latter
dendrogram containing the same AraC/XylS members as in
Figure 4(b), for easier comparison. The two trees are highly
similar with only a minor topology change involving branch
GadX/TcpN. Consistency of the structure and sequence-
based MSAs and dendrograms provides further support for
the provided functional annotation.
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Figure 4: Structure-derived multiple-sequence alignment and dendrogram of known and putative AraC/XylS-family transcription factors.
(a) The structures were aligned with SALIGN [16] and a multiple sequence alignment was derived from equivalent residue positions.
Secondary structure elements are given at the top. Residues marked with a gray-shaded box are engaged in DNA base interactions, those
marked with an asterisk contact the DNA sugar-phosphate backbone, and a hash sign denotes residues of the hydrophobic core. Numbering
scheme and annotations are according to MarA protein (PDB code: 1bl0). Colors are as in Figure 2. (b) Maximum likelihood dendrogram
derived from the structure-based MSA in (a) generated with the software MEGA5 [20]. Distances in the dendrogram refer to the number
of amino acid substitutions per site. Only structures with two HTH domains (omitting Ada) were included. (c) For comparison, a more
concise view of the dendrogram in Figure 3 is given, showing only relevant proteins.

3.4. DNA Binding Site Prediction. All analyses up to this
point focused on the transcription factor proteins (sequence
and structure). We will now turn to their cognate DNA
binding sequences. Since the DNA binding sites for most
identified AraC/XylS members are unknown, we devised
a computational method to predict these sequences. The
modeling of transcription factor-DNA complexes puts a
strong focus on the DNA binding interface of the proteins
and thus highlights key residues of helices three and six
involved in specific base recognition.

In this structure-based approach, we generated initial
comparative models based on MarA (PDB code: 1bl0) as
a template structure and replaced the DNA sequence of
the crystallized DNA molecule, while retaining the helical
parameters of the original DNA structure. A total of 10,000
models with randomized full duplex DNA sequences were
generated for all structures except Ada, which lacks the
second HTH domain. A statistical potential was employed
to score these protein-DNA models and position weight
matrices (PWMs), along with sequence logos, were generated
from top-scoring complexes (Figure 5(a)). A dendrogram
was produced from the PWMs based on their Euclidean
distance (Figure 5(b)).

We included the PWM generated from 24 known DNA
binding sequences of the marA/rob/soxS regulon as a positive
control [32]. The results show that our structure-based
modeling/scoring approach is capable of reproducing the
experimentally determined DNA binding sequence of MarA
and Rob reasonably well. As expected, the PWMs of MarA
and Rob form a distinct cluster together with the known
MarA/Rob/SoxS binding sequences in the dendrogram
(Figure 5(b)). Another cluster is formed by the two putative
AraC/XylS family members with PDB codes 3mn2 and 3oio.
This result is in agreement with the relative proximity of
the two proteins observed in our DBD sequence-based den-
drogram (Figure 3). A third cluster contains the remaining
structures of YesN (PDB code: 3lsg), Lin2118 (PDB code:
3oou), GadX (PDB code: 3mkl), AraC (PDB code: 2k9s), and
TcpN (PDB code: 3gbg). Despite distinct biological roles,
these proteins were organized in the same major branch of
the sequence-based dendrogram, as well.

A functional classification based only on the binding
site prediction was not feasible, mainly due to the small
amount of available structures (ten in total) and the small
amount structures complexed with DNA (three in total).
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Figure 5: Sequence logos of predicted DNA binding sites and hierarchical clustering of the corresponding PWMs. (a) Sequence logos
generated from an ensemble of top-scored random DNA sequences of protein-DNA complexes modeled after MarA (PDB code: 1bl0).
M2002 denotes a set of 24 known binding sequences of the marA/rob/soxS regulon reported by Martin and Rosner in 2002 [32]. (b)
Hierarchical clustering generated by calculating the Euclidean distance of the PWMs and applying the minimum variance clustering method
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In addition, a more stringent calibration of our structure-
based method on available binding site data is required in the
future. However, the similar grouping of the transcriptional
regulators in the sequence-based, structure-based, and DNA
binding site-based dendrograms is promising and increases
the confidence of the functional annotation of the three
putative AraC/XylS members. It should also be noted that the
comparison of DNA binding specificity treats function on a
molecular level, whereas the analysis of the sequence-based
dendrogram treats function on a level of biological processes.
The two functional levels are connected in the next section by
matching the predicted binding sites against the genomes of
the source organism and analyzing the genetic context of the
matched binding sites.

An interesting observation is the preference of thymine
in position five of the predicted binding sequences of the
Lin2118 protein (PDB code: 3oou). This position corre-
sponds to a cytosine in the crystal structures of MarA (C-
32) and Rob (C-7). In these two structures, we observe
a specific hydrophobic interaction of a tryptophan residue
(Trp-42 in MarA and Trp-36 in Rob) with the base of this
cytosine nucleotide in the major groove. This tryptophan
residue is conserved in family members related to stress
response and in fact seems to be a unique characteristic
of this group (Figure 2). This is remarkable as tryptophan
has a low statistical propensity to interact with DNA, but
its propensity to interact with either cytosine or thymine
is similar (Refs: [56] and A. Schüller, unpublished data).
In the Lin2118 protein (PDB code: 3oou) this tryptophan
residue is substituted by valine (Val-36). Valine has an over
threefold increased propensity to interact with thymine in
comparison with any of the other bases, and this preference
is reflected in the corresponding predicted binding sequences
of the Lin2118 protein.

3.5. Genomic Context of Predicted DNA Binding Sites. We
further analyzed the predicted DNA binding sites by map-
ping the predicted nucleotide sequences against the genomes
of the respective source organism. We included the three
putative AraC/XylS members (PDB codes: 3oou, 3mn2, and
3oio) and the poorly characterized transcriptional regulator
YesN (PDB code: 3lsg) in this analysis. A total of 195 top-
scoring sequences were retrieved for the four structures
and, of these, only 6 sequences could be mapped to their
respective genomes, allowing up to three mismatches. A
detailed analysis of the genomic context of the binding
sites (three genes upstream and three genes downstream) is
provided in the Supplementary Material (Figure S2 and Table
S2).

The transcriptional regulator YesN (PDB code: 3lsg; F.
nucleatum) is thought to be involved in plant cell wall degra-
dation [43, 44]. Mapping 39 high-scoring, predicted DNA
binding sites of YesN against the genome of F. nucleatum
retrieved a single match. 1,438 base pairs (bp) upstream of
the binding site we found the xylose repressor gene xylR.
XylR is a transcriptional regulator of the xylose operon
that contains genes required for degradation of xylose, the
most abundant sugar monomer of hemicelluloses [57]. The

vicinity of a gene related to hemicellulose depolymerization
is consistent with the proposed biological process of plant cell
wall degradation.

64 high-scoring binding sites were generated for the
Lin2118 protein from L. innocua (PDB code: 3oou). Based
on its vicinity to YesN and YesS in the dendrogram of
AraC/XylS family members, we proposed an involvement
in plant cell wall degradation for this protein. Of the 64
binding sites, only two matched against the genome of L.
innocua. 1,404 and 1,026 bp downstream of the first matched
site we found the two genes crcB1 and crcB2, respectively
(Supplementary Figure S2). It has been shown in E. coli
that overexpression of these crcB homologs (along with crcA
and cspE) protected cells from the DNA decondensing agent
camphor [58]. Camphor is a terpenoid found in Lauraceae
and Lamiaceae families of angiosperms. Although unrelated
to plant carbohydrate metabolism, the two genes are involved
in the response to an antimicrobial substance produced by
certain plants.

The second binding site is located in a cluster of three
genes with similarity to proteins of the phosphoenolpyru-
vate-dependent sugar phosphotransferase system (PTS),
which is involved in the uptake and phosphorylation of
specific carbohydrates from the extracellular environment.
The predicted binding site matched inside the lin2833 gene
that encodes a protein similar to domain IIA of enzyme II.
Enzyme II is a carbohydrate-specific permease responsible
for sugar uptake and a component of PTS [59]. The other
two genes have similarity with domains IIB (lin2831 gene,
1,610 bp upstream) and IIC (lin2832 gene, 166 bp upstream)
of enzyme II (Supplementary Figure S2). The identified
enzyme II domains are of the cellobiose-specific subfamily.
Cellobiose is a major component of cellulose found in plant
cell walls. These data agree well with a possible role in plant
cell wall degradation.

Based on our AraC/XylS-family sequence analysis we
predicted a role in symbiotic nitrogen fixation for the
uncharacterized protein with PDB code 3oio from C.
violaceum. 72 sequences were predicted as high-scoring DNA
binding sites, of which only two sequences mapped against
the genome of C. violaceum. In the vicinity of the first
binding site, we found the ibeB gene (726 bp upstream),
which by homology encodes an outer membrane efflux
protein (OEP) (Supplementary Figure S2). IbeB is a member
of the NodT subfamily of the resistance-nodulation-cell
division (RND) type efflux systems involved in Nod factor
secretion, which are important for nodulation in species of
Rhizobium [60]. Root nodules are specialized plant organs
where symbiotic nitrogen fixation takes place. This finding is
well in agreement with a proposed biological role in nitrogen
fixation.

In the genetic context of the second binding site, we
identified the gene locus CV 3010 (1261 bp upstream)
(Supplementary Figure S2). By sequence similarity, this gene
contains a molybdopterin cofactor binding domain found in
a variety of oxidoreductases. Main members of this family
are nitrate reductase and sulfite oxidase. The presence of an
assimilatory nitrate reductase domain is consistent with a
proposed biological role in nitrogen fixation [61].
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Twenty high-scoring binding site sequences were pre-
dicted for the uncharacterized protein with PDB code 3mn2
from R. palustris, which produced a single match in the
genome. Based on our analysis of DBD sequences, we
proposed a tentative biological role in either metabolism
of plant-derived biomass or nitrogen fixation. The locus
Rpal 1214 is found 1,510 bp upstream of the binding site
and encodes a DSBA oxidoreductase (Supplementary Figure
S2) that is involved in cellular respiration [62]. Nitrogen
fixation is an energetically expensive process. It has been
shown, in another strain of R. palustris, that genes involved
in the electron transfer of cellular respiration increase their
expression under conditions of high nitrogen fixation [63].
Electron transfer has been proposed as rate-limiting for
nitrogenase activity [64]. Moreover, between 95 and 295
genes of R. palustris that are not directly associated with
nitrogenase synthesis and assembly were induced under
nitrogen-fixing conditions [54]. We found a second gene
2,688 bp upstream of the predicted DNA binding site (locus
Rpal 1216, Supplementary Figure S2), which encodes a
flavoenzyme ferric reductase. This protein is involved in the
electron transfer system and might be related to obtaining
energy for nitrogen assimilation. However, proteins associ-
ated with cellular respiration may be induced by a multitude
of pathways and a false positive binding site prediction
cannot be ruled out.

In summary, by matching high-scoring predicted bind-
ing sites of uncharacterized transcriptional regulators against
their host genomes, in five of six cases we were able to identify
related genes in the genetic context of the binding sites. It
should be noted that the majority of the analyzed genes
encode hypothetical proteins identified by sequence similar-
ity/homology lacking experimental validation. However, the
fact that database annotations of these genes are consistent
with the biological roles that we proposed based on the
analysis of AraC/XylS-family DBD sequences is promising.
Yet, the presented analysis is, by no means, complete. Of
the 422 (≈2 × 1013) possible binding site sequences we
generated a subset of 10,000 sequences, which is a mere 6 ×
10−8 percent of the possible sequence space. This number
was slightly increased by allowing up to three mismatches;
however, we expect a large number of false negatives, that is,
undetected binding sites. Increasing the sampling rate and
switching to an optimized sampling algorithm will improve
this limitation in the future.

4. Conclusions

We presented an integrated bioinformatics method that
combined sequence-based relationships, structural similar-
ity, and prediction of DNA binding sites of transcriptional
regulators. The advantage of the proposed method is the
utilization of information derived from different structural
levels (primary and tertiary) and different biological entities
(proteins and DNA binding sites). The prediction of DNA
binding sequences is a promising approach to complement
available information, where experimental data are scarce.
Mapping of the predicted binding sites to the genomes of
the source organisms and analysis of the genetic context

was in good agreement with sequence-derived functional
annotations. Although the presented method needs further
refinement and validation in the future, the consistency of
the presented results is promising. We applied the method
to the AraC/XylS family of transcriptional regulators and
predicted the biological roles of the three putative new
family members with PDB codes 3mn2, 3oio, and 3oou,
which originated from structural genomics initiatives. Our
bioinformatics analyses suggest that they could be involved
in plant cell wall degradation (PDB code 3oou), symbiotic
nitrogen fixation (PDB code 3oio), and either metabolism
of plant-derived biomass or nitrogen fixation (PDB code
3mn2).

The utilization of combined information derived from
structure-based and sequence-based analysis of transcription
factor proteins and binding sites is proposed as a convenient
way to assign a biological role to structures of unknown
function and may guide biologists in conducting proper
experimental characterization.
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Sorting of transmembrane proteins to various intracellular compartments depends on specific signals present within their cytosolic
domains. Among these sorting signals, the tyrosine-based motif (YXXØ) is one of the best characterized and is recognized by μ-
subunits of the four clathrin-associated adaptor complexes (AP-1 to AP-4). Despite their overlap in specificity, each μ-subunit
has a distinct sequence preference dependent on the nature of the X-residues. Moreover, combinations of these residues exert
cooperative or inhibitory effects towards interaction with the various APs. This complexity makes it impossible to predict a priori,
the specificity of a given tyrosine-signal for a particular μ-subunit. Here, we describe the results obtained with a computational
approach based on the Artificial Neural Network (ANN) paradigm that addresses the issue of tyrosine-signal specificity, enabling
the prediction of YXXØ-μ interactions with accuracies over 90%. Therefore, this approach constitutes a powerful tool to help
predict mechanisms of intracellular protein sorting.

1. Introduction

A defining characteristic of eukaryotic cells is the presence of
membrane-bound intracellular compartments. These mem-
branous structures host specific biochemical processes by
virtue of their distinctive lipid and protein composition
[1]. Nevertheless, in order to be able to contribute to the
physiology of the cell, this array of processing stations needs
to be linked and coordinated by a robust trafficking system
of membranous carriers [1, 2]. Indeed, the transport of
cargo by this system plays a crucial role in the establish-
ment/maintenance of each compartment’s identity and in the
delivery of substrates [1, 2].

Given the outstanding relevance of protein trafficking for
the onset of diseases, as well as the significance of trafficking
in pathogenic infection [3, 4], understanding the mecha-
nisms by which the cell targets its proteins to the appropriate
compartment has been the focus of multiple labs [5–9].
A landmark achievement resulting from these efforts was
the realization that some transmembrane proteins contain
sorting signals embedded in the aminoacid sequence of their

cytoplasmic segments [9]. These signals are recognized by
intracellular receptors that mediate the protein inclusion in,
or exclusion from, trafficking carriers [9]. Among this signal-
recognition machinery, the tetrameric clathrin-associated
Adaptor Proteins (APs) emerge as major players in the
protein trafficking system [9, 10]. Four different AP com-
plexes (AP-1 through AP-4) with distinctive intracellular
localizations have been identified and they are believed to
mediate different protein sorting events from and/or to
several compartments [11, 12]. Whereas other subunits are
engaged in interactions with various molecules, the medium
AP μ subunit is in charge of recognizing tyrosine-based
sorting signals fitting a XXXYXXØ consensus (where X =
any amino acid; Y = tyrosine and Ø = residues with a
bulky hydrophobic side chain such as phenylalanine, leucine,
isoleucine, methionine, and valine) [6, 9, 13, 14].

Although the Y and Ø residues within these signals are
critical for μ subunit binding, it is known that the less
conserved X-positions play an important role in defining the
specificity of different Y-signals for different AP complexes
[14, 15]. In fact, the differential interaction of signals with
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APs is responsible for the ultimate intracellular localization
of the corresponding cargo.

The two-hybrid technology was used by the Bonifacino
lab at NIH to conduct the most comprehensive study of μ
subunit specificity for Y-signals available to date [14, 15].
Specifically, this group used the different μ subunits (μ1–
μ4 from AP-1 through AP-4, resp.) as “baits” to screen a
two-hybrid XXXYXXØ signal-library. The sequences of the
signals selected by each μ subunit were established and the
data was statistically analyzed. Further, each set of signals
selected by a particular μ subunit was tested against the
other μ chains generating a vast amount of data about the
signal binding preferences of APs. These investigations
provided unique and extremely valuable information about
the signal specificity of μ subunits [14, 15]. However, they
also highlighted the complexity of μ/Y-signal recognition
process; particularly by indicating that combinations of
residues at certain X-positions display (positive or negative)
cooperative effects, thereby affecting the overall ability of
signals to interact with μ subunits [14, 15]. Unfortunately,
these interdependence effects made it impossible to extract
explicit rules for predicting recognition of Y-signals by AP
μ subunits. A classical alternative to rule-based analytical
models is the Artificial Neural Network (ANN) paradigm
[16–18]. ANNs analyze existing examples of the phenomena
under study and, through an iterative process (“training”
or “learning”), mathematically encode their behavior for
predictive purposes [19–21]. A critical requirement for
the success of ANN approaches is that a critical mass
of information be available for training [22]. Since this
precondition is satisfied in the case of Y-signal recognition
by μ subunits [14], we designed, trained, and validated ANNs
for the prediction of μ/Y-signal interactions.

Our results indicate that trained ANNs were capable
of predicting the experimental outcomes of previously
published two-hybrid experiments with over 90% accuracy.
Further, ANNs also successfully forecasted the results from
novel two-hybrid experiments involving Lamp2 and CD63
mutant signals with μ subunits. Importantly, ANNs were
proficient for correctly predicting two-hybrid results even
in the presence of positive or negative cooperativity effects
among residues within a Y-signal. Indeed, the ANNs’ pre-
dictions were correlated with the intracellular localization of
transmembrane proteins bearing analyzed signals.

In summary, our results demonstrate that application
of the ANN paradigm is suitable for the prediction of μ/Y-
signal interactions and providing a solution to this important
problem in cell biology. To further improve the system
performance, we encourage our colleagues to submit their
own experimental results to be used in future rounds of
training and validation.

2. Materials and Methods

2.1. Plasmids and Strains

2.1.1. DNA Constructs. Plasmids used in this study were pre-
pared using standard techniques and following the general

design described in [14]. Thus, XXXYXXØ signals were
cloned in-frame with the TGN38 cytoplasmic tail in the
multiple-cloning site of the two-hybrid vector pGBT9 (Clon-
tech).

Site directed mutagenesis was done using the Quik-
Change kit (Stratagene, La Jolla, CA).

2.1.2. Yeast Culture Conditions and Transformation Proce-
dures. Yeast two-hybrid strain AH109 (Clontech) was grown
in standard yeast extract-peptone-dextrose (YPD) or syn-
thetic medium with dextrose lacking appropriate aminoacids
for plasmid maintenance at 30◦C for 3-4 days unless indi-
cated otherwise. Transformations were performed by stan-
dard Li-Acetate transformation procedures (Clontech yeast
handbook).

2.2. HeLa Cell Culture and Transfection. HeLa cells (Ameri-
can Type Culture Collection, Manassas, VA) were cultured in
DMEM supplemented with 10% (vol/vol) FBS/100 units/mL
penicillin/100 mg/mL streptomycin (Biofluids, Rockville,
MD). The night before transfection, cells were seeded
onto six-well plates (Costar) in 2 mL of medium. The
following day, the cells were transfected with the TAC
constructs in pXS using Fugene-6 reagent (Roche Molecular
Biochemicals). Twenty-four hours after transfection, cells
were fixed and analyzed for expression of the TAC constructs
by immunofluorescence microscopy with the 7G7 anti-TAC
monoclonal antibody.

2.3. Immunofluorescence Microscopy. HeLa cells transiently
transfected with TAC constructs were grown on coverslips,
fixed with 4% formaldehyde and incubated with the 7G7
mouse monoclonal anti-TAC antibody diluted 1 : 500 in
DMEM, 10% FCS, 0.1% saponin for 1 h at room tempera-
ture. After washing with PBS, coverslips were incubated with
a goat anti-mouse IgG antibody conjugated to Alexa488 for
1 h. Coverslips were washed with PBS and mounted on slides
using Aqua-PolyMount (Polysciences) and imaged in a Zeiss
Axiovert 200 M microscope.

2.4. Two-Hybrid Experiments and Result Coding. Potential
interactions between XXXYXXØ signals and a given AP
μ subunit was tested using the two-hybrid technology as
previously described [14]. Briefly, plasmid DNA encoding
for GAL4 DNA Binding Domain (G4BD)-XXXYXXØ and
Gal4 Activation Domain (G4AD)-μ fusion proteins were
transformed into AH109 yeast cells bearing GAL4-based
reporter genes. If the μ moiety is capable of binding the
Y-signal of the DNA-bound G4BD-XXXYXXØ fusion, then
the G4AD-μ will be recruited to the reporter gene leading
to gene activation (Figure 1). The presence of the reporter
gene product, for example His3 (an enzyme involved in
the biosynthesis of the aminoacid histidine), will allow
the cells to grow in selective media, that is, plates lacking
histidine (−His, see Figure 1). Therefore, cell growth in
−His media, visualized as yeast colony formation, constitutes
the experimental readout that corresponds to μ/Y-signal
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Figure 1: Two-hybrid approach and result coding. (a) Clathrin-
associated adaptor complexes bind Y-signals. Scheme depicts a Y-
signal (fitting into a XXXYXXØ consensus) within the cytoplasmic
tail of a transmembrane protein bound by an adaptor complex (AP
in orange). X represents any aminoacid and Ø a residue with a bulky
hydrophobic side chain (F, M, I, L and V). The AP’s μ-subunits bind
signals located at about 6–10 aminoacids from the transmembrane
domain. (b) Two-hybrid strategy used in this study. Yeast two-
hybrid strain (AH109) bearing-integrated reporter genes were
transformed with plasmids expressing the Gal4 binding domain
(BD) fused to a XXXYXXØ-signal (via a TGN38-derived spacer)
and the Gal4 activation domain (AD) fused to the C-terminus of
an AP μ subunit. The GAL4 upstream activating sequences (UAS)
within the reporter gene are bound by the Gal4BD-Y signal fusion.
If the expressed μ subunit binds the featured signal, then the
Gal4AD activates the HIS3 open reading frame. His3 production
allows the cells to grow in absence of the aminoacid histidine
(−His), leading to the formation of colonies. (c) Result coding: The
colony formation two-hybrid readout was coded as follows: growth
in −His (μ/Y-signal interaction) = 1, whereas absence of growth in
−His (lack of interaction) = 0. The SFYYEEI signal used as example
was isolated in a combinatorial two-hybrid screen. Signal’s critical Y
and Ø (I in this signal) are indicated in blue and were alternatively
mutated to A. The interacting pair mouse p53 and SV40 T-large
antigen (TL-Ag) was used as a positive control and as negative
control when cotransformed with any other construct.

interaction. The two-hybrid results were coded as follows:
when visible colonies were formed an Interaction Value, V =
1 was assigned; if no colonies were observed the Interaction
Value was 0 (Figure 1).

2.5. Data Sets. In this work, we used AP μ-subunit/ Y-signal
interaction data coming from two-hybrid library screens,
most of which have been previously published [14, 15].

(a) Training Set: We used extensive collections of about
200 μ/Y-signal interaction data per μ subunit [14, 15] to
train neural networks for the prediction of the interaction of
XXXYXXØ sorting motifs with different adaptor μ subunits.
Since it has been recently demonstrated that μ4 is capable of
binding two types of sorting signals via two different binding
sites [23], we did not train an ANN for prediction of Y signal
interactions with this medium subunit. However, we used
data corresponding to the analysis of cross-reactivity of other
μ-subunits with Y-signals isolated in a μ4 screen.

(b) Validation Set: In order to test the generalization capa-
bilities of our neural network, we used a second set of μ-
sorting signal interaction data including a reserved group
(not used for training) from the published screens [14] and
also naturally occurring Y-based targeting motifs previously
tested by using the two-hybrid technology [15, 24–26].

3. Results and Discussion

Here we describe a novel approach to the analysis of
protein trafficking mediated by sorting signals. Specifically,
we describe the design and application of an artificial intelli-
gence approach based on the neural network paradigm.

We trained three different ANNs, which predict whether
a given Y-based sorting signal will be recognized or not by
three adaptor medium subunits (μ1, μ2, and μ3). Although it
is clear that μ4 binds to Y-signals in a Y- and Ø-dependent
manner, it recognizes at least two kinds of sorting signals
[23]. Therefore, since μ4 two-hybrid screens for Y-signals
may have produced mixed results corresponding to more
than one type of signal selected, we excluded this medium
subunit from the current development. Following training,
ANNs (one per adaptor medium subunit) were assembled in
a single system. Algorithm and current weight sets are freely
available upon request.

3.1. Design of ANN for the Prediction of μ/Y-Signal Two-
Hybrid Interaction. ANNs are algorithms capable of pre-
dicting the outcome of complex processes not viable for
deconvolution into simple sets of rules [19, 20]. Therefore,
we reasoned that these approaches would be suitable for the
analysis and prediction of μ/Y-signal two-hybrid Interaction
Values (see Figure 1 and Section 2.4).

A typical artificial neural network (see Figure 2 for an
example) is made up of independent computing units (“neu-
rons”) organized in “layer” groups. Following adjustment
by the corresponding “connection weights”, the computing
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Figure 2: Neural networks for the analysis of Y-signals. (a) ANN architecture: the neurons in the network are represented by circles and
the connections between units by arrows. The input layer is made up of 5 clusters (one for each X position within the XXXYXXØ motif)
containing 20 nodes each (representing the 20 possible residues—only 3 per cluster is shown) plus the Ø cluster with only 5 nodes (for F,
M, I, L, and V), yielding 105 neurons in total. Neurons from the hidden layer are labeled h1 and h2, whereas the output neuron is marked
o, both types of units rely on a logistic activation function, depicted as a sigmoidal output-input response. Final network output is denoted
as V (Interaction Value). The weights associated to the input hidden layer and hidden-output layer connections are indicated as Wih and
Who, respectively. The Bias neurons are not showed. (b) ANN Signal analysis. Sequences (a hypothetical RSDYEPL signal is shown in red)
are analyzed at every position. Within each of the 6 input clusters, only the neuron representing the aminoacid present at that position is
activated (represented in red). This group of input neurons “fire” to the each hidden neuron according to the corresponding connection
weight. Each hidden neuron compiles a total input and elaborates a sigmoidal output that is sent to the o-neuron, which in turn produces
the network output V .
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results from lower layers are used by the upper layer neurons
as inputs for their own calculations.

During “training”, a neural network uses iterative pro-
cesses to adjust its internal parameters (connection weights)
so that its output function can produce the expected response
(e.g., interaction value) for each element of a large set of
known experimental data. If properly trained and validated,
the network will predict unknown experimental outcomes.

The tyrosine-signal neural network (TySNN) is a feed-
forward ANN designed to address the question: “Does this
AP μ subunit bind this Y-signal?” by predicting an interaction
value, V .

After trying several network architectures (not shown),
we concluded the most robust system consisted of one
hidden layer containing 2 neurons fully connected with
the input layer as well as with the unique node within
the output layer (Figure 2(a)). Therefore, TySNN is made
up of three neuron layers: an input layer (106 neurons),
a hidden layer (2 neurons, h1, and h2), and one output
(o) neuron (Figure 2(a)). The input layer is comprised of
5 clusters that represent each X-position in a XXXYXXØ
signal. Each cluster contains 20 neurons representing the
20 possible aminoacids that can be found at that specific
X-position. A sixth cluster of 5 neurons represents the 5
possible aminoacids (F, M, I, L, and V) to be found at the
Ø-position (Figure 2(a)). An extra, constitutively activated,
“bias”-neuron [20] was added yielding a total amount of 106
input neurons.

The network reads each position of the XXXYXXØ signal
and sends inputs to every neuron in the corresponding
position-cluster. Within a cluster, an input = 0 is sent to
all neurons except to the one representing the aminoacid
found at the position and that receives an input = 1
(Figure 2(b)). All neurons from the input layer send an
output value to both hidden neurons equal to their input
multiplied by the corresponding connection weights (Wih,
Figure 2(a)). The resulting values constitute the input to the
hidden layer. Each hidden neuron compiles a total input
and elaborates an output following a sigmoidal activation
function (see Appendix and [19, 20] that is transmitted to
the output neuron according to their corresponding Who

weights (Figure 2(a)). In turn, the output neuron sums the
inputs coming from both h1 and h2 and elaborates the
network output (predicted Interaction Value, V) through its
own sigmoidal activation function. The network predicted
V values are translated from a real number in the range (0.0;
1.0) into an appropriate binary output. Thus, an arbitrary
output value >0.5 is considered a “yes” result while any value
≤0.5 means “no” (i.e., There is or there is not an interaction
between the sorting signal and the μ subunit, resp.).

3.2. Evaluation of the Artificial Neural Network Performance.
The networks were initialized using small weight values
randomly generated and following a normal distribution
with mean = 0.00 and standard deviation = 1/[number
of neurons]1/2 (i.e., ≈0.10) ([20] and Figure 3(a)). During
training, the predicted binary V values (see above) were
compared to the known experimental results (training set,

Table 1: TySNN performance.

μ1a μ2a μ3a

Ab 0.95 0.96 0.93

MCCc 0.98 0.99 0.96

a. ANN trained for the Y-signal preference of the indicated μ subunit.
b. Accuracy: ratio between correct and total number of examples. Value
range: [0; 1].
c. Mathews’ Correlation Coefficient: see text for details. Value range: [−1; 1].

[14]) and the weights were modified to minimize the
differences (see appendix for details). More specifically,
training was performed following a “batch” scheme; that is,
the weight changes were accumulated and only applied after
one run of the whole set of training examples or “epoch” (see
appendix for further details on the algorithm and network
architecture). The process was repeated until convergence
was attained (Figure 3(b)).

Two parameters were used to measure the performance
of the neural networks.

(1) Accuracy (A). Represents the ratio between the num-
ber of correctly predicted outcomes (C) and the total
number of examples (N).

A = C

N
. (1)

(2) Mathews’ correlation coefficient (MCC) [27].

MCC = pn− uo
(n + u)(n + o)

(

p + u
)(

p + o
) × 1

2
, (2)

where p is the number of true positives predictions, n the
number of true negatives predictions, u the number of false
positives, and o the number of false negatives. MCC is used
as a reliable performance indicator that is independent of the
proportion of positive and negative results in the training set
[28].

Accuracy and the total error E (see appendix) were also
used to monitor the evolution of network learning during
training (see Figure 3(c) for an example).

In general, the shape of the curves obtained indicated
the presence of local minima (Figure 3). In fact, some of our
networks’ current weight sets may correspond to low local,
rather than global, minima.

Table 1 summarizes the performance of the networks
following training. In all cases we observed above 90%
accuracy in predicting the result of a potential μ/Y-signal
interaction. These values support the suitability of the ANN
paradigm for predicting Y-signal specificity for clathrin-
associated adaptor complexes.

We believe the accuracy of the networks can be further
improved with subsequent training, aiming to reach the
global minima. However, in order to avoid overtraining with
a single data set, new results should be used. Therefore,
we encourage our colleagues to participate in this effort by
submitting their own μ/Y-signal binding results. In addition,
the spreadsheet macro that runs the ANN algorithm is freely
available upon request.
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Figure 3: ANN training. Connection weights between the Input and hidden layers before (a) and after training (b): values shown were
taken from the training of μ1 ANN. weights were initialized with small random quantities (0.00± 0.10) as shown in (a) and converged into
a broader value range (b). (c) ANN training. The evolution of the total error and accuracy (see main text and Appendix for details) was
monitored as a function of the number of Epochs (i.e., number of iterations of a complete set of sequences).
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Figure 4: Binding of Cd63-Lamp2 chimeric Y-signals to μ2. (a) Two-hybrid experiments between μ2 subunit and WT or chimeric Y-signals
were performed as described in Figure 1 and Section 2.4. Cd63-specific and Lamp2-specific residues are denoted in blue and red, respectively.
(b) HeLa cells transiently transfected with TAC-fusion proteins were fixed, permeabilized, and incubated with mouse anti-TAC antibody
followed by an Alexa 448-conjugated secondary antibody. Representative cells showing TAC fusion protein localization are shown. Arrows
(left panel) point to intracellular structures observed in TAC-HTGYEQF (Lamp2 signal) fusion; Arrowheads (right panel) highlight plasma
membrane enrichment of TAC-HTGYEMV chimeric signal fusion protein. Scale bar: 1 μm.

3.3. Biologically Relevant Predictions and Detection of Cooper-
ative Effects among Residues within a Signal. ANNs described
in this work were trained using two-hybrid interaction
data. Therefore, ANNs predict two-hybrid interaction values
from experiments performed under similar conditions (see
Section 2.4). It should be noted that two-hybrid results can
significantly correlate with the targeting behavior of proteins
expressed in cells [15].

Analysis of the relative relevance of residues within the
signal suggests that positions Y − 3, Y − 2, Y + 2, and Ø
usually have major effects on the overall ability of the Y-signal
to interact with μ subunit.

Importantly, TySNN was able to correctly predict the
specificity of a subset of naturally occurring signals, includ-
ing the sorting signals for lamp2 (HTGYEQF) and CD63
(RSGYEVM). Interestingly, these signals display a similar
interaction pattern against the different μ subunits: both
could bind μ2 and μ3 but showed negligible interaction with
μ1 [15]. Although the residues immediately flanking the
critical Y within these signals are identical (Y − 1 and Y +
1), the ones occupying the positions Y − 3, Y − 2, Y + 2, and
Ø are different (Figure 4(a)).

In order to test the relevance of these residues for the
interaction of these naturally-occurring and highly similar
Y-signals with μ subunits, we asked TySNN to predict
the specificity of chimeric signals as indicated in Figure 4.
Surprisingly, TySNN predicted negligible reactivity of the
chimeric signal HTGYEVM with μ2. This prediction was
surprising as μ2 has been described as the medium subunit
with the most relaxed specificity [14]. Also, through this
result, TySNN indicated the existence of negative cooperative
effects among residues at different positions within a signal.
Importantly, we tested this prediction experimentally and
observed a complete correspondence with actual two-hybrid
results (Figure 4(a)).

Further, we introduced both lamp2 (HTGYEQF) and the
chimeric (HTGYEMV) signal into the cytoplasmic tail of
interleukin-2 receptor α-subunit (also known as TAC) and

expressed them in heLa cells. Intracellular localization of
TAC-fusion proteins can be easily detected by immunofluo-
rescence with an anti-TAC antibody (7G7). In fact, the TAC-
Lamp2 fusion protein showed a largely intracellular, perin-
uclear immunofluorescence staining, compatible with a late
endosomal-lysosomal localization (Figure 4(b)). In contrast,
the TAC-chimeric signal fusion protein showed a strong
plasma membrane staining compatible with deficient inter-
nalization due to impaired recognition by μ2 (Figure 4(b)).
These results support the applicability of the predictions of
the ANN system to in vivo intracellular˜trafficking problems.

4. Conclusions

Our results indicate that ANNs can handle the complexity
of the μ/Y-signal interaction process. Therefore, candidate
protein cargo with a suitable Y-signal within their cyto-
plasmic tail can be identified based on their predicted
ability to interact or not with the various μ subunits.
However, the investigator should be aware that for a YXXØ
motif to be recognized by APs in vivo, it must also satisfy
other requirements, for example, proper spacing from the
corresponding transmembrane domain [9]. As mentioned in
previous sections, further training with additional naturally
occurring Y-sorting signals should enhance the predictive
power of this approach towards cytoplasmic domains of
transmembrane proteins.

Importantly, trained ANNs have been successfully used
to extract information about the principles ruling the
phenomenon under study [29]. Therefore, we anticipate that
upon further developments, results obtained with TySNN
will contribute to the establishment of explicit rules for the
analysis of Y-based sorting signals. In fact, this work already
reports the conclusions concerning the relative importance
of certain X-positions for the recognition of the Y-signal by
the different AP medium subunits. Moreover, improvements
to the algorithm reported here will be directed to provide
for the capability to analyze quantitative data rather than
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binary “Yes/No” results. Specifically, ANNs can be trained
to predict the strength of μ/Y-signal interaction based on
β-galactosidase activity or cell growth in the presence of
different concentrations of the competitive inhibitor 3AT in
two-hybrid experiments [24].

Finally, we envision that this approach may be used in
the analysis of results from future screens. For example, there
is almost no information regarding the specificity of APs for
signals in plants and Saccharomyces cerevisiae. Therefore, we
believe a systematic study of μ/Y-signal interactions, like the
ones conducted by the Bonifacino lab [13–15], should be
pursued in yeast and plants.

Along the same lines, a screen to define the specificity
of APs for dileucine signals is also lacking. The Bonifacino
lab also developed a successful three-hybrid approach [30]
that should be adapted for the screening of putative com-
binatorial dileucine signal libraries. Further, a similar ANN-
based approach can be adopted for screens involving other
signal/motif receptors than APs. We anticipate that use of the
ANN paradigm would be of great benefit for rapidly utilizing
the information generated by all these efforts and for the
analysis of data from other challenging endeavors in the area
of vesicle trafficking.

Appendix

Neural Network Architecture and Data Flow

As described in Section 3.1, the identity of the residues
within the XXXYXXØ signal determines which neuron
within the X- and Ø-position clusters (at the input layer) is
turned on (i.e., “on” output value = 1; “off” output value
= 0). Then, each input neuron i sends a “message” to each
hidden neuron j, equal to its off/on output value (Oi) times
the connection weight (Wij). Thus, the total net input (I)
received by each hidden neuron is

I j =
∑

OiWij . (A.1)

In turn, neurons from the hidden layer as well as the unique
node in the output layer (Figure 2) produce a response
according to a sigmoidal activation function

Oj = 1
(

1 + e−αIj
) , (A.2)

whereOj represents the output response from a given hidden
or output neuron j receiving a net input I j (modulated by an
α factor) [21]. The final output (O) is then compared with
the expected interaction value (V) (from the training data
set) by using an error function (E) (Figure 2(a))

E =
∑

k (V −O)2, (A.3)

where k is the number of examples in the training data set.
A weight correction to minimize the error function is

estimated according to

ΔWij (n) = −η
(

dE

dWij

)

+mΔWij (n−1), (A.4)

where ΔWij (n) and ΔWij (n−1) represent the change of the
weights calculated at iterations n and n − 1, respectively.
η is the learning rate parameter and m is the momentum
constant [31]. The weight corrections are implemented, on
the initially random Wij , in the opposite direction to data
flow (back-propagation), and then another feed-forward run
is started by using the newly updated Wij values.

The learning rate η is continuously optimized according
to a “line search” algorithm [32] for maximal convergence
efficiency to an E minima (Figure 3). The iterations will
continue until convergence is reached, leading the network
to learn by backpropagation [33–35].
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The present study reports the results of a combined computational and site mutagenesis study designed to provide new insights
into the orthosteric binding site of the human M3 muscarinic acetylcholine receptor. For this purpose a three-dimensional
structure of the receptor at atomic resolution was built by homology modeling, using the crystallographic structure of bovine
rhodopsin as a template. Then, the antagonist N-methylscopolamine was docked in the model and subsequently embedded in a
lipid bilayer for its refinement using molecular dynamics simulations. Two different lipid bilayer compositions were studied: one
component palmitoyl-oleyl phosphatidylcholine (POPC) and two-component palmitoyl-oleyl phosphatidylcholine/palmitoyl-
oleyl phosphatidylserine (POPC-POPS). Analysis of the results suggested that residues F222 and T235 may contribute to the
ligand-receptor recognition. Accordingly, alanine mutants at positions 222 and 235 were constructed, expressed, and their binding
properties determined. The results confirmed the role of these residues in modulating the binding affinity of the ligand.

1. Introduction

Muscarinic acetylcholine receptors (mAchRs) are integral
membrane proteins that belong to the rhodopsin family of
G-protein-coupled receptors (GPCRs). These proteins play a
pivotal role in the regulation of many physiological functions
both in the central and in the peripheral nervous systems [1].
Like other GPCRs, these proteins exhibit a basal activity that
is increased by the action of its natural agonist acetylcholine.
In the central nervous system, mAChRs are known to
regulate motor control, temperature homeostasis and are
involved in the process of memory and learning whereas,
in the peripheral system, they induce cardiovascular activity,
smooth muscle contraction, gland secretion, regulation of
cardiac activity, decrease blood pressure, and meiosis. The
physiological actions the natural agonist acetylcholine are
mediated by at least five subtypes of receptors known as M1-
M5 that exhibit high sequence identity across mammalian
species and exhibit different tissue distribution [2, 3].

Binding of agonists and competitive antagonists to
GPCRs occurs at the orthosteric site, a hydrophobic pocket
located at the extracellular side of the helix bundle that
is highly conserved among the members of a subfamily
[4]. However, the binding of diffusing ligands to the
orthosteric site may be modulated by residues located at the
extracellular loops that flank the entrance [5]. Interestingly,
while residues defining the orthosteric binding site are well
conserved within the different GPCR subfamilies, those
of the extracellular loops are remarkably diverse within a
subfamily, providing a good possibility to design selective
allosteric antagonist [6]. Although a wealth of information
about these receptors has been accumulated in the past,
there are still many questions open. Issues like the effect
of the same mutation on the function of different mAchRs
subtypes or the actual mapping of the binding site, as well as
the mechanism of activation, are poorly understood [7]. A
deeper understanding of the structure-activity relationships
of the different subtypes will help designing new selective
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ligands with various pharmacological profiles that may be
useful for therapeutic intervention. In this sense, due to the
scarcity of crystallographic structures available, molecular
modeling methods can provide a deeper insight into the
flexibility and the role that extracellular loops may play in
ligand recognition [8].

In the present work, we focus on the human M3
muscarinic acetylcholine receptor (M3R), which is involved
in modulation of neurotransmitter release, temperature
homeostasis, and food intake in the central nervous system,
as well as in the induction of smooth muscle contraction,
gland secretion, indirect relaxation of vascular smooth mus-
cle in the peripheral nervous system [1]. M3R is arranged
in the distinctive seven-transmembrane (TM) helix bundle
architecture like all GPCRs, with its N-terminus located
on the extracellular side of the plasma membrane and
the C-terminal tail in the cytoplasmic side. Helices are
connected by intracellular and extracellular loops of different
lengths exhibiting preserved features of the rhodopsin family,
like the two highly conserved cysteine residues C221 and
C141, responsible for a disulfide bond between the second
extracellular loop (ECL2) and the TM3 helix [9].

We undertook a combined approach involving computa-
tional and site-directed mutagenesis studies to further dissect
M3R-ligand interactions with the aim of getting a deeper
insight into specific structural features that can modulate the
binding of the competitive antagonist N-methylscopolamine
(NMS) to the orthosteric site of the receptor. For this
purpose, we constructed an atomistic model of the M3R
that was further refined using extended molecular dynamics
(MD) simulations of the protein embedded in a lipid
bilayer. The analysis of the MD trajectories provides a better
understanding of the structural features that characterize
the ligand-receptor interaction at the orthosteric pocket, the
dynamics of the extracellular loops, as well as its putative
involvement in ligand binding [10].

Present modeling studies suggest that residues F222
located in the ECL2 and T235 located at the edge of TM5
participate in the recognition of NMS. The former had
already been shown to be important for the binding of
allosteric modulators [11] but has not yet been shown to
modulate the binding of ligands to the orthosteric site. On
the other hand, the latter had already shown to be important
in conferring biding specificity to the physiological ligand
acetylcholine [12, 13]. Accordingly, in order to demonstrate
the prediction capabilities of the model, we designed and
expressed mutants F222A and T235A. Moreover, in order to
have a reference, other residues of the ECL2 not expected
to modulate the binding of NMS to M3 according to the
atomistic model but playing key roles in the binding of
allosteric modulators such as gallamine and alcuronium
in the M2 receptor [14] were also investigated. Thus, the
following mutants Y209F, K213 V, and E228N were also
constructed and expressed.

Saturation binding assays were performed to determine
the affinity of [3H]-NMS for these mutants. Dissociation
assays on the mutants were also performed in order to get
insight about the kinetics of the binding process. These
results suggest that residues F222 and T235 modulate the

binding of NMS [15] that show a slight decrease of its bind-
ing affinity in contrast with the other mutants constructed
and tested.

2. Materials and Methods

2.1. Theoretical Methods

2.1.1. Construction of a M3 Receptor Model. A model of the
M3 receptor was constructed by homology modeling using
the crystal structure of bovine rhodopsin as a template (entry
1GZM of the Protein Data Bank) [16] by means of the
Modeller software [17]. The N-terminus as well as a long
stretch of the C-terminus was not included in the model,
due to the low sequence identity exhibited between the two
sequences and that it does not presumably influence the
model for the purpose of the present work. Residues 264–
479, located in the third intracellular loop (ICL3), were
also removed and substituted by stretch of alanine residues
resulting into a shorter loop with the same length as that
found in rhodopsin. The model includes the full remaining
intradiscal and cytoplasmic loops, the conserved disulphide
bridge between the cysteine residues located in TM3 and
ECL2 (involving C141 and C221). All amino acids were
modeled in the protonation state; they would have as free
amino acids in water at pH 7 yielding a net charge of +17.
This net charge is later compensated in the simulation box
by adjusting the balance between sodium and chloride ions
to give an electroneutral system, as described in detail later.

Fifty different models were generated following this
procedure. These were subsequently ranked ordered using
a scoring function based on structural compactness and
embedded in Modeller [17]. Structures were processed by
Procheck in order to assess the stereochemical quality of the
models generated [18]. The structure finally selected exhibits
the highest score with the minimum number of residues out
of the preferred regions of the Ramachandran plot.

Although the constructed model provides a reasonable
first approximation of the receptor, it still exhibits some
limitations for its use in drug discovery [19]. First, con-
sideration of the rearrangement due to the bound ligand
and, second, the effect of the lipid bilayer on the protein
structure are disregarded in the model constructed using a
crystal structure. These two effects can be accounted for in
the model by means of molecular dynamics simulations.

2.1.2. MD Simulations. In order to understand the struc-
tural features of M3R, four 50 ns molecular dynamics
simulations with the receptor embedded in a lipid bilayer
were carried out. Specifically, four trajectories were run:
with and without the antagonist NMS bound into the
orthosteric binding pocket and using two different bilayer
compositions: a one-component palmitoyl-oleyl phos-
phatidylcholine (POPC) and a two-component palmitoyl-
oleyl phosphatidylcholine/palmitoyl-oleyl phosphatidylser-
ine (POPC/POPS), where POPS lipids were added at the
cytoplasmic surface of the M3R at a POPC/POPS 10 : 1 ratio.
The former bilayer was considered in the present paper
because it has been widely used in MD simulations; its
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Figure 1: Snapshot of the system showing a ribbon representation
of the M3 receptor with N-methylscopolamine bound into the
orthosteric binding pocket, surrounded by POPC lipids. Waters
have been removed for clarity.

available force field parameters are known to be carefully
calibrated and it is a good representative of the membrane
composition together with the fact that its gel/liquid-
crystalline phase transition is above the temperature of
the simulation (300 K). Selection of the latter—a two-
component bilayer—was done in order to investigate the role
of the inclusion of anionic lipids to neutralize the net positive
charge located in the cytoplasmic region of the M3 receptor.

The M3R was placed in the center of an equilibrated
POPC box of dimensions 8.5 × 8.5 × 10 nm (XYZ)
containing 256 molecules, a thick layer of water molecules
on each side of the bilayer, and NaCl ions at physiological
concentration of 0.2 M taken from a previous study [20].
Overlapping molecules were removed following the proce-
dure described previously [20], in which all water molecules,
with oxygen atoms closer than 0.40 nm to a nonhydrogen
atom of the protein, as well as all lipid molecules with at
least one atom closer than 0.25 nm to a nonhydrogen atom
of the protein, were removed. This resulted in final system
containing 189 lipids and ca. 14 600 water molecules. For
convenience, the system is organized in such a way that
the bilayer plane was oriented on the XY plane. For the
construction of the POPC/POPS box, the 10% of the POPC
molecules exhibiting the largest electrostatic potential were
replaced by POPS molecules. For those simulations with N-
methylscopolamine (NMS) bound into the orthosteric site,
the ligand was manually docked, using information provided
by site-directed mutagenesis on relevant residues involved
in the binding [21]. Figure 1 shows the system showing a
cartoon of the M3 receptor with NMS bound, surrounded
by POPC molecules. Water molecules have been removed for
clarity.

Calculations were carried out by means of the GRO-
MACS 3.3.2 package [22] using periodic boundary condi-
tions. The all-atom OPLS force field [23] was used for all
the molecules of the system except for the lipids, for which
a specific parameterization was used [24]. This combination

has been previously employed [20]. Systems were subjected
to periodic boundary conditions in the three-coordinate
directions. Calculations were done at 300 K using separate
thermostats for the protein, water, ions, and lipid molecules.
The time constant for the thermostats was set to 0.1 ps, except
for water, for which a value of 0.01 was used. Equations of
motion were integrated using the leapfrog algorithm using a
time step of 2 ps.

For equilibration, the system was subjected to 0.5 ns MD
simulation to allow for the removal of voids present between
the protein and the lipid or water molecules. The simulation
was performed with the atomic coordinates of the protein
restrained to their crystallographic positions and allowing
the three periodic box dimensions to change size according
to a pressure of 0.1 MPa in each coordinate direction [20].
Next, the restrains were released and the four MD trajectories
containing rhodopsin were computed up to 20 ns each. As
a reference, eight additional simulations were performed
without protein and either with or without ions lasting
20 ns each. For all simulations, coordinates were collected
every 10 ps and were stored for further analysis. In all cases,
the first 10 ns were considered as equilibration period, and
therefore they are not included in the analysis. All the bonds
in the protein and lipid molecules were kept frozen using
the LINCS algorithm. Electrostatic interactions were treated
using the particle mesh Ewald summation procedure [25]
and nonbonded interactions were computed using a cutoff
of 1.0 nm.

3. Construction, Expression, and Binding
Assays for Mutant M3R

3.1. Materials and Mutant Construction. 1-[N-methyl-3H]
scopolamine methyl chloride ([3H]-NMS; 84 Ci/mmol)
was purchased from Perkin Elmer. Oligonucleotides were
designed and obtained from Sigma Aldrich (for the sequence
of the primers, see Figure 1(S) of Supplementary Materials
available online at doi:10.1155/2012/789741). The Quick
Change kit was from Stratagene (La Jolla, CA, USA).
Atropine was purchased from Sigma Aldrich.

Residues F222 and T235 of the human M3R were
mutated to alanine using the Quick Change method. Mutant
receptors, cloned into the pCD expression vector and con-
firmed by dideoxy sequencing, were transiently expressed in
COS-7 cells by electroporation (Bio-Rad Gene Pulser, 15 μg
of DNA, 260 V, 960 μF). In the case of the T235A mutant, its
expression levels were improved by treatment of the cultured
cells with atropine (10−6 M) for 48 h, before washing and
harvesting for membrane preparation. The ability of atropine
to act as a “pharmacological chaperone” has been described
previously [26]. After transfection, media was removed and
cells were washed twice with phosphate buffered saline (PBS)
(in the case of mutant T235A, four additional washes were
needed to remove atropine), then harvesting buffer (20 mM
Hepes, 10 mM EDTA) was added to the flasks. The cells were
incubated for about 10 min and then scraped from the flask.
The cells were pelleted and homogenized in a glass pestle
(×20 plunges on ice). This homogenate was transferred
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to JA-17 tubes and centrifuged at 17,000 rpm at 4◦C for
30 minutes. The pellet was resuspended in storage buffer
(20 mM Hepes, 0.1 mM EDTA). The cells were homogenized
on ice using a Polytron homogenizer setting 12,2 × 15 s, the
membranes resuspended, snap frozen, and stored at −80◦C.
Protein concentration was determined using the Bradford
assay [27].

3.2. Radioactive Ligand Assays. [3H]-NMS saturation bind-
ing assays were performed by binding [3H] NMS (0.01–
3 nM) to membrane preparations (10 μg/mL of membrane
protein). Binding was measured at 30◦C in a buffer con-
taining 20 mM Hepes, 100 mM NaCl, and 1 mM MgCl2,
pH 7.5, using an assay volume of 1 mL and an incubation
time of 2.5 h. Nonspecific binding was determined with
1 μM atropine. Assays were performed in quadruplicate. The
binding reaction was terminated by rapid filtration on a
Brandel cell harvester (Brandel Model M-245, Serial 9219).
Dissociation kinetic assays were carried out to investigate
the time course of [3H]-NMS dissociation from the receptor.
COS7 cell membranes expressing the M3R (10 μg/mL) were
equilibrated with 0.2 nM [3H]-NMS in 1-mL total volume of
buffer containing 20 mM Hepes, 100 mM NaCl, and 1 mM
MgCl2, pH 7.5 for 60 min at 30◦C. Atropine (10 μM) was
added at various time points to prevent radioligand re-
association to the mAchRs. Data analysis was carried out
by means of Graph Pad Prism 3.0 (Graph Pad Software,
San Diego, CA, USA). Saturation binding data were fit
with hyperbolae (one-site binding); Bmax and Kd values
were derived from these curves. Dissociation kinetic data
were normalized and fit to for a monoexponential decay
curves. Experiments were repeated 4 times. Log affinities
were tabulated as mean ± SEM. Statistical comparison of
affinity and dissociation rate constants for mutants and
WT M3R controls were carried out by one-way analysis of
variance followed by Dunnett’s post hoc test.

4. Results and Discussion

As described in the Materials and Methods section, we used
rhodopsin as template [28] for the generation of a starting
structure of the M3R by homology modeling. Comparison of
the transmembrane helices yields a 21.7% sequence identity
and a 42.9% sequence homology. Obviously, any of the
available crystal structures could have also been used for
this purpose, being the choice of a template to construct the
initial atomistic model of a GPCR matter of debate in the sci-
entific community [29, 30]. Since for several years rhodopsin
was the only high-resolution GPCR structure available, most
of the homology modeling made use of it as template [31].
The recently published squid rhodopsin structure [32] and
a few ligand-activated structures the human β2adrenergic
receptor (β2AR) [33, 34], the avian β1adrenergic receptor
(β1AR) [35], the human A2A adenosine [36], and more
recently the crystal structure of the CXCR4 chemokine
[37] and the dopamine receptor [38] have brought the
opportunity to increase the repertoire of templates that can
be used for modeling purposes, opening the question of

which is the most suitable structure to be used. Indeed,
although the overall structure of the six proteins is similar,
there are notable differences, mostly in the extracellular loops
and in the ligand-binding region [39, 40]. For example, in
contrast to the other structures, the human β2adrenergic
receptor as well as of the avian β1adrenergic receptors exhibit
an alpha helix in the second extracellular loop. Similarly,
TM5 and TM6 in squid rhodopsin are more extended than
in the other receptors, or the inverse agonist in rhodopsin is
more deeply inserted inside the hydrophobic TM domain of
the protein. One of the conserved structural features, the so-
called ionic lock, is weaker in the case of the β1AR, β2AR and
A2A adenosine receptors than in the case of rhodopsin and
involves the ICL2. This latter difference may be responsible
for the higher basal activity and structural instability of these
receptors and may contribute to the challenges in obtaining
diffraction crystals of nonrhodopsin GPCRs [34].

However, there are still inconclusive results about the
choice of a template. Thus, at the community-wide assessment
of GPCR structure modeling hold in 2008 [41] aimed at
understanding of the performance of GPCR homology mod-
eling, 206 models of the A2A adenosine receptor submitted
and assessed for their accuracy prior the release of the solved
crystal structure. These models were basically assessed by the
accuracy of the ligand-binding mode. The results show that
among the best models there are some that were constructed
using the structures of the β-adrenergic receptors and some
using rhodopsin. On the other hand, in a recent report
an accurate model of the transmembrane region of the
β2-adrenergic receptor was reported using rhodopsin as
template [42].

Two recently studies address the problem of template
selection for GPCR homology modeling [29, 30]. The two
studies conclude that the selection of the template should
not exclusively be based on sequence identity but on an a
priori assessment of the expected structural features of the
receptor wished to model and that more high-resolution
structures are still required. Moreover, the latter study
concludes that the best template needs to be considered
case by case, recommending the use of chimeras constructed
by selecting special features from the different receptors
available. Unfortunately, the six crystallographic structures
available nowadays do not cover all the structural diversity
necessary to have adequate templates to model a specific
GPCR of the rhodopsin family leaving the question still open.

5. MD Simulations

Deviations from the initial 7TM homology-based structure
were monitored through the time evolution of the root-
mean-square deviation (rmsd) of the α-carbon atoms as
displayed in Figure 2(a). Smaller deviations are observed
when the protein is embedded in the two-component lipid
bilayer (POPS-POPC) than when the protein is embedded
in the one-lipid environment (POPC) (Figure 2(a)). This
behavior is probably due to the presence of the anionic lipid
(POPS) in the cytoplasmic area of the receptor, neutralizing
the cluster of positive charges located in that region, and
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Figure 2: (a) Time evolution of the root mean square deviation
(RMSD) of the of the α-carbon atoms of the protein along the
different simulations. (b) Average root mean square deviation
(rmsd) of the Cα atoms of each residues of the protein through the
last 25 ns of each simulations computed from an average of the last
25 ns.

it is consistent with the experimental finding that this part
of the protein is difficult to crystallize due to its flexibility,
as previously found in MD simulations of bovine rhodopsin
[43]. The time evolution of the RMSD also permits to assess
the influence of the ligand on the protein structure. The evo-
lution of the α-carbon rmsd shows that the trajectories with
the ligand bound display lower deviations in comparison to
those simulations of the protein alone.

Deviations per residue were also computed for a better
characterization of the contribution of each segment to
the overall rmsd. Figure 2(b) shows the rmsd per residue,
highlighting the lower values found in the TM regions,
compared to the connecting loops. Specifically, the larger

deviations correspond to residues on the ICL2 and ICL3
of the protein (deviations larger than 1 nm), whereas the
smaller ones correspond to the residues located in the TM
region of the protein (about 0.25 nm). This differential
behavior can be correlated with the fact that receptor/G-
protein coupling occurs through the intracellular loops in all
mAChRs [44]. Furthermore, the structures embedded into
the two-component lipid bilayer (POPS/POPC) exhibit, in
general, smaller deviations as compared to those embedded
into one-component lipid bilayer with exceptions such as
residues in the intracellular loop ICL1 (135–140), in ICL2
(225–233), and residues in the ICL3 (520–535).

The root mean square fluctuations (RMSF) of the α-
carbon atoms, taken as reference the average structure
computed from the last 25 ns were also calculated for the
four trajectories. The largest fluctuations are located on
the second and third intracellular loops as anticipated in
the rmsd calculations (for residue rmsf see Figure 2(S) of
Supplementary Materials). Fluctuations were relatively small
due to the restrictions imposed by the lipid bilayer, except
on the non-TM regions. In the case of TM4, TM5 and
TM6 show an overall larger fluctuation in comparison to the
other TM helices. These results agree with the fact that some
residues within TM3-TM7 participate in the binding of the
antagonist ligand NMS [26, 45, 46].

Dihedral angles were also computed using four consecu-
tive α-carbons for the four MD simulations and disregarding
the first 12 ns (Table 1), in order to identify specific confor-
mations adopted by the extracellular loops when the NMS
antagonist is bound and in the ligand-free receptor. The anal-
ysis of the M3-NMS-POPC MD trajectory shows that ECL1
adopts three different conformations, whereas it adopts only
one conformation in the other three simulations. In contrast,
ECL3 adopts only one conformation in the four MD trajec-
tories. On the other hand, the time evolution of the dihedral
angles defined using four consecutive Cα of ECL2 shows that
it attains two different conformations along the trajectories
M3R-NMS-POPC and M3R-NMS-POPC/POPS, whereas in
the M3-NMS-free POPC/POPS simulation exhibits three
different conformations.

This observation agrees with the putative contribution
of ligands to generate microdomains on the extracellular
loops that are important for the conformational changes
that accompany receptor activation [47, 48]. Interestingly,
we can also see that most notable changes in the variation
of the dihedral angle average occur in the preceding part
of the residues 218–221; therefore it seems that residues
near the C221, the one that forms a disulphide bond with
C141, play an important role in the conformation of this
second extracellular loop. Figure 3 shows the superposition
of two snapshots at different times taken from the POPC
simulation, where it can clearly be seen the distinctive
features the conformation adopted by the ECL2 before the
first 20 ns and after 20 ns of the simulation.

In order to study different specific structural features,
we focused on residue-residue hydrogen-bonding inter-
actions, and lipid-protein interactions. For the protein-
protein intramolecular interactions, we focused on hydrogen
bond formation and breaking between pairs of residues
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Table 1: Values of the dihedral angles of four consecutive Cα alpha carbons corresponding to the three extracellular loops: (a) ECL1, (b)
ECL2, and (c) ECL3 of M3R for the four MD trajectories computed in the present work.

(a) ECL1

Dihedral angles/degrees

129–132 130–133 131–134 132–135 133–136 134–137 135–138 136–139

M3–NMS-POPC

(12–26 ns) 32 −141 65 −108 49 52 −82 −59

(27–39 ns) 75 −75 87 −108 119 38 −123 −45

(39–50 ns) −20 −125 13 −108 119 38 −123 −45

M3–NMS-POPC/POPS

(12–50 ns) 32 −150 89 −132 140 60 −100 −45

M3 free POPC

(12–50 ns) −97 184 −200 85 59 −137 −43 96

M3 free POPC/POPS

(12–50 ns) −165 46 −187 73 65 58 −80 4

(b) ECL2

Dihedral angles/degrees

208–211 209–212 210–213 211–214 212–215 213–216 214–217 215–218 216–219 217–220 218–221

M3-NMS-POPC

(12–20 ns) 142 −66 52 −38 117 24 −95 −104 −142 −95 32

(21–50 ns) 142 −66 52 −38 112 −12 151 −120 −109 14 32

M3 NMS POPC/POPS

(12–25 ns) 79 −8 60 −37 75 94 −40 −97 −90 −6 25

(25–50 ns) 79 −8 60 −37 53 55 66 −127 −88 26 76

M3 Free POPC

(12–50 ns) 90 3 75 −50 60 115 35 −140 −150 −75 74

M3 free POPC/POPS

(12–18 ns) 95 −9 53 42 59 112 36 −152 −140 −79 70

(18–35 ns) 112 −9 102 118 88 96 62 −161 −140 −79 70

(35–50 ns) 122 36 37 −82 98 118 76 −161 −138 −79 70

(b) ECL2

Dihedral angles/degrees

219–222 220–223 221–224 222–225 223–226 224–227 225–228 226–229 227–230 228–231 229–232 230–233

M3 NMS POPC

(12–50 ns) −110 114 −63 126 −145 −141 20 85 146 81 99 76

M3 NMS POPC/POPS

(12–50 ns) −148 72 −100 −25 −150 105 −25 61 −147 65 74 77

M3 free POPC

(12–50 ns) −86 88 −79 −152 −139 126 41 12 −159 78 92 75

M3 free POPC/POPS

(12–50 ns) −82 93 −90 −182 −136 123 20 107 −152 33 62 127

(c) ECL3

Dihedral angles/degrees

513–516 514–517 515–518 516–519 517–520 518–521 519–522 520–523

M3 NMS POPC

(12–50 ns) 126 80 −120 53 90 175 −133 −98

M3 NMS POPC/POPS

(12–50 ns) 125 80 −132 62 100 −140 −146 −109

M3 free POPC

(12–50 ns) 132 45 −113 74 68 −162 −138 −104

M3 free POPC/POPS

(12–50 ns) −22 191 130 21 −189 109 14 165
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Figure 3: Superposition of two snapshots of the NMS POPC MD
trajectory with NMS bound at the orthosteric binding site of the M3
receptor. In blue a snapshot before 20 ns and in pink after 20 ns.

of the protein along the MD trajectory (Figure 4(a)). The
analysis was carried out by counting all possible atoms
involved in a hydrogen/charge interaction around one
residue at a time using a cutoff of 0.4 nm. Figure 7 lists
the interactions between residues and their persistence
along the MD trajectories. They are classified in charged-
charged, charged-noncharged and noncharged-noncharged.
Among the residues listed in Figure 7, those forming the
so-called ionic-lock between TM3 and TM6, in subscript
the Ballesteros-Weinstein numbering is used [49]: D1653.49,
R1663.50, Y1673.51 and E4866.30, R2535.60 and R1804.37 are
indicated. Electrostatic interactions at these positions are
known to be critical for restraining the receptor from
adopting a constitutively active GPCR [50, 51]. Some of
the interactions are only found in the two POPS/POPC
simulations: D142-K213, D165-R166, E259-R480, E220-
Y128, E220-Y530, and N548-T50. Other interactions can
only be found in the POPC simulations: E257-R253,
E486-R177, S121-Y534, T534-S121, T550-Q98, and T550-
T554. Furthermore, some of the interactions are found
in the simulations without ligand: D165-R184, E257-Y167,
N104-Y544, Y149-T235. Finally, some residues are only
found when the ligand is bound to the receptor: D165-
R180, E220-K523, D148-S152, N104-T101, and S537-S152
(Figure 7).

On the other side, specific residues have been shown to be
involved in protein-lipid interactions. These include charged
like K and R, neutral like N, Q, T, and S, and aromatic like
H, Y, and W [20]. Previous analysis of hydrogen bonding
among protein donors of bovine rhodopsin and lipid oxygen
atoms revealed the importance of these interactions for the
anchoring of the protein to the membrane. In rhodopsin,
residues R2526.35, Y962.63, Y2746.57, H1524.41 and T1083.23,
and to a lower extent K661.61, R691.64, Y1353.50, and W351.30

are found to participate in hydrogen bond linkages with
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Figure 4: (a) Residues involved in the electrostatic lock between
TM3 and TM6 helices in M3R. (b) Residues of M3R involved in
hydrogen bonding with lipid oxygens. In bold are those residues
have been also identified in a similar study in Rhodopsin (see text).
W661.30, K941.58, K1001.64, T1272.63, Y1673.51, R1844.41, W2526.33,
R2536.34, Y2556.36, K256 6.37, S5196.64, and K5236.68.

lipid molecules, and, therefore, they can be considered to
be putative hooks of the protein to the bilayer [20]. In
this work, specific hydrophilic lipid-protein interactions have
been analyzed along the different trajectories using the
criteria of any of the residue atoms of the receptor was within
a cutoff of 0.4 nm of a lipid oxygen. Following this approach,
we identified common interactions for the four trajectories
studied (Figure 4(b)). Most of the lipid-protein interactions
are detected at the cytoplasmic half of the receptor, similarly
to what is found in the case of rhodopsin. Moreover, some
of the residues in M3R, W661.30, K1001.64, T1272.63, Y1673.51,
and R1844.41, correspond to homologous residues in the
rhodopsin sequence that confers the visual photoreceptor the
property of anchoring the protein onto the lipid bilayer [20].
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Figure 5: Binding pocket of the M3R: D1483.32, S1523.36, N1533.37,
F222(ECL2), I223(ECL2), T2355.42, A2365.43, A2395.46, W5046.48,
N5086.52, V5116.55, L5126.56, C5337.40, and Y5347.41.

Another point of interest arises from the comparison of
the interactions using the two different bilayers. In this case,
the location of POPS lipids in the cytoplasmic vicinity of
the receptor would provide a larger number of these lipid-
protein interactions due to the fact that carboxylate groups
of POPS lipids can interact with positively charged residues
such as K260, R261, K263, R480, K487, and K488 located at
ICL3 of the receptor.

6. The Orthosteric Binding Pocket of M3R

NMS was docked onto the binding pocket of M3R taking
into account the residues known to affect its binding from
site-directed mutagenesis studies, specifically D3.32 known
to interact with the ligand quaternary nitrogen [52], N6.52

putatively involved in a polar interaction with the ligand [53–
55], and the homologous hydrophobic residues implicated
in the binding of NMS at the M1 muscarinic receptor
[56]. Once docked, the complex was energy minimized and
the MD simulation started. This process was done for the
two different bilayer compositions studied in the present
work, POPC and a 10 : 1 POPC/POPS mixture. In order
to understand the stereochemical features of the binding
pocket, we monitored all the residues within a cutoff of
0.35 nm of any of the atoms of the ligand along the MD tra-
jectories. Residues involved in the binding of NMS are shown
in Figure 5. Simultaneously, we monitored the different
conformations the ligand attained during the simulations.
The analysis reveals that the ligand actually adopts different
conformations along the trajectories; however, all of them
conserve the interaction between the quaternary nitrogen of
NMS with the side chain of D1483.32 and the hydroxyl moiety
with N5086.52 (for definition of NMS dihedral angles and
their values along the MD trajectory see Figures 3(S) and 4(S)
of the Supplementary Material). Two different representative
conformations of the ligand along the MD trajectories are
depicted in Figure 6.
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Y 149

I 223

W 504

D 148

F 222

(a)

A 239

W 504

N 153
Y 149

F 222
D 148

S 152
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Figure 6: Different conformations that ligand exhibits in the
two different simulations: POPC and POPC/POPS simulation. (a)
Superposition of two snapshots of the POPC MD simulation at 15
and 40 ns. (b) Superposition of two snapshots of the POPC/POPS
simulation at 25 and 45 ns.

In a detailed analysis of hydrogen bonding interactions
between different residues of the protein (those within a
cut-off of 0.35 nm) and atoms of NMS, we computed the
average angle formation of each of the interactions along the
dynamics, and we found that residues N5086.52, W5046.48,
F222, and T235 of M3R participate in hydrogen bond
formation (angle between 120◦–180◦) with specific atoms
of the antagonist ligand NMS in the MD simulations. In
agreement with previously published results literature [57],
N6.52 is considered to be important for the binding of some
muscarinic antagonists [53], and also W6.48 has also been
shown to be important for the binding of NMS [45, 51].

We have constructed, expressed, and characterized the
alanine mutants of F222 and T235 and studied them by
means of saturation binding assays in order to determine
the affinity of NMS for these mutants. Dissociation binding
assays have also been performed to study the release of NMS
as a function of time from the M3R, in 20 mM Hepes buffer.
In fact, the corresponding homologous positions have shown
to modulate binding of NMS to the M1 receptor [47, 58].
Thus, mutant Y177 (the corresponding position of F222)
reduced the affinity of NMS about 2.2-fold in comparison
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Figure 7: Residue-residue interactions identified in the four MD trajectories together with their residence times. A: ligand-free M3 trajectory
in POPC; B: ligand-free M3 trajectory in POPC/POPS; C: M3-NMS complex in POPC; D: M3-NMS complex in POPC/POPS. Color scale:
black, the interaction in present during the whole trajectory; grey, the interaction is present more than 50% of the trajectory; light grey, the
interaction is present less than 50% of the trajectory. Residues in bold are those found in rhodopsin (Cordomi and Perez, 2007). Residues in
italics are tentatively involved in the ion lock of M3R.

Table 2: Determination of the Log affinity and Bmax values of M3

WT receptor and mutant receptors: F222A and T235A. The affinity
constants and ranges of Bmax values of 3H NMS at M3 WT and
mutant receptors F222A and T235A expressed in COS-7 cells are
shown as the log values ± standard error.

Receptors Bmax fmol/mg prot LogKd NMS n

WT M3 1900–3400 9.55± 0.044 4

F222A 1213–1780 9.30± 0.036 4

T235A 1734–2460 9.14± 0.024 4

to WT M1 [47]. Furthermore, the mutant T1925.42 (the
corresponding position of T235) showed a reduction of the
affinity of NMS about 1.69 compared to the WT M1 [58].

7. Expression and Experimental
Characterization of WT M3R and Mutants

The effect of the mutations studied on the expression of
mAChR was measured by saturation binding assays using
[3H] NMS (for representative saturation binding curves

see Figure 5(S) of the Supplementary Materials). Mutant
F222A showed about 55% of expression level in comparison
to the WT M3R. In the case of the T235A mutant, it
showed lower expression levels that were improved after
atropine treatment. Alanine substitution of residues F222
and T235 somehow resulted in reduced affinities for NMS
when compared to WT M3R. Mutant F222A decreased the
affinity for NMS by 1.7-fold and mutant T235A by 2.6
fold with regard to WT M3R (Table 2). However, Y209F,
K213 V, and E228N mutants assayed in parallel did not
show any significant difference with regard to WT M3R
(data not shown) which is consistent with the proposed role
for these position in allosteric—but not in orthosteric—
ligand binding [14]. The measurement of dissociation time
courses was carried out in order to provide information
about the transition from the conformation of the receptor
bound to the radioligand and the free state of the receptor.
[3H] NMS dissociated from the WT M3 receptor with a
monoexponential time course time course corresponding to
a half-time of 10 min under this condition (20 mM Hepes
buffer, 30◦C) which is in good agreement with previously
published values [59]. Dissociation rates for the mutants
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F222A and T235A were not significantly different from the
WT M3 receptor (data not shown). The effect observed
in the binding affinities, together with the lack of effect
in the dissociation analysis, suggests different structural
environment requirements for the binding and dissociation
of the ligand to and from the receptor.

8. Conclusions

The present paper addresses the effect of lipid composition
and the antagonist ligand on the structure of the human
M3R. The atomic resolution model of the M3R constructed
by homology modeling using the crystal structure of bovine
rhodopsin is compatible with experimental data from site
directed mutagenesis studies and represents the inactive form
of the receptor. This model was refined by MD simulations
and the effect of the ligand on the conformation of the
protein analyzed. Therefore, MD trajectories of different
component lipid bilayers (POPC and the two-component
POPC/POPS lipid bilayer), and also with or without NMS
within the orthosteric binding site of M3R receptor, were
analyzed.

We could determine that POPS lipid molecules provide
additional stabilization to the protein structure of human
M3R, especially for ICL3 because charged residues localized
in this area of the receptor interact with the lipid oxygen
atoms of the POPS molecule. Furthermore, our lipid-
protein analysis suggests that some specific residues in the
GPCR family (positions 1.30, 1.64, 2.63, 3.51, and 4.41)
are responsible for anchoring the membrane protein onto
the lipid bilayer (e.g., rhodopsin and M3R), as previously
hypothesized [20, 60].

Our modeling identified many polar interactions that
could play a role as activation microswitches [61, 62]. This
includes also interactions associated to the “ionic lock”
located at the cytoplasmic ends of the third and sixth
transmembrane helices, respectively, (positions: 3.49, 3.50,
3.51, 6.30, and 6.34 in the GPCR family) play an important
role in the receptor activation mechanism [50, 63].

In agreement with previous molecular modeling and
mutagenesis for other muscarinic receptors (Avlani et al.,
2007) [5], we found that ECL2 has a requisite of flexibility
promoting the binding of GPCR ligands despite of the
presence of the disulphide bridge between this loop and
TM3. As seen in our average dihedral angle calculations, this
loop showed more flexibility in comparison to ECL1 and
ECL3. This loop fluctuates in two different conformations
(most notable changes occur in the residues preceding
C221—involved in the disulfide bridge—in the two MD
simulations in which the ligand NMS was inside the binding
pocket.

On the other hand, our experimental ligand binding
and dissociation results suggest that, although F222 and
T235 are not critical in the binding of NMS, these residues
may participate in the conformation of a optimal binding
pocket of NMS, where every small contribution in the
environment confers stability to the NMS-receptor complex.
Further studies, using other experimental conditions, will be

needed to determine the potential role of these residues in
binding of other ligands, for example, agonists or allosteric
modulators.
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[17] A. Fiser and A. Šali, “MODELLER: generation and refinement
of homology-based protein structure models,” Methods in
Enzymology, vol. 374, pp. 461–491, 2003.

[18] R. A. Laskowski, M. W. MacArthur, D. S. Moss, and J. M.
Thornton, “PROCHECK—a program to check the stereo-
chemical quality of protein structures,” Journal of Applied
Crystallography , vol. 26, pp. 283–291, 1993.

[19] S. Topiol and M. Sabio, “Use of the X-ray structure of the
Beta2-adrenergic receptor for drug discovery,” Bioorganic and
Medicinal Chemistry Letters, vol. 18, no. 5, pp. 1598–1602,
2008.

[20] A. Cordomı́ and J. J. Perez, “Molecular dynamics simulations
of rhodopsin in different one-component lipid bilayers,”
Journal of Physical Chemistry B, vol. 111, no. 25, pp. 7052–
7063, 2007.

[21] L. Ostopovici, M. Mracec, M. Mracec, and A. Borota, “Explor-
ing the binding site of the human muscarinic M3 Receptor:
homology modeling and docking study,” International Journal
of Quantum Chemistry, vol. 107, no. 8, pp. 1794–1802, 2007.

[22] E. Lindahl, B. Hess, and D. van der Spoel, “GROMACS 3.0:
a package for molecular simulation and trajectory analysis,”
Journal of Molecular Modeling, vol. 7, no. 8, pp. 306–317, 2001.

[23] W. L. Jorgensen, D. S. Maxwell, and J. Tirado-Rives, “Devel-
opment and testing of the OPLS all-atom force field on
conformational energetics and properties of organic liquids,”
Journal of the American Chemical Society, vol. 118, no. 45, pp.
11225–11236, 1996.

[24] O. Berger, O. Edholm, and F. Jähnig, “Molecular dynamics
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Molecular dynamics simulations have been used to study molecular encounters and recognition. In recent works, simulations using
high concentration of interacting molecules have been performed. In this paper, we consider the practical problems for setting up
the simulation and to analyse the results of the simulation. The simulation of beta 2-microglobulin association and the simulation
of the binding of hydrogen peroxide by glutathione peroxidase are provided as examples.

1. Introduction

Molecular dynamics (MDs) simulation is a powerful tool to
study biomolecular processes an atomistic detail [1, 2]. Pro-
cesses like molecular encounter, that have been traditionally
studied by Brownian dynamics simulations [3–5] have also
been addressed by MD simulation in the last decade [6–14].
The time required for assembly processes may be exceedingly
large, and for this reason implicit solvent or coarse-grained
models have been used [9, 15–20]. For an extensive review
on coarse grained models, see reference [21]. These models
should catch, through relevant energy terms, the essence of
the phenomena to be simulated and therefore provide a likely
representation of the simulated process.

If the interest is in the encounter of proteins or of a pro-
tein and a ligand, much shorter times are required, and if
the conformational changes in the molecules are not large,
translational and rotational diffusion of the systems (pos-
sibly at high concentration, in order to increase sampling)
provides a large number of encounters possibly represen-
tative of different frequencies and lifetimes. In order to

address recognition at the atomic level, we have performed
recently all-atom explicit solvent simulations using a high
concentration of interacting molecules [10, 12, 13].

The aim of this paper is not to provide an extensive
review of methods and results, but rather to consider the
practical problems for setting up the simulation and for ana-
lysing the results of the simulation.

2. Methods

In setting up simulations aimed at observing molecular en-
counters, the spacing of the molecules and total simulation
time should be considered carefully in order to allow transla-
tional and rotational diffusion to take place effectively during
the simulation. An excellent review about biomolecular
hydrodynamics and diffusion has been given by Bloomfield
[22] in an online review, which is unfortunately not available
anymore, and by Cantor and Schimmel in their textbook
[23]. We resume here the main theoretical results recalling
the main equations. The topic is also discussed by Hunter in
his treatise on colloid science [24].
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2.1. Translational Diffusion. For translational diffusion the
Einstein-Smoluchowski equation relates the average quad-
ratic displacement to time

〈

‖Δx‖2
〉

= 2dDtt, (1)

with a standard deviation equal to
√

2〈‖Δx‖2〉, where Dt is
the diffusion coefficient and d is the dimensionality (3 in
standard molecular dynamics simulations). The translational
diffusion constant Dt depends on the shape of the molecule
and must be computed numerically under proper assump-
tions.

When the molecule may be considered as a sphere the
Stokes-Einstein equation relates the diffusion coefficient Dt

to the solvent and solute properties:

D
sphere
t = kT

6πrη
, (2)

where k is the Boltzmann constant, T is the temperature, r
is the hydrodynamic radius of the sphere, and η is the med-
ium viscosity. Sometimes proteins do not resemble spheres,
but they rather have an elongated shape that can be appro-
ximated by a prolate spheroid, that is, an ellipsoid with the
two short axes of equal length b and a long axis of length a,
with q = b/a. In this case, the above relations are generalized
with respect to an equivalent sphere of radius R = (ab2)1/3

[22–24].
For the translational diffusion coefficient we have

D
ps
t = D

sphere
t ×

q2/3 log
((

1 +
√

(

1− q2
)

)

/q
)

√

(

1− q2
)

. (3)

2.2. Reorientation of Molecules. For the simulation to be able
to sample reciprocal orientations, the simulation time must
be long enough as to allow reorientation of molecules. For
rotational diffusion, the Debye relaxation equation holds.
For a set of molecules with one axis aligned with the z-axis at
time 0:

〈cos(θ)〉 = exp(−2Drt), (4)

where θ is the angle of the same axis with the z-axis at time
t. Based on (4) reported in the work by Smith and van Gun-
steren [25], the standard deviation is

√

1
3
− e−4Drt +

2
3
e−6Drt. (5)

For the rotational diffusion coefficient of a sphere, an equa-
tion similar to the Stokes-Einstein equation, the Stokes-Ein-
stein-Debye relation, holds:

D
sphere
r = kT

8πr3η
. (6)

For elongated molecules, frictional coefficients for rotations
about the long and short axis are computed first as

F
ps
r (l) = F
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R

× 2
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)

3
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(
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/q
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F
ps
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× 2
(
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/
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(7)

Then rotational diffusion coefficients are computed based on
the frictional coefficients as
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r
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(8)

and where D
ps
r (l) and D

ps
r (s) are the diffusion constants that

enter the Debye relaxation equation for reorientation of vec-
tors along the long and short axes, respectively.

2.3. Temperature and Water Viscosity. For water, the viscosity
η has a sharp dependence on temperature which can be
described by the following equation reported in [22] (and
corrected here):

log10η =
1301

998.333 + 8.1855(T − 20) + 0.00585(T − 20)2

− 4.30233 Pa s,
(9)

in the range 0–20 C and

log10

η

η20
= 1.3272(20− T)− 0.001053(T − 20)2

T + 105
, (10)

in the range 20–100 C, with the temperature T in Celsius
degrees. At 20 C, this results in η = 1.0 × 10−3 Pa s.

2.4. Choice of the Simulation Time and Molecule Spacing. For
a globular protein with hydrodynamic radius of 20 Å (corre-
sponding to a molecular weight of ca. 28 kDa), the rotational
diffusion constant Dr at 20 C is 2.0 × 107 s−1 which
corresponds to a rotational time constant of 25 ns. The rota-
tional autocorrelation time scales linearly with the mass of
the molecule and with the third power of the radius. Note
that the rotational time constants considered here are 3 times
longer than those considered in NMR experiments, where
a different function of θ (〈1/2(3 co s2(θ) − 1〉) is used for
defining rotational diffusion [26].

The dependence of the diffusion coefficients on the shape
is not much pronounced. For long-to-short axis ratios that
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do not exceed 1.5, the rotational time constant increases by
less than 20%. In practice, the size of the system, but not
its shape, for typical proteins, determines the choice of the
simulation time. From the above considerations, it is seen
that simulations in the range of tens to one hundred of nano-
seconds should allow complete reorientation of typical pro-
teins studied by molecular dynamics simulations. For con-
venience, considering an average protein molar volume
0.73 cm3 g−1, the radius (in Å) of a protein of molecular
weight Mw Da is

r = 0.66∗Mw
1/3. (11)

The hydrodynamic radius of the protein may be larger
due to hydration water by up to ca. 3.0 Å. The rotational time
constant (in ns) at 20 C is

0.0031× r3, (12)

or three times less when the decay of the quantity
〈1/2(3 co s2(θ)−1〉 is considered. During one rotational time
constant, under the same solvent conditions, the molecule
will experience a root mean square displacement equal to its
hydrodynamic diameter.

For practical purposes, therefore, one may first estimate
the rotational correlation time constant 1/2Dr and setup the
simulation time, to say, at least twice the rotational cor-
relation time. During this time the average displacement of
the molecules will be 2.8 times the hydrodynamic radius. The
spacing of the molecules (i.e., center-to-center distance) can
be chosen therefore equal to four-to-five times the hydro-
dynamic radius, so that the molecules will get in contact
on average after one-to-two rotational correlation times. The
spacing will most likely be reduced in order to compromise
with the need for a limited-size system.

2.5. Setting up an Ensemble of Randomly Oriented Molecules.
Molecules are arranged in a regular way in order to maximize
the chances of encounters, and also they are randomly
oriented in order to maximize the number of relative orien-
tations sampled. For arrangement on a cubic periodic lattice
N × N × N grid, there will, N3 × 26/2 nearest neighbour
relative orientations.N should be larger than 2 to ensure that
the 26 nearest neighbours are truly different molecules and
not just molecules and their periodic images. The spacing of
the lattice should be of the order of few molecular radii in
such a way that reoriention may take place before encounter,
as discussed above.

For protein-protein association, these prescriptions may
lead to a very large system size with consequent large number
of atoms, which in turn may limit the simulation time. For
protein-small molecule association, the above requirements
are easily met. It is often reported that molecules may be
randomly rotated by choosing a random rotation axis and
a random rotation angle. A simple way to do this is to choose
a random axis in space and perform a rotation by a random
angle about that axis. Although this procedure is reasonable,
and a fast algorithm implementing this idea is available [27],
the resulting distribution of rotations is not uniform [28].

A truly uniform distribution is obtained by taking random
unit quaternions, which can be generated in a simple way
by taking four random quantities (w, x, y, and z) between
−1 and 1 subject to the condition w2 + x2 + y2 + z2 ≤ 1.0,
and normalizing them to 1.0. More efficient algorithms are
available (see e.g., [28]). The four normalized values are
related to the rotation axis v and the rotation angle θ as
follows:

(

w, x, y, z
) =

(

cos
(

θ

2

)

, v sin
(

θ

2

))

, (13)

and the corresponding rotation matrix is
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⎠

.

(14)

2.6. Analysis

2.6.1. Translational and Rotational Diffusion Coefficients.
Besides traditional analyses that are typically performed on
molecular dynamics trajectories (see e.g., those provided
with the package GROMACS [29]), it is obvious to check that
the molecule’s translational and rotational diffusion during
the simulation is taking place as expected. For translation, it
is sufficient to monitor the center of mass of each molecule
as a function of time and apply due corrections for periodic
boundary conditions. As long as the particles do not travel
an entire periodic box length, the correction for periodic
boundary crossing is very easily applied. The average square
of the distance from the starting position can be fitted as a
linear function of time, the proportionality constant being
six times the translational diffusion constant Dt.

For the rotational diffusion constant, each molecule may
be superimposed to the starting structure using programs
like ProFit [30]. The rotation matrix may then be used to
obtain the dot product between any given unit vector before
and after rotation, that is, vRv, which is in turn equal to the
cosine of the angle between the two vectors. Averaging over-
ing all possible unit vectors leads to the average cosine value
(〈cos(θ)〉), entering the rotational diffusion equation. The
average is equal to the trace of the rotation matrix divided by
3, that is, 〈vRv〉v = (Rxx + Ryy + Rzz)/3. In turn, the average
of the latter quantity over all molecules can be fitted to an
exponential whose time decay constant is twice the rotational
diffusion constant Dr .

2.6.2. Atomic Contacts. Except for long-range electrostatic
effects, molecular interactions result from close atomic con-
tacts. The use of a large number of identical molecules in-
creases the number of both random and specific contacts.
The affinity of molecular regions between themselves and
with small ligands may be measured by the count of contacts.
Contacts are typically defined using a cutoff on the distance
between heavy atoms. A typical value, when one considers all
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heavy atoms, is 4.5 Å (e.g., [31]). A different definition was
used by Berrera et al. [32] to take into account the different
size of atoms. In this definition, two atoms are in contact
when their van der Waals surfaces are closer than 1.0 Å. Only
heavy atoms are considered and the radii are 1.4 Å for oxygen,
1.5 Å for nitrogen, 1.9 Å for carbon, and 1.85 Å for sulphur.

We found convenient to map all atoms at nodes of a
periodic cubic lattice and then list contacts within the atoms
assigned to one node and with the atoms assigned to the 26
neighbouring nodes. The lists of contacts corresponding to
different snapshots are grouped together, and the number of
occurrences of each atomic contact is counted.

The cumulative counts of atomics contacts, independent
of the specific molecules interacting, provide the affinity of a
contact. For instance, the same hydrophobic part of different
copies of a protein may be contacted by the same hydro-
phobic part of different copies of a ligand. This will result
in a large cumulative number of the same atomic contacts,
although due to different interacting molecules. The fre-
quency of atomic contacts (independent of the specific mole-
cular copies involved) is a measure of the affinity, but it does
not tell how long a single ligand resides at a given location.
In this respect, we can take advantage of the fact that, if the
number of interacting molecules is large, the probability of
observing the same long-lived contacts for the same mole-
cular copies is very low. In such situation, the count of atomic
contacts for specific molecules is proportional to the time the
two atoms are close to each other continuously. The analysis
of most frequent contacts just requires a sufficient number of
snapshots spread over an interval of time sufficient to sample
all possible contacts. The analysis of longest-lived contacts
requires snapshots to be taken at time intervals which are
fractions of the time used for defining a long-lived contact.
For instance, if 0.5 ns is considered as a long-residence time
than snapshots at 100 ps guarantees that a long-lived contact
will count at least five times more than a short-lived contact.

2.7. Simulation of the Association of Beta 2-Microglobulin.
Beta 2-microglobulin is a 99-residue protein which is
responsible of dialysis-related amyloidosis [33, 34]. Due to
its small size and its solubility it has been extensively studied
in recent years, and much knowledge has been gained on
its structural and dynamical properties in relation with the
onset of aggregation [35, 36].

The early steps of protein-protein association have been
studied by simulating 27 copies of the protein in explicit
solvent [10]. All the details and general context of the simu-
lation are reported in the original paper. Here, we will ad-
dress only the issue of how the system was set up.

With a molecular weight of 11.7 kDa, the hydrodynamic
radius estimated from (11) is 15.0 Å. The simulation was run
at 300 K. At this temperature, the viscosity of water is 0.85 ·
10−3 Pa s. The predicted rotational diffusion time is there-
fore 8.7 ns, according to the rotational diffusion constant
estimated using (6). The chosen length of simulation (5 ns)
could only reach ca. half of the rotational diffusion time in-
stead of twice. This choice was dictated by the computational
time available at the time and by the large size of the sim-
ulated system (ca. half a million atoms). The large number

of reciprocal orientations between pairs of molecules should,
however, compensate for the short simulation time. Note also
that the standard deviation of 〈cos(θ)〉 is fastly increasing
towards the limiting value

√
1/3.

During the simulation time, the molecules should travel
on average 22.7 Å based on the translational diffusional
coefficient estimated using (2). For this reason, the spacing of
molecules was chosen 50 Å in such a way that the average van
der Waals surface to van der Waals surface distance between
closest molecules was slightly less (20 Å) than the average
displacement of the molecules. The intermolecular distance
was not reduced further in order to avoid close contacts of
the randomly oriented molecules which have an elongated
shape.

This system illustrates well the kind of considerations and
compromises one is to face when dealing with an ensemble
of large molecules.

Notwithstanding the nonoptimal simulation parameters,
the contact analysis of the trajectory suggested a predomi-
nant role of Trp 60 in the early association of beta 2-micro-
globulin. Following that study, experiments with the W60G
mutant showed that indeed the mutation resulted in absence
of formation of fibrils by the protein in nonextreme condi-
tions, as a combined result of increased stability and removal
of the aromatic chain of Trp 60 prone to intramolecular
contacts [37].

2.8. Glutathione Peroxidase-Hydrogen Peroxide Simulations.
Glutathione peroxidases were the first seleno-enzymes that
were discovered in mammals and up to 8 distinct members
have been detected so far [38]. Most of them are selenopro-
teins (the classical GPx-1 then GPx-2, GPx-3, GPx-4 and,
depending on species, GPx-6), while the remaining 2 or 3
variants have a cysteine in the active site. They are includ-
ed in the heme-free thiol peroxidase class together with
peroxiredoxins and catalyze the reduction of H2O2 or
organic hydroperoxides to water or corresponding alcohols,
thus mitigating their toxicity [39]. The catalytic mechanism
is still a question of open debate and could be different for
selenium versus sulphur-based enzymes. Presently, the com-
monly accepted kinetic is an “enzyme substitution mech-
anism”, as revealed by ping-pong kinetics rather than clas-
sical Michaelis-Menten kinetics [40]. This implies that the
catalytic mechanisms do not involve any central complexes
of the enzymes with all the substrates bound simultaneously.
Instead, the catalytic cycles are composed of sequences
of bimolecular reactions between the enzymes and their
substrates. In other words, the reaction comprises two in-
dependent events. The first one is the oxidation of the cata-
lytic site to a selenenic or sulfenic acid derivative after col-
lision with a hydroperoxide, and the second one is its reduc-
tion by a reducing substrate.

Following a previous study [41], the structure of
Drosophila melanogaster glutathione peroxidase was sur-
rounded by 198 randomly oriented hydrogen peroxide mole-
cules. For such small molecule the translational and rota-
tional coefficients may be estimated, according to (2) and (6).
The hydrodynamic radius of hydrogen peroxide may be esti-
mated in the range of 2.1 Å to 5.1 Å for the absence or
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Figure 1: Simulation setup of glutathione peroxidase surrounded
by hydrogen peroxide molecules.

presence of hydration, respectively, based on its elongated
shape and the average hydrogen to hydrogen distance of
2.4 Å. The van der Waals longest dimension would thus be
4.4 Å, whereas the shortest dimension of the molecule is the
radius of the oxygen (1.4 Å). The equivalent volume sphere
has a radius of 2.1 Å. The upper limit has been taken 5.1 Å
in order to account the possibility of hydration, increasing
typically the minimum hydrodynamics radius by 3.0 Å.

The range of estimates for the translational and diffu-
sional coefficients for hydrogen peroxide are thus 12.3 to 5.0 ·
10−10 m2 s−1 and 21.0 to 1.5 · 109 s−1, respectively at 300 K.
These figures mean that reorientation will take place in the
ns timescale and that in half nanoseconds a molecule is ex-
pected to travel on average 12 Å.

Hydrogen peroxide molecules were arranged on a 6 ×
6 × 6 grid with 12 Å spacing in each dimension (Figure 1).
Molecules overlapping with glutathione peroxidase were
removed from the system. After solvent was added and
following relaxation and equilibration, the size of the system
was 64.6 × 64.6 × 64.6 Å3 entailing 27300 atoms (Figure 1).
The concentration of hydrogen peroxide was unrealistically
high (1.25 M) in order to increase the number of molecular
encounters. In practice, however, the consequences of this
choice are not so important because water concentration is
still dominant and no chemical reactions can take place in
simulations. Based on the above figures, the total simulation
time was set to 10 ns or larger in order to let all molecules
reach the target protein and to possibly probe multiple
binding events.

For all simulations, the forcefield used is CHARMM v.27
[42] with the CMAP correction [43] except where men-
tioned. Forcefield parameters for hydrogen peroxide were
taken from the study of De Gioia and Fantucci [44]. The
program NAMD [45] was used for all simulations. Solute
molecules, including ions and cosolutes, were fixed, and the
system was energy-minimized by 300 conjugate gradients

steps using periodic boundary conditions and the particle
mesh Ewald (PME) method for electrostatic interactions
[46]. For all simulations, PME employed a grid of 128 × 128
× 128 points corresponding to a spacing of ca. 0.5 Å. The
PME tolerance was set to 10−6 that, together with the cutoff
of 12 Å, resulted in an Ewald coefficient of 0.257952 Å−1. The
minimized system was further relaxed, keeping the solute
molecules (including ions) fixed, by molecular dynamics
simulation. The system was heated to 300 K in 2 ps, and a fur-
ther 18 ps simulation was run in order to let water molecules
reorient, consistent with the average lifetime of a hydrogen
bond in water [47]. The system without restraints on solute
molecules was energy-minimized by 300 conjugate gradients
minimization steps. The system was then heated to 300 K in
2 ps, and a further 1.118 ns simulation was run in order to let
the system equilibrate and finally production run could start.

The temperature was kept constant through a simple
velocity rescaling procedure, with a relaxation time of 1 ps,
while the pressure was controlled through a Berendsen bath
[48] using a relaxation time of 100 fs, the default value in
the program NAMD. It is well known that a simple rescaling
procedure does not provide a correct canonical ensemble
and extended-system approaches have been proposed
to simulate correct thermodynamic ensembles [49–52].
Recently a stochastic velocity rescaling has been proposed
that could provide correct ensemble with limited overhead
computation [53].

However, the adopted protocol should not be detrimental
for the kind of analysis presented here. For all simulations,
the size of the box was fluctuating around its average value
within fractions of Å.

3. Results and Discussion

We have used high-concentration molecular dynamics sim-
ulations in previous works that addressed different problems
[10, 12, 13]. Many analyses have been already reported in
those works. As illustrations of the protocols described in the
Methods section, we consider two applications:

(1) the simulation of the association of an amyloidogenic
protein (beta 2-microglobulin) [10] which illustrates
the setup of the simulation system, detailed in the
methods section, and the analysis of rotational and
translational diffusion constants reported hereafter;

(2) the simulation of the encounter of hydrogen peroxide
with glutathione peroxidase which illustrates the
analysis and the general usefulness of the approach.

3.1. Simulation of the Association of Beta 2-Microglobulin.
The analysis of the rotational diffusional constants is pro-
vided by Figure 2. The value of 〈cos(θ)〉 is computed as
(1/3) tr(R) where R is the matrix that describes the rotation
of the molecule with respect to its orientation at the start of
the simulation, and tr denotes the Trace operation, as dis-
cussed in Section 2. The average 〈cos(θ)〉 is further averaged
over all 27 molecules, thus providing also standard deviation.
The plot of 〈〈cos(θ)〉〉 is reported in Figure 2. The time con-
stant (9.6 ns) obtained fitting the decay with an exponential
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Figure 2: Average of 〈cos(θ)〉 versus time with standard deviations
as bars, where 〈cos(θ)〉 is the average cosine of the angle between
two vectors rigidly anchored on the diffusing molecule at time 0
and at time t. Averaging is performed over 27 molecules. Data are
from the simulation reported in [10].
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Figure 3: Average of the square displacement from starting
position versus time with standard deviations as bars. Averaging is
performed over 27 molecules. Data from the simulation reported in
[10].

is larger than expected (8.7 ns), but still consistent with the
size of the protein.

Analogously, the diffusion coefficient of the molecule
is 20.9 Å2 ns−1, close to what expected (17.2 Å2 ns−1)
(Figure 3). Also here the square displacement is averaged
over all 27 molecules. Similar results are obtained by consid-
ering the average translation and rotation in a small interval
of time and fitting the linearized exponential equations of
diffusion reported above.

3.2. Simulation of Glutathione Peroxidase-Hydrogen Peroxide
Encounter. For hydrogen peroxide, the translational diffu-
sion constant was 443 Å2 ns−1, and orientation was random-
ized in less than 0.01 ns. Four simulations have been per-
formed in order to acquire some statistics about molecular
encounters. Two simulations were performed with different
seed number, one for 10 ns and one for 30 ns. One simulation
(20 ns long), was performed with the catalytic CYS 36 ion-
ized. In one simulation (10 ns long) the backbone dihedral
angle energy correction term CMAP was not applied in order
to test the effect of different backbone mobility.

Only few hydrogen peroxide molecules establish long-
lived contacts with the peroxidase in each simulation. Ideally,
we would like to sample the same long-lived contact many
times during each simulation or at least in different simu-
lations. Although in all simulations at least one hydrogen
peroxide molecule reaches the catalytic region establishing
contacts for more than 500 ps, different long-lived contacts
are observed in different simulations. The results reported
here are for nonionized CYS 36.

The different results obtained in the two simulations dif-
fering only for the seed number point out that a larger num-
ber of simulations should be performed for exploring all
possible encounter events.

For all simulations, snapshots were taken at 0.1 ns time
intervals. The number of contacts between all pairs of atoms
was counted. As detailed in the Methods section, this led
to a list of the atoms of the protein contacted by hydrogen
peroxide molecules together with the number of occurrences
of such contacts. With the definition of contact adopted here,
on average there are 386 hydrogen peroxide-protein contacts
for each snapshot in the longest simulation. The number
of different pairs of atoms involved in contacts in the 300
snapshots for the longest simulation is 71830. Of these, only
2000 are involved in contacts lasting more than 0.5 ns.

Most frequently contacted atoms overlap in some cases
with the longest-lived contacts. As observed with other small
molecules, it is not infrequent that some of the hydrogen
peroxide molecules gets trapped in protein cavities and
stay for times even longer than 20 ns, as observed in the
longest simulation. One such cavity is defined by residues
{K45, L46, L49, K130, T147, D148, P149, I152}. Other cavi-
ties are defined by other residues throughout the protein.

In all simulations, there were contacts of hydrogen per-
oxide with residues in the catalytic site lasting at least
0.5 ns. The contacting residues in the catalytic site are {C36,
L38, N42, W126, N127, F128, P145}. In general, however,
these were not the longest-lived contacts found.

The arrangement of the catalytic site is rather stable
for the simulations using the CMAP energy correction,
with fluctuations at the backbone of the residues {C36,
Q71, W126, N127} on average 0.45±0.15 Å, much lower than
the fluctuations displayed by loops. In the same simulations,
no conformational transition seems to be required at this
region for substrate binding. Also, hydrogen peroxide is able
to reach the catalytic site with no aid from other sidechains as
can be seen following the trajectories of the molecules before
reaching glutathione peroxidase. However, in several cases
the hydrogen peroxide reaches the catalytic site by shifting
between the C-terminal residues and the helix following C36
or approaching the catalytic site from the side of C36 and
W126.

When the CMAP correction energy term is not included
in the forcefield, the region entailing C36 moves apart from
the other residues and a hydrogen peroxide molecule can
enter the cavity entailing residues I32, A33, C36, and F128.
In view of the low stability of the catalytic region no other
simulations were performed without the CMAP energy cor-
rections.
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Figure 4: Snapshot at time 6.0 ns. Sidechains are shown for
residue Q71, W126, N127, C36, and C65. Two contacting hydrogen
peroxide molecules are shown as van der Waals spheres.

642
Time (ns)

1

2

3

4

5

6

7

D
is

ta
n

ce
 (

0.
1 

n
m

)

Figure 5: Distance versus time for selected pairs of atoms in the
catalytic site: red: W126 HE1-C36 SG; yellow: Q71 HE2-C36 SG;
blue: N127 HD2-C36 SG; green: N127 OD1-C36 HG; black: PEO
H-N127 O; violet: PEO O-C36 SG.

The distances of atoms W126 HE1, N127 HD2, and Q71
HE2 with the peroxidatic cysteine C36 SG are overall short.
As evidenced by other works, these interactions lead to a
stabilization of the developing negative charge at the sulphur
atom upon deprotonation [41]. During the simulation, an
unexpected interaction is conserved between the hydrogen
of hydrogen peroxide and the carbonyl oxygen of residue
N127. Besides these hydrogen bonds, the sidechain of N127
establishes a hydrogen bond with the thiol group of C65. A
representative snapshot of the sidechains involved in this flu-
ctuating network of hydrogen bonds is shown in Figure 4.
Residues whose sidechains are shown as sticks are Q71,
W126, N127, C36, and C65. Once a hydrogen peroxide mole-
cule exhibiting a long-lived contact has been found, its inter-
actions with the protein may be obtained throughout the
simulation (not only at 0.1 ns-spaced snapshots) by using
efficient programs like VMD [54]. In Figure 5, the plot of the
distances between atoms interacting in the catalytic site is re-
ported.

As said above, the different results obtained in the differ-
ent simulations point out the need to run more and longer
simulations in order to acquire statistics. On the other hand,
the results and the other examples cited prove how effective
can be high-concentration molecular dynamics simulations.
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We present a newly adapted Brownian-Dynamics (BD)-based protein docking method for predicting native protein complexes.
The approach includes global BD conformational sampling, compact complex selection, and local energy minimization. In order
to reduce the computational costs for energy evaluations, a shell-based grid force field was developed to represent the receptor
protein and solvation effects. The performance of this BD protein docking approach has been evaluated on a test set of 24 crystal
protein complexes. Reproduction of experimental structures in the test set indicates the adequate conformational sampling and
accurate scoring of this BD protein docking approach. Furthermore, we have developed an approach to account for the flexibility
of proteins, which has been successfully applied to reproduce the experimental complex structure from the structure of two
unbounded proteins. These results indicate that this adapted BD protein docking approach can be useful for the prediction of
protein-protein interactions.

1. Background

Protein-protein interactions are involved in most cellular
process. In order to gain a better understanding of the
function of a protein, it is necessary to know how it interacts
with other proteins at the molecular level. Both experimental
and computational methodologies are used to achieve this
goal. Experimental techniques, such as X-ray crystallography
and nuclear magnetic resonance (NMR), have been used to
determine an increasing number of protein structures that
are deposited into the Protein Data Bank (PDB). However,
determining the structures of protein complexes is more
difficult by using these techniques. In the PDB, the number of
protein complexes as biologically functional units is relatively
small (11,331 (PDB search criteria: chain type: protein;
entity type: protein; number of entities >1; October 14,
2011)) compared to the total number of protein structures
(70,852) [1, 2]. As for the computational tools, a successful
protein docking method can be used to predict the three-

dimensional structures of protein complexes and provide
theoretical understanding of protein-protein interactions at
the atomic level. The most challenging problems for the com-
putational approaches are extensive enough conformational
sampling, accurate scoring, and inclusion of the flexibility of
proteins [3, 4].

A variety of search algorithms were developed and imple-
mented in protein docking programs, such as fast Fourier
transforms (FFT), geometric matching, and the Monte
Carlo technique [3]. FFT-based methods, which are used
in ZDOCK, FTDOCK [5, 6], and so forth, use correlations
to search the sampling space and evaluate the putative
complexes with grid representation [7]. These methods
initially assess the geometrical surface complementarity and
further expand to include electrostatics and hydrophobic
complementarity. The Monte Carlo methods, which are
used in RosettaDock, ICM [8, 9], and so forth, conduct
stochastic rotation/translation searches from random initial
structures around the known or hypothetical binding site
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and thus explore only certain regions of the surface [10]. The
Brownian dynamics (BD) method, which is similar to the
force-biased Monte Carlo approach [11–13], has been used
in the past to predict protein-protein interactions [14–20]. In
earlier work, we used BD to successfully simulate the recog-
nition between scorpion toxins and potassium channels [21,
22]. Recently, our previous BD prediction of the interaction
between scorpion toxin Lq2 and KcsA potassium channel
has been verified by the potassium channel-charybdotoxin
complex structure (PDB: 2A9H), which was determined
by NMR studies [21, 23]. The sequence identity between
the KcsA of our model and the experimental structure
is 97%. Scorpion toxins Lq2 and charybdotoxin (CTX)
share 78% sequence identity, and the RMSD of Cα atoms
between Lq2 and CTX is 1.62 Å. The RMSD of our predicted
KcsA-Lq2 model and experimental KcsA-CTX structure is
2.85 Å (based on the backbones of Lq2 and CTX only, two
KcsA structures are superimposed), which shows excellent
agreement between the BD predicted and experimentally
solved complex structures. Our BD results indicate that the
strong electrostatic interactions between scorpion toxins and
potassium channels are the main driving force for their
recognition and association.

In the original version of the BD program (MacroDox),
only electrostatic interactions between two proteins are
included [24]. However, for protein docking simulations
it is critical to include the short-range interaction energy
terms to rank the final complexes correctly. Accordingly,
we have introduced additional local energy minimizations
after BD simulations by using a force field, which includes
electrostatics, van der Waals, and desolvation energy terms.
We used the Coulomb potential with a sigmoidal distance-
dependent dielectric permittivity to model the electrostatic
energy term, a 12-6 Lennard-Jones potential to model the
van der Waals energy term, and the general approach of
Wesson and Eisenberg [25] to model the desolvation term.
The 12-6 Lennard-Jones potential parameters of four united
atom types (C, N, O, and S) were obtained from the
AUTODOCK program. The atomic solvation parameters
were calculated based on the absolute partial charge on
the atom. These energy terms were introduced by the
corresponding potential maps. We previously used a similar
grid-based force field for protein loop predictions [26].

In order to systematically evaluate the performance of
our newly adapted BD program for protein-protein docking
simulations, we applied the BD approach on a test set of
24 crystal protein complexes from PDB, which was used by
other groups for protein docking approach evaluations [27].
The results from redocking experiments showed that the
root mean square deviation (RMSD) between the predicted
structures and the crystal structures is within 2 Å. We have
further developed the approach to account for the flexibility
of proteins, which has been successfully applied to reproduce
the experimental complex structure from two unbounded
proteins. These results indicate that this adapted BD protein
docking approach can be useful for prediction of protein-
protein interactions.

II

Protein II
   at end

Protein II
   at end

II

II
II

I

Protein I

Protein II
    

b-surface
c-surface

at start

Figure 1: A schematic representation of the Brownian dynamics
simulations of the association between two proteins. Simulations
are conducted in coordinates defined relative to the position of the
center of the protein, protein I.

2. Methods

2.1. Global BD Sampling. The program package MacroDox,
version 3.2.2 [24], was used to assign charges on proteins,
solve the linearized Poisson-Boltzmann equation, and run
the BD simulations. The BD algorithm for this program has
been detailed by Northrup et al. [28, 29].

For the BD simulations of protein-protein interactions,
there are only two solute particles, the receptor and ligand
proteins treated as rigid bodies. In this study, the receptor
of the complex was defined as protein I and was kept
fixed with its center of mass (COM) at the origin while
the ligand was defined as protein II of which translational
and rotational motions were simulated (Figure 1). In each
trajectory, protein II starts with a random orientation
and position on the b-surface, which was defined as the
sum of the maximum radii of the two proteins plus 2 Å.
Protein II was subjected to three forces: electrostatic, the
random Brownian force, and the frictional force due to
solvent viscosity. During the simulation, the motion of the
complex(es) satisfying the reaction criteria for encounter
complex formation is retained as an effective trajectory [30].
Within such an effective trajectory, two configurations which
have lowest electrostatics interaction energy and shortest
distance between protein I and protein II, respectively, are
recorded as two independent sampled conformations. The
trajectory was terminated when protein II either escaped out
of the c-surface (5 Å outside of the b surface) or was running
longer than 20 ns.

2.2. Structure Refinement by Local Energy Minimization.
Local energy minimizations were conducted for all putative
protein complexes obtained from the BD simulations. We
developed a shell-based grid force field based on our earlier
work [26], which includes van der Waals (vdW), electro-
statics, and hydrophobic potentials to represent protein I
(united atom types) and solvation effect. Figure 2 displays
the two-shell grid force field generated from protein I of
1AY7. The inner shell includes 948,240 grids with 0.5 Å
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Figure 2: The shell-based grid force field of protein I of 1AY7.
Protein I is shown in blue and protein II in green. Each point
represents a force field grid with a 3 Å resolution. Accordingly, for
the inner shell (in red) one point corresponds to 6 grids with 0.5 Å
resolution; for the outer shell (in orange) one point corresponds to
4 grids with 0.75 Å resolution.

resolution representing electrostatics, vdW, and hydrophobic
potentials, 15 Å width from the surface of protein I. The
outer shell includes 962,432 grids with 0.75 Å resolution
representing electrostatics potentials, 30 Å width from the
surface of protein I.

The van der Waals interactions are described by the 12-6
Lennard-Jones potentials:

φ(r) = C12

r12
− C6

r6
, (1)

where the C12 and C6 Lennard-Jones parameters of four
atom types (united atoms C, N, O, and S) are from the
AUTODOCK program [31]. Since the real vdW potential
(“real” stands for the standard vdW potential as defined in
(1)) is extremely sensitive to the distance r, we also used a
soft potential which replaces the energy value calculated at r
by the lowest value calculated from r, r − 0.5 Å, and r + 0.5 Å
using (1). As shown in Figure 3, this soft potential has the
effect of smoothing the potential energy surface and thus
helping protein II to cross local energy barriers during the
energy minimization.

2.2.1. Electrostatics. Coulomb potential φ(r), with a sig-
moidal distance-dependent dielectric function was used to
model solvent screening, based on the work of Mehler and
Solmajer [32]:

φ(r) = Q
4πε(r) · r ,

ε(r) = A +
B

1 + ke−λBr
,

(2)

where Q is partial charge and B = ε0 − A, ε0 = 78.4 (the
dielectric constant of bulk water at 25◦C), A = 6.02944,
λ = 0.018733345, and k = 213.5782 are parameters. The
original parameter set has been modified to produce better
results when comparing with the GB model [33]. When the
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r(Å)

Figure 3: Representation of the real (standard) and the soft
(smoothed) van der Waals potential used in this work. Soft potential
has the effect of widening the region of maximum affinity at ε and
also reduces the potential energy at r = 0 to a finite value.

distance between two charges is <1.32 Å, a dielectric constant
of 8 is used [26].

2.2.2. Desolvation. The general approach of Wesson and
Eisenberg was used [25], and the atomic solvation parame-
ters were calculated based on the absolute partial charge on
the atom:

ΔGdesolv =Wdesolv

∑

i, j

(

SiVj + SjVi

)

e−r
2
i j /2σ

2
,

Si = ai + k
∣

∣qi
∣

∣,
(3)

where i is the index of atoms in the ligand, j the index
of atoms in the receptor, Wdesolv = 1, linear regression
coefficient or weight for the desolvation free energy term, Si
the solvation term for atom i, ai atomic solvation parameter,
k charge-based atomic solvation parameter, qi partial atomic
charge on atom i, Vi the atomic fragmental volume of atom
i, ri j the distance between atom i and atom j (in Å), and
σ the Gaussian distance constant = 3.5 Å. The parameters
are obtained from the AUTODOCK4 program [34]. Only
nonpolar carbon atoms (the absolute value of charge is <0.2)
were used for desolvation energy calculations.

The rigid energy minimizations of the protein complexes
are based on the downhill simplex method [35] using the
newly developed force field [26, 30]. Six variables (three
translation values and three rotation values of protein II
relative to protein I) are allowed to change during the energy
minimizations.

2.3. Accounting for Protein Flexibility by MD Simulations.
To account for protein flexibility, we conducted molecular
dynamics simulations on each individual protein complex
obtained from the BD docking with low interaction energies.
The complexes were subjected to 100 steps of the steepest
descent (SD) energy minimizations followed by 2ps simu-
lated annealing (SA) from 300 K to 50 K, and additional 100
steps of SD energy minimizations by using the generalized
Born (GB) solvation module in the CHARMM program
[36]. The optimized complex structures were rescored by the
same force field we developed here, but in the explicit form
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Figure 4: Flowchart of the docking protocol used in this work.

(i.e., without resorting to the grids and without smoothing
the LJ potential) with cutoff values of 8 Å and 15 Å for van
der Waals and electrostatic interactions, respectively. The top
200 low energy complex structures obtained from rigid body
energy minimization by soft energy potential were selected
to conduct the flexible protein MD simulations in this study.

2.4. Computational Costs. All simulations were conducted
on a Sun Linux Beowulf cluster (2.6 GHz Opteron and 1TB
RAM (4 GB–32 GB per node)) at the Center for High Per-
formance Computing (CHiPC) at Virginia Commonwealth
University. Computational costs are closely related to the size
of both the protein receptor and ligand. For BD sampling,
one million runs can be completed within 20 h/CPU for
this test set (average residue number is about 500 in the
protein complexes). For the soft optimization, it usually
takes 12 h using 40 CPUs by splitting the trajectory into 40
subtrajectories. For the real optimization, only the top 500
complexes, ranked by soft interaction energies, are selected
to be further calculated, which usually takes 1 h per CPU. For
each complex the post-MD-simulated annealing refinement
process takes about 30 minutes per CPU.

3. Results

3.1. Docking Bound Complexes. To evaluate the performance
of our newly developed BD protein docking approach, we
first applied it for a redocking experiment on a test set
of 24 protein-protein complex crystal structures which was

previously used by several other groups for protein docking
method evaluations [27]. The computational protocol of the
BD protein docking method including conformational sam-
pling, compact complex selection, and energy minimization
is presented in Figure 4. Firstly, the experimental crystal
complex structures were subjected to 200 steps of the steepest
descent (SD) followed by 2000 steps of the adopted basis
Newton-Raphson Method (ABNR) energy minimizations
using the generalized born (GB) solvation module in the
CHARMM program [36] to remove steric overlap that
produces bad contacts. Then BD simulations were conducted
to explore the configuration space of the protein ligand
relative to the protein receptor by translational and rotational
motions to form the protein complexes. The intermolecular
forces and torques between proteins were given by the sum
of electrostatic and excluded volume forces [24].

For each system, one million independent BD simu-
lations were conducted that usually generated about 0.9
million protein complexes. To reduce computational costs,
a distance-based criterion was introduced to filter the com-
plexes from the BD sampling. The protein complexes whose
distance between the surface of protein I and the COM of
the protein II is smaller than the maximum radius of protein
II were retained. This filtering step usually yielded around
0.5 million of these “compact complexes,” which were further
optimized using precalculated shell-based grid soft potentials
(see Figure 3). Then, the optimized protein complexes were
ranked by the soft protein interaction energies. The top 500
complexes with the lowest interaction energies were selected
and followed by structural optimization using the shell-based
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grid real potentials. The optimized complex structures were
reranked and the one, with the lowest interaction energies
were selected as the final predicted protein complexes.

The predicted results from the newly developed BD
protein docking approach are listed in Table 1. The RMSDs
from the corresponding crystal structures of all the redocked
complexes are within 2 Å, ranging from 0.18 to 1.98 Å (the
RMSDs are based on the Cα atoms of the ligands since
the receptors are always fixed). With the single exception of
2PCB (see Section 4), in each system studied, the near-native
conformation was ranked first based on our scoring function.

To further verify the shell-based grid force field, we also
optimized the crystal structures with the real potential map
(unsmoothed vdW potential) (Table 1). One can see that
the interaction energies of crystal complexes are comparable
to those of our redocked complexes. On the other hand,
we analyzed the correlation between RMSD and interaction
energy for each complex. Taking 1CHO as an example,
the plot of interaction energies versus RMSD is shown in
Figure 5. After the optimization with the grid-based real
potentials the complex with the lowest interaction energy
has the smallest RMSD to the crystal structure. Both aspects
indicate that this force-field-based scoring function can
discriminate between the crystal conformation and other
decoy conformations.

3.2. Test BD Protein Docking Approach on Unbound Proteins.
To further evaluate BD docking approach for real protein-
protein interactions, we also conducted docking studies
using the unbound structures of the two proteins in a
complex. Crystal structures for proteins, Trypsin and BPTI,
are available in both bound (Trypsin/BPTI, PDB : 2PTC) and
unbound (Trypsin, PDB : 5PTP; BPTI, PDB : 1BPI) forms,
which provide us an opportunity to further evaluate our
BD approach. 90,079 complexes were obtained from BD
docking simulations and followed by rigid body local energy
minimization by the soft potential. The predicted complex
with the lowest RMSD (2.9 Å) from the crystal structure
complex is ranked as the 142nd by interaction energy.
It suggests that even though the BD approach is able to
sample the native configuration of the complex correctly,
it cannot be selected based on the energy ranking. It is
not surprising since the flexibility of both proteins was not
considered during the BD docking. We conducted MD-
simulated annealing simulations for the top 200 complexes
with the lowest interaction energies obtained from the BD
docking simulations and followed by rescoring with the same
force field we developed here (see Section 2). The energy
ranking for the structure with the lowest RMSD has been
significantly improved to the 4th with the RMSD of 3.2 Å
from the crystal structure. The optimized complex structure
of Trypsin/BPTI superimposed with the crystal complex
structure is shown in Figure 6.

4. Discussion

4.1. BD Sampling and Electrostatics Correlation. Sampling of
the complex conformation is the critical step in protein-
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optimized structures.
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Trypsin

Figure 6: The superposition of the predicted Trypsin/BPTI com-
plex (blue) with the crystal complex (red) structures. The RMSD
between the predicted and crystal BPTI structures is 3.2 Å.

protein docking process, since neither scoring function
evaluation nor following optimization refinement would be
enough if correct or near-native conformations cannot be
produced by sampling. In our docking procedure, several
significant modifications of sampling parameters were made
compared to the traditional BD simulations. As described
in Section 2 (Figure 1), the radius of b-surface is 2 Å larger
than the sum of the maximum radii of the two proteins; c-
surface is 5 Å from the b-surface. Both are much smaller than
default values in the MacroDox (default values: the radius of
b-surface is 20 Å larger than the sum of the maximum radii
of the two proteins and the radius of c-surface is 200 Å).
Also, 20 ns was set as the longest simulation time for each
BD run. This choice of parameters significantly reduced BD
simulation time per run making it possible to perform 1
million BD runs for each complex in reasonable computation
time.
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Å

fr
om

th
e

cr
ys

ta
ls

tr
u

ct
u

re
(s

ee
Se

ct
io

n
4)

.d
T

h
re

e
m

ill
io

n
B

D
ru

n
s

w
er

e
co

n
du

ct
ed

fo
r

th
is

co
m

pl
ex

.U
su

al
ly

on
e

m
ill

io
n

is
en

ou
gh

fo
r

m
os

t
co

m
pl

ex
es

;h
ow

ev
er

,d
u

e
to

th
e

po
si

ti
ve

el
ec

tr
os

ta
ti

cs
1.

61
kc

al
m

ol
−1

fo
r

th
is

co
m

pl
ex

,t
h

e
sa

m
pl

ed
n

ea
r-

n
at

iv
e

co
n

fo
rm

at
io

n
ap

p
ea

re
d

at
ar

ou
n

d
1.

4
m

ill
io

n
ru

n
s.



Journal of Biomedicine and Biotechnology 7

(a) (b)

Figure 7: BD sampling and structure refinement of 2SNI. (a) 428,140 compact complexes obtained from BD global sampling. Each gray
point represents the center of mass (COM) of one sampled conformation. The receptor of crystal complex is in blue, and near-native
conformation obtained after BD sampling is in silver. (b) Representation of near-native conformations obtained from BD sampling (silver,
RMSD 11.47 Å), soft potential optimization (yellow, RMSD 2.45 Å) and real potential optimization (red, RMSD 0.27 Å). The receptor and
the ligand of crystal complex are in blue and green, respectively.

BD approach has been used to predict the protein-
protein interactions using electrostatics forces as the biasing
guide in addition to Brownian stochastic motions. Adding
electrostatics forces to the docking/diffusion process has the
advantage of speeding up the encounter of the receptor and
the complex formation. When the attractive electrostatics
is the dominant interaction at the binding site, it can even
produce the near-native conformations with only a few
thousand BD runs [21, 22, 37, 38]. On the other hand,
when the vdW interaction or repulsive electrostatics at the
binding site is the dominant force, one million BD runs
would be a reasonable number based on our calculations. It
could cover the entire sampling space around the receptor
(Figure 7(a)). From the column of Sequence number/total
number in Table 1 one can see where the best solution
comes from. It also indicates that one million BD runs
are sufficient for sampling in most cases. One exception
is 1VFB where three million BD runs were needed due
to the repulsive electrostatics interaction of 1.61 kcal mol−1

between the receptor and ligand based on our calculations.
Cluster analysis was also conducted to illustrate the elec-

trostatics effect on BD sampling within this test set. As shown
in Figures 8(a) and 8(b), the more negative (stronger) the
electrostatics interaction between the receptor and ligand is,
the more of the conformations will fall into the cluster of the
near native; and the near-native conformations are produced
increasingly early as well. Generally when the electrostatic
interaction energy is lower than −5 kcal mol−1, the BD
sampling procedure produces the near-native conformations
faster and more easily than in other cases.

4.2. Shell-Based Grid Force Field. The grid potential maps
generated from the receptor were defined in a shell around
the surface of the molecule (see Section 2, Figure 2). This
shell-based grid map has the advantage of largely reducing
the number of grids compared to the 3D box grid map.
Taking 1AY7 as an example, the box-shape potential map
would include 1,739,781 and 1,737,808 grids for the inner
and outer boxes, respectively; while in the same condition the
shell-based map only takes half the number of grids, 948,240
and 962,432 for the inner and outer shells, respectively. In
practice, the computer memory limits the number of grids
involved in the calculation. For example, in earlier work, only
part of the protein surface could be covered for sampling
with the box-shape map [27]. Therefore, the binding site
had to be identified with the aid of other programs or
experimental data. Our shell-based potential map is able to
cover the whole surface area of the receptor for conducting
a global search, which is necessary when clear information is
unavailable for the binding sites of protein receptors.

We used a force-field-based scoring function, which
includes vdW, electrostatics, and hydrophobic potentials.
We found that when the smoothed vdW energy term (soft
potential) was used for the energy optimization, it was much
easier for a ligand to find the global energy minima due to its
smooth potential energy surface. As seen from Figure 7(b),
the RMSD of the ligands between the BD sampling and
the crystal structure was 11.5 Å, which was reduced to 2.5 Å
after the energy minimization by using the soft potential.
Moreover, although the interaction energies obtained from
the soft potential function are not as accurate as the real
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Figure 8: (a) Number of predicted near-native conformations versus electrostatics interaction energies within the test set. Conformations
of which Cα RMSDs <5 Å compared to the crystal structure are regarded as predicted near-native conformations. (b) Sequence number of
the first produced near-native conformations versus electrostatics interaction energies within the test set.

ones, they can still be used for preranking of the predicted
complexes. The top 500 preranked complexes were selected
and followed by a further energy minimization using the
real potential function, which was found to be adequate and
effective for the predictions of native protein complexes.

The scoring function exhibits excellent performance in
the redocking test set. Only exception was in finding the near-
native conformation for the 2PCB. It was ranked the 9th, but
the top 8 conformations formed a single cluster with RMSD
around 30 Å from the crystal structure. A similar problem
existed in Fernández-Recio’s result [27]. We have checked
the crystal structure of 2PCB and found an abnormal
phenomenon that OD2 of Asp34 of Cyt c Peroxidase and
OE2 of Glu90 of Cytochrome c is apart only by 2 Å. It was
speculated that occasional crosslinking between these two
proteins might account for this phenomenon [39]. Such a
short distance between two negatively charged oxygen atoms
may lead to higher interaction energy, and thus other decoy
conformations appear to have more favorable interaction
energy.

In addition to the RMSDs, which were calculated based
on all the Cα atoms of ligands, we also calculated the RMSDs
for the ligands based on the interface Cα atoms of the
predicted structures and compared them with the results
from other groups (Table 2). The ligand interface residues
were defined as having at least one atom within 5 Å of an
atom on the receptor molecule. RMSDs based on interface Cα

atoms in this test set are within 1 Å except for 2PCB (1.18 Å).
18 of 24 complex RMSDs are smaller than those from the
ICM method [27].

4.3. Crystal Packing. Considering that protein structures in
the test set were determined by X-ray crystallography, it is
possible that the protein complexes could be affected by
crystal packing. We reconstructed the crystal packing protein
structures for all the proteins in the test set by using the Swiss
PDB Viewer program [42]. We found that in 12 out of the
24 crystal structures, ligands were located at the interface
of multiple subunits in the crystal packing, and thus native
conformations could be affected by the crystal packing. To
test this possibility, we conducted a comparison study in

which crystal packing information was included by adding
additional related subunits. However, 2 complexes out of 12
packing structures had to be excluded because the additional
subunits block the entrances of protein ligands to access
the binding sites of protein receptors. Thus, 10 complexes
were completely redocked under the condition of crystal
packing. The results (Table 3) show that RMSDs of global
Cα atoms range from 0.26 to 1.44 Å. Comparing the results
without crystal packing, there are no significant differences
in RMSDs, which indicates that the crystal packing could be
ignored for protein docking method evaluations based on the
current test set.

4.4. Prediction of Unbound Proteins. When applying BD
sampling approach to predict the complex structure staring
from the structures of the unbound proteins Trypsin and
BPTI, we found that BD approach was able to sample
the near-native conformations, which indicates that the
current BD approach is efficient and feasible for real protein
complex sampling. However, the near-native poses often
have unfavorable interaction energies due to minor steric
clashes and therefore cannot be selected based on the energy
ranking. This is almost an inevitable consequence arising
from rigid body docking process. Although the soft potential
used in the current BD approach includes implicitly some
partial protein flexibility, it is still not enough to rank the
sampled conformations correctly. To achieve high-accuracy
prediction, protein flexibility, including flexible side-chains
and backbones, has to be considered in either the sampling
stage or the postrefinement process. Our new approach based
on MD-simulated annealing is a postrefinement process,
which accounts for the flexibility of both proteins, and shows
very promising results.

Prediction of a correct protein-protein complex relies on
sampling the near-native conformation and discriminating
it from other decoy conformations. Our BD sampling is
validated to sample the near-native conformation within 1
million runs in most cases and works best for the electrostatic
attractive protein complexes. We recommend performing 3
million runs for electrostatically unfavorable systems or for
any system where electrostatic information is unavailable.
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Table 2: Redocking results compared with other groups.

Complex PDB RMSD (Å)a Other docking methods

ICMb Nussinovc FTDOCKd BiGERe

Protease-inhibitor

1CA0 0.44 0.4 — — —

1CBW 0.24 0.5 — —

1ACB 0.58 0.5 0.9 — 0.6

1CHO 0.26 0.3 0.5 0.8 —

1CGI 0.15 0.4 — 1.0 —

2KAI 0.30 0.8 1.2 0.4

2SNI 0.16 0.3 1.1 0.6 —

2SIC 0.58 0.4 1.1 0.8 3.8

1CSE 0.53 0.3 1.3 — —

2TEC 0.18 0.3 1.2 — 3.6

1TAW 0.39 0.7 — — —

2PTC 0.72 0.4 0.6 0.7

3TGI 0.21 0.3 — — —

1BRC 0.55 0.7 — — —

Enzyme-inhibitor

1FSS 0.13 0.4 — — —

1BVN 0.23 0.4 — — —

1BGS 0.33 0.6 — —

1AY7 0.30 0.7 — —

2B5R 0.60 1.3 — — —

1UGH 0.39 0.4 — — —

Electron transport

2PCB 1.18 1.2 — — —

2PCF 0.19 1.1 — — —

Antibody-antigen

1MLC 0.57 0.4 — 0.8 —

1VFB 0.24 0.5 1.5 0.7 —
a
RMSDs are calculated for the ligand interface Cα atoms in this work. bDocking with known binding site followed by refinement of interface side-chain

conformations [27]; RMSD (Å) calculated for the ligand interface Cα atoms. cGlobal docking followed by hydrophobicity and connectivity filters [40]; RMSD
(Å) calculated for the ligand heavy atoms when only receptor is superimposed onto the real structure. dGlobal docking and filtering with distance restraints
[6]; RMSD (Å) when both receptor and ligand Cα atoms are superimposed onto the real complex. eGlobal docking [41]; RMSD (Å) calculated for the ligand
Cα atoms when only the receptor Cα atoms are superimposed onto the real structure.

Table 3: Comparison between docking with crystal packing and without crystal packing.

Complex PDB
Crystal packing Without packing

RMSD∗(Å) Interaction energy (kcal mol−1) RMSD∗(Å) Interaction energy (kcal mol−1)

1CBW 0.72 −161.60 0.54 −83.51

1ACB 0.49 −131.61 1.00 −103.41

1CHO 0.23 −140.39 0.30 −102.35

1CGI 1.07 −138.82 0.18 −147.17

2KAI 0.98 −140.16 1.10 −114.68

2SNI 0.58 −120.52 0.27 −108.81

2SIC 1.44 −103.29 0.89 −94.41

2TEC 0.76 −127.74 0.44 −108.55

1TAW 0.44 −103.90 1.10 −97.13

1FSS 0.26 −175.90 0.17 −137.88
∗

RMSDs are calculated for the Cα atoms of the ligand protein.
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Another critical step in our study is using MD-simulated
annealing method to account the protein flexibility, which
can significantly improve the ranking of near native confor-
mations. In a real case of protein-protein study, the top 500
or more conformations from the soft energy ranking list may
need to be included for flexible protein refinement by the
MD-simulated annealing simulations.

5. Conclusions

We have developed an adapted Brownian dynamics method
to predict the structures of protein complexes. It has three
steps. In the first step, global BD sampling, one million inde-
pendent BD simulations are conducted to explore the entire
possible conformational spaces of the protein complexes.
In step two, the compact complexes selection, a distance-
based criterion is used to select compact complexes. In step
three, local energy minimization, all compact complexes
are optimized using grid-based soft potentials followed by
grid-based real potentials. The complexes with the lowest
interaction energies are selected as final predicted protein
complexes. To reduce the computational costs for energy
evaluations, a grid-based force field was developed to repre-
sent protein receptors and solvation effect. The performance
of this newly developed BD protein docking approach was
evaluated on a test set of 24 crystal protein complexes which
was previously used by other groups. The results show that
the RMSDs between the predicted and the crystal structures
are within 2 Å, which are close to the accuracy of the ICM
results from Fernández-Recio et al. [9]. However, compared
with the ICM approach, the advantage of our newly adapted
BD method is its global sampling, which does not require
knowledge of the binding sites of the protein receptors before
conducting the BD simulations. Shell-based potential maps
can significantly reduce the computer memory requirements
compared to rectangular box-based potential maps, which
make the global sampling possible. The predicted near-
native conformations have the lowest interaction energies for
all complexes in the test set except the 2PCB. The results
indicate that the grid-based force field scoring function we
developed can discriminate the crystal conformation from
other sampled conformations. One million BD runs are
usually required for the global sampling. However, in the
case of positive electrostatics interaction between the protein
receptor and ligand, more BD runs are needed. On the other
hand, BD sampling has a distinct advantage when stronger
electrostatic attraction (<−5 kcal mol−1) exists between the
ligand and receptor proteins.

In the current adapted BD protein docking method,
both the protein receptor and ligand are treated as rigid
bodies. The flexibility during docking is partially consid-
ered by using the grid-based soft potentials. We found
that a postrefinement process based on the MD-simulated
annealing to account for the flexibility of proteins shows us
very promising results and can be also useful if combined
with other rigid docking approaches to account for protein
conformational changes after the rigid docking process. In
our future work, more elegant techniques, such as local move

Monte Carlo (LMMC) approach for loop sampling, [26]
could also be implemented to account for the flexibility of
proteins for mimicking the ligand-induced effect.
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Modern biological sciences are becoming more and more multidisciplinary. At the same time, theoretical and computational
approaches gain in reliability and their field of application widens. In this short paper, we discuss recent advances in the areas of
solution nuclear magnetic resonance (NMR) spectroscopy and molecular dynamics (MD) simulations that were made possible by
the combination of both methods, that is, through their synergistic use. We present the main NMR observables and parameters
that can be computed from simulations, and how they are used in a variety of complementary applications, including dynamics
studies, model-free analysis, force field validation, and structural studies.

1. Introduction

Structure and dynamics studies of proteins and other biolog-
ical macromolecules involving the use of multiple techniques
are rapidly becoming the norm rather than the exception.
In addition to a wide array of experimental possibilities,
structural studies benefit from theoretical techniques whose
predictive abilities have increased tremendously due to both
methodological developments and the rapid increase of
available computer power. The joint use of nuclear magnetic
resonance (NMR) spectroscopy [1] and molecular dynamics
(MD) simulations [2] is becoming commonplace due to their
high complementarity: while NMR yields highly quantitative
data on dynamic processes, these data suffer from not being
easily linked to unambiguously identified motions. On the
other hand, MD simulations unambiguously describe atomic
motions, but they are predictions impaired by force-field
limitations and model approximations. Hence, combining
the strengths of experimental data from NMR and simu-
lation data from MD yields a more reliable understanding
of dynamics in terms of quantities and physical description

of motions, respectively. This has an impact on our ability
to study a variety of biological systems, from Alzheimer’s
disease-related amyloid peptides [3, 4] to the catalytic
properties of antibiotic resistance enzymes [5].

Solution NMR spectroscopy allows the study of proteins
in terms of both structure and dynamics. For proteins,
labelling with 13C and 15N is typically performed and
allows the observation, at atomic resolution, of most atoms,
since naturally abundant 1H is also NMR-active. Because
such isotope labelling has no effect on protein structure
and function, NMR can be considered a pseudo-label-free
technique. Most NMR dynamics studies focus on N–H
groups, which allows observation of a specific probe for
most residues, with the notable exception of prolines and N-
termini. A set of different experiment types are then available
to probe motions on different timescales, ranging from the ps
to several days (see Figure 1). However, NMR, as many other
spectroscopic or bulk techniques, is limited by averaging [6]
and experimental observations are thus driven by population
statistics. Therefore, even though quantitative dynamics
information can be derived from NMR, most of the time this
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Figure 1: Timescales of protein motions (a) with timescales acces-
sible to NMR experiments (b) and the approximate years these
timescales became accessible to MD simulations (c).

information is limited to determining timescales (rates) of
motions, rather than giving a direct physical description of
these motions.

MD simulations are a structural bioinformatics tech-
nique that uses Newtonian physics to describe the dynamics
of a system (such as a protein immersed in water molecules)
at the atomic level. Atoms are represented by charged point
masses. The force field (the expression of the potential energy
as a function of atomic positions) is used to compute forces
in the system and generate atomic positions and velocities
along a trajectory. Modern force fields and MD implemen-
tations and techniques were recently reviewed by Guvench
and MacKerell [2]. Timescales amenable to MD simulations
have increased by many orders of magnitude in recent years,
making MD a powerful probe of macromolecular dynamics
(see Figure 1).

Case [7], in a seminal 2002 article, predicted important
developments in the combined use of MD and NMR, with
a focus on spin relaxation experiments applied to the study
of both global rotational motions and the local dynamics
of individual spins. In this short paper, different aspects of
the joint use of NMR and MD are discussed. While this
document is not an exhaustive listing of all the work done
in the field of combined NMR and MD, it should give the
reader a broad picture of how these methods can be used syn-
ergetically. Computational docking using NMR constraints,
although not MD per se, is also discussed briefly. Our focus
is on solution NMR, and therefore joint applications of MD
and solid-state NMR spectroscopy (ssNMR) are not reviewed
herein. (Readers interested in MD-ssNMR studies will find
the recent work of Romo et al. [8] an interesting literature
starting point).

In the next section, we overview methods for calculating
NMR parameters and observables from MD trajectories:
spin relaxation rates, order parameters, and conformational
exchange. Then, applications of combined NMR and MD
for dynamics studies are presented, starting with a selection
of biological models that were developed using both MD
and NMR. Specific applications are then treated: model-
free analysis, force field validation, the special case of

backbone energetics, and long-timescale simulations. The
last section summarizes the use of MD simulations in
structural NMR studies, including structure determination
and ligand docking. We conclude with perspectives on future
usage of joint MD and NMR.

2. NMR Observables and Parameters from
MD Simulations

2.1. Spin Relaxation Rates. One of the most popular
approaches to the study of protein dynamics using NMR is
the recording of spin relaxation rates R1 and R2, as well as
steady-state heteronuclear nuclear overhauser effect (NOE).
R1 is the longitudinal relaxation rate, that is, the rate with
which nuclear magnetization returns to equilibrium after
being perturbed. R2 is the transverse relaxation rate, that
is, the rate with which spin magnetization coherence is
lost after being created. The steady-state heteronuclear NOE
corresponds to the cross-relaxation between two dipolar-
coupled spins [9]. These relaxation observables depend
on stochastic motions on discrete timescales, which are
combinations of the Larmor frequencies of the nuclear spins
involved. These data can be analyzed directly, although their
interpretation rarely allows the identification of the exact
underlying motion.

MD can be used to calculate R1, R2, and NOE values.
One approach is to compute data from spectral density
values themselves computed from the partitioned correlation
function reporting on the reorientation of the bond vector
under study (the vector linking two bonded atoms for which
motions are observed through NMR relaxation, e.g., N–H,
N–C, or C–H bond vectors) [10, 11]. Alternatively, reduced
spectral density values can be calculated from the experi-
mental data and compared to spectral density values [12]
extracted from MD, although the data content from such
an alternative approach is reduced compared to the more
direct one. Of course, these approaches, as others presented
below, suffer from the limited length of trajectories, which
introduces a discontinuity into the calculated correlation
function [11]. This is particularly true when bond vector
reorientation converges slowly, that is, the vector experiences
high mobility. Although MD can be used to help in the
interpretation of spin relaxation data directly, the analysis
of such data is generally performed within a mathematical
framework such as the model-free formalism (also known as
the Lipari-Szabo formalism [13, 14], see below).

2.2. Order Parameters. In the model-free formalism (re-
viewed by Morin [15]), spin relaxation rates are transformed
into more easily interpretable parameters such as the squared
generalized order parameter (S2), a quantitative indicator
of local order, and the conformational exchange parameter
(Rex), which is a semiquantitative indicator of μs-ms motions
(treated in the next section). S2 order parameters range from
zero to one and are a measure of the spatial restriction of a
chemical bond, in this case the N–H vector of the peptide
plan. At a value of 1, there is no internal motion whatsoever
in the bond vector. At 0, the bond is not constrained in any
way relatively to others.
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MD simulations can be used to calculate S2 [5, 16–19].
When calculated values fit well with experimental data, MD
simulations can be used with confidence for interpreting
underlying motions. The classic approach to MD-derived S2

is to compute the internal autocorrelation function for the
bond reorientation. The plateau value extracted from this
function at an infinite time corresponds to S2 [17, 20] (see
Figure 2). This plateau is reached when simulations converge
(i.e., when the accessible conformational space is adequately
sampled). Otherwise, the function is unconverged, leading
to a possible S2 overestimation. Moreover, if a single local
motion dominates the trajectory, the decay to the plateau is
exponential, and the area under the curve corresponds to the
internal correlation time τ, the timescale of motion charac-
terized by S2 (see Figure 2). In a variation of this approach,
the internal autocorrelation function does not use the MD
data in a chronological manner, but rather randomized,
with the function directly decaying to the plateau (S2) value
[5, 21]. Obviously, convergence cannot be assessed with this
approach. However, it allows the combination of multiple
trajectories in order to increase conformational sampling. S2

can also be computed from spherical harmonics summation
[17, 21], another technique that allows the use of multiple
trajectories. Agreement between spherical harmonics and the
autocorrelation function was used by Buck et al. [17] to
assess convergence.

The model-free formalism was derived by assuming
separation of global and local dynamics, that is, separation
of timescales for the global diffusion of the protein and the
local motions of the bond vector [13, 14]. For folded globular
proteins, this timescale separation is generally respected.
However, for unfolded proteins, where the global motions
can be much faster and coupled to local movements, such
separation might not be true. (It was later shown [22]
that timescale separability is not an issue in most cases; a
notable exception is when local motions considerably alter
the overall shape of the protein.) In order to mitigate the
issue of timescale separability, Prompers and Brüschweiler
[16] introduced a method called isotropic reorientational
eigenmode dynamics (iRED), which relies on the use of
MD simulations for the analysis of experimental NMR spin
relaxation data. In addition to being completely unaffected
by timescale separability (and thus well suited for the study
of unfolded proteins), this method can also evaluate if global
and internal motions are statistically separable. The method
uses principal component analysis (PCA) [23] evaluated
from MD simulations in order to extract reorientational
eigenmodes and amplitudes. The distribution of eigenvalues
allows the assessment of timescale separation. Finally, iRED
parameters are fitted to experimental data, allowing the
extraction of dynamics information, such as S2 values. The
method was applied to the iron responsive element RNA
by Showalter et al. [24], who could demonstrate that global
and local motions are not statistically separable, but rather
correlated for this small macromolecule. Maragakis et al.
[19] also proposed a solution to the separability problem,
where the full autocorrelation function (as opposed to the
local one) is used, thereby recoupling global and local
motions to simulate the effect of global tumbling on NMR
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Figure 2: Internal autocorrelation function for an imaginary bond
vector where S2 = 0.5, the plateau value as the function converges
towards infinity. The area between the curve and S2 is the local
correlation time (τ).

relaxation. Finally, Johnson et al. [25] created different helical
ensembles by modification of φ/ψ angles in order to compare
different approaches to the extraction of order parameters for
multiple different backbone bond vectors. Their approach
highlighted the fact that multiple analytical methods applied
to the same system can yield a complementary and self-
consistent picture of reorientational motions. In other words,
extracting S2 using different approaches allows inferences on
the underlying motions in action, whereas a single S2 value
(from a single approach) does not provide information on
the physical nature of this motion.

Whereas order parameters extracted from spin relaxation
data (using either the model-free formalism or the iRED
approach) report on the ps-ns timescale, residual dipolar
couplings (RDC, couplings observable for weakly aligned
samples) can be used to extract a broader timescale S2

ranging from ps to ms [26–28] (see Figure 1). The difference
between spin relaxation and RDC S2 can highlight the
presence of slower μs-ms movements. Motions on this phys-
iologically relevant timescale can improve the understanding
of protein function as they might be coupled to activity
[29]. As for the analysis of model-free order parameters,
the analysis of RDC S2 data also can benefit greatly from
combination with MD. Indeed, Salmon et al. [30] very
recently reviewed this particular application, highlighting the
fact that amplitudes of motions, as well as their distribution,
can reliably be extracted from the two techniques (in this
case, with accelerated MD simulations, discussed further
below), allowing cross-validation of both techniques and
increasing the confidence with which these data can be used
for the understanding of protein motions.
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2.3. Conformational Exchange (Rex). μs-ms motions, often
related to protein functions such as enzyme catalysis [29],
can be indirectly studied using a combination of order
parameters extracted from spin relaxation and RDC (see
above). A more direct approach is the extraction of a
conformational exchange term (Rex, also called chemical
exchange) either from model-free analysis of relaxation data
or from relaxation dispersion experiments. Rex arise from
μs-ms motions because these affect the magnitude of the
effective transverse relaxation rate R2. Rex values depend
on timescales of motion, chemical shift differences between
different conformers, and population weight of these con-
formers. Rex sums with the pure R2 (reporting on ps-ns
motions) to give the observed R2 [31]. However, interpreting
Rex in terms of physical motions is not trivial (with some
exceptions [32–35]). MD simulations could be useful in
interpreting experimental Rex parameters. Unfortunately, the
μs-ms timescale is currently barely accessible to all-atom
MD. This might soon change as simulations reaching the
ms timescale are now being produced [36] (see Figure 1),
although on special purpose hardware that is not commonly
available. Once this timescale is routinely simulated, it will be
possible to compare Rex values with observed slow motions
qualitatively, and possibly quantitatively by correlating Rex

values with timescales of motion for conformers with distinct
chemical shifts. Such comparisons will be facilitated by
the high accuracy with which chemical shifts can now be
predicted from 3D structure (reviewed by Wishart [37]).

Alternatively, accelerated molecular dynamics (AMD)
techniques can be used to probe the μs-ms timescale. AMD
are a variety of techniques designed to efficiently sample
low-energy conformations. This implies escaping energy
minima, often by artificially reducing the energy barrier
between low-energy conformations. AMD techniques were
reviewed by Elber [38]. Markwick et al. [21] showed that
AMD can be used together with NMR spectroscopy to study
multiple timescale motions in proteins. They used AMD
simulations of GB3 protein to quickly sample motions on the
ms timescale. Classic MD simulations were then performed
using AMD conformations as starting points, providing
insights into dynamics at different timescales (ms versus ns).
NMR relaxation and RDC data available for that protein were
in agreement with their findings.

3. Dynamics Studies

There are many examples in the literature of practical
applications of NMR and MD for the study of biological
systems. MD simulations are often used to facilitate the
interpretation of NMR dynamic experiments, and to find
new leads that can then be pursued experimentally; MD can
also be used to perform experiments that are inaccessible
to NMR and to focus on a single molecule rather than an
ensemble average. In turn, NMR validates simulations of
specific systems and thus their predictive power. Examples
are discussed below.

The 36 residue villin headpiece helical subdomain
(HP36) was studied in its unfolded state by Wickstrom et al.
[39]. Local structure in the unfolded state is thought to be

important to protein folding. However, it is difficult to mea-
sure experimentally because those structures convert rapidly
to the folded state. An approach to study local structure is the
use of peptide fragments. HP36 is made of three α helices.
Corresponding fragments (HP-1, 2, and 3) were studied by
NMR, where a small helical propensity was detected in HP-1
and 3. However, the presence of multiple conformations
at equilibrium leads to ambiguities in data interpretation.
To palliate limitations of the experimental methods, the
fragments were simulated using replica-exchange molecular
dynamics (REMD), an accelerated sampling technique [40].
REMD facilitates overcoming energy barriers and thus makes
it possible to analyze folding, an event that would normally
happen on a timescale much longer than that accessible
to standard simulations (see Figure 1). Cluster analysis of
the fragment conformations shows that there is a local
stabilized structure in HP-1 identical to the helix observed
in complete HP36. Fragments HP-2 and HP-3, on the other
hand, show little helicity. Cooperative folding in HP36 could,
therefore, start by local helix formation in the HP-1 region.
These simulations are validated by the agreement between
experimental and simulated J-couplings.

Using implicit solvent, Kent et al. [3] developed a model
of the aggregation of β-amyloid fragments (Aβ). Since
Aβ aggregates on μs or longer timescales, simulations of
such atomistic models are expensive. Using NMR order
parameters for peptide Aβ(10–35) and a 10 ns explicit solvent
simulation of the same fragment as reference data, they
benchmarked the accuracy of force fields CHARMM, OPLS-
AA, and Amber combined with their Shen-Freed implicit
solvent model. Order parameters varied considerably with
force field, but CHARMM22 displayed good agreement
with experiment. After a 30 ns equilibration time, their Aβ
model exhibits high flexibility, consistent with experiment,
and maintains the strand-loop-strand motif that promotes
aggregation through a solvent-exposed hydrophobic patch.
Further work on Aβ peptides using both MD and NMR
was performed by Fawzi et al. [4]. They used new high-
field experiments on the Aβ(21–30) fragment to validate
simulations using the Amber ff99SB force field with the
TIP4P-Ew water model. They found that 13C relaxation
parameters are in good agreement with predicted values.
Their explicit solvent model describes accurately the struc-
ture and dynamics of the complete Aβ(21–30) peptide.

Ferner et al. [41] studied the dynamics of two YNMG
RNA tetraloops at different temperatures using both NMR
and MD simulations. This represents a particular chal-
lenge for both techniques. With NMR, careful choice of
temperature-dependent parameters (such as bond length
and CSA) is required for model-free analysis. MD force fields
are parametrized to reproduce room temperature physical
properties, so the actual effect of simulation temperature on
protein dynamics is hard to predict. The thermal stability and
biological function of both loops is known to be temperature
dependent. Even though agreement between experimental
and MD-derived S2 decreases as the temperature is increased
above room temperature, the authors are still able to
observe, both in experiment and simulations, the same loss
of stacking interactions between first and third bases that
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leads to RNA melting. RNA dynamics were also studied
by a joint MD-NMR approach by Frank et al. [42]. They
generated ensembles of RNA conformations for two variants
of the transactivation response element (TAR). They did
so by selecting snapshots from MD trajectories according
to the fit between simulated and experimental RDCs. The
dynamic ensembles obtained showed that ligand binding
to TAR involves an adaptative recognition mechanism and
important conformational changes in RNA.

Fisette et al. [5] used NMR relaxation and order
parameters to validate β-lactamase TEM-1 simulations. In
turn, simulations and PCA were used to interpret relaxation
data in terms of physical motions. Multiple simulations
were shown to be necessary to sample the conformational
space of flexible loops. Simulations show their limits in
the catalytically-relevant Ω loop, where motions on slow
timescales (μs-ms) that promote substrate gating cause dis-
crepancies between NMR and MD S2. In more recent work
(Fisette et al., in preparation), effects of substrate binding on
TEM-1 and PSE-4 class A β-lactamases were studied by MD
simulations, overcoming a limitation of NMR experiments:
rapid enzyme turnover makes relaxation experiments in
presence of saturating substrate levels impossible; the only
experimental workaround is the use of covalent inhibitors or
variant enzymes, which would significantly affect dynamics
around the active site.

Interested in the dynamics of a small flexible RNA
fragment, Musselman et al. [43] used a domain-elongation
approach to perform different NMR spin relaxation exper-
iments, and compared their results with MD-predicted
relaxation (R1, R2, and NOE), as well as model-free (S2 and
τ) parameters. The domain-elongation approach developed
by Zhang et al. [44] consisted in adding several Watson-
Crick base pairs on one side of the RNA under study using
unlabelled (i.e., NMR-invisible) nucleotides to slow down
global diffusion and, thus, both decouple local and global
motions and allow a higher sensitivity to fast dynamics. For
Musselman et al. [43], this approach was useful in allowing
a defined reference frame for analysis of MD, an otherwise
difficult task with such a flexible entity where local and global
motions are coupled. The RNA displayed a complex mixture
of local and global dynamics on multiple timescales. Whereas
the fast motions were detected by both spin relaxation and
MD, slower motions were indicated by MD as well as RDC
data.

3.1. MD-Guided Model-Free Analysis. When applying the
model-free formalism, a model selection step is neces-
sary to decide on the inclusion of different parameters
and timescales, the basic idea being to identify the most
statistically-relevant model and parameter set yielding a
good fit of the experimental data. Model selection protocols
and parameter accuracy of the model-free formalism were
studied by Chen et al. [11] using MD simulations. They gen-
erated a 10 ns trajectory of dihydrofolate reductase ternary
complex and computed relaxation parameters (R1, R2, and
NOE) from it. Afterwards, they used model-free analysis and
compared different model selection approaches to extract
dynamic parameters from the artificial relaxation data.

These parameters were then compared to those computed
directly from the trajectory using autocorrelation functions.
Simulations thus served as a reference where the motions
are perfectly known, while the model-free analysis had to
reconstruct the spectral density from R1, R2, and NOE,
measurements that provide only partial information on
the dynamics. Their results showed that, as proposed by
d’Auvergne and Gooley [45], the use of not only Bayesian
Information Criteria (BIC) [46] but also Akaike Information
Criteria (AIC) [47] in the case where multiple magnetic
field data are recorded are superior compared to the then
generally used step-up hypothesis approach involving F-tests
[48]. Indeed, these information theoretical criteria provide
a better balance between bias and variance (less under- and
over-fitting) and lead to more reliable model selection, while
also being less computer intensive.

MD simulations can also play a direct role in model
selection, as was recently shown by Fisette et al. [5]. In this
approach, model selection proceeds as usual with statistical
tests for the comparison of experimental and back-calculated
values, but is helped for cases where the tests yield a similar
statistical score for different models (i.e., when different
models reproduce equally the experimental data). In these
ambiguous situations, projections of the orientation of the
bond vector in the course of MD simulations are used to
evaluate the motion type and decide on the best model. Even
though this approach should, in principle, allow the correct
identification of local motions, it suffers from two problems
with regards to the Rex parameter. The first is obviously the
timescale probed by the trajectory. The second is the case
where the Rex contribution arises not from motions in the
bond vector itself, but rather from movements in nearby
atoms that affect the electronic environment of the bond
vector on the μs-ms timescale; such motions are undetected
in the projection of a given bond vector.

3.2. Force Field Validation. If we are to trust the predictive
capabilities of a given force field, that force field should
reproduce experimental observations within its range of
application. The classical, additive force fields used for
MD simulations of macromolecules are developed using
quantum mechanics (QM) properties (geometry, vibrational
modes, solvation energies, etc.) and experimental data.
Unfortunately, the direct fitting of a force field to proteins
or even small peptides is impossible since such systems are
not tractable by QM calculations at the required theory level.
Instead, final parameter sets are used for protein simulations
that are then compared to experimental results. Hen egg
white lysozyme [17, 18, 49–52] and ubiquitin [19, 50–53] are
often used as model systems since they are small and very
well characterized experimentally. NMR observables used
for force field validation include root-mean-square deviation
(RMSD) from NMR structural ensembles [49], NOE (mea-
surement of inter-proton distances) [49, 54], scalar spin-
coupling constants [52, 55, 56], and chemical shifts [57, 58].
Direct comparisons of spin relaxation parameters [53] are a
lot less frequent. Instead, relaxation-derived quantities such
as S2 [5, 17–19, 49, 50, 53, 59–61] are used. RDC-derived
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order parameters [52, 60, 62] are increasingly used for long-
timescale simulations.

A detailed validation of a GROMOS force field parameter
set (45A3) by Soares et al. [49] used a variety of NMR
data and two 3.5 ns simulations of lysozyme. They used a
crystallographic structure as the simulations starting point.
Interestingly, trajectory RMSD shows that the trajectories
stay closer to the X-ray structure than to the lowest-energy
NMR conformer. This is probably indicative of trajectory
dependence on initial conditions, a topic that was further
studied by combined NMR-MD studies, and which will be
discussed later on. Soares et al. [49] also compared predicted
NOE with experimental values. Their results suggested the
new GROMOS parameter set violated experimental NOE
constraints slightly more than the previous set (43A1).
However, studies by Zagrovic and van Gunsteren [54] later
showed that comparing NMR and MD-predicted NOE may
not be a good indicator of simulations quality due to the
nonlinear effect of r−3 or r−6 averaging [63] and focus
on experimentally observed NOE that produces artificially
good agreement between the two techniques. Predicted spin-
coupling constants were also used by Soares et al. [49] to
assess force field quality. Both three-bond 3JHNα- and 3Jαβ-
coupling constants converged to experimental results for
most residues. For some, however, trajectory length was
not sufficient to achieve a meaningful comparison. Lack
of conformational space sampling in MD simulations to
reproduce NMR observables is also an important issue,
which will be presented below.

3.3. Backbone Energetics. An important limitation of MD
simulations is that, as longer timescales become accessible,
force field quality, integrator stability, and other problems
that were not apparent before can be revealed and negatively
impact simulations quality. N–H-squared order parameters
S2 were instrumental in validating the φ and ψ dihedral
angle corrections necessary for common protein force fields
when simulations began probing the many nanoseconds
timescale. Before that correction, classical force fields would
overestimate the flexibility of secondary structures. In some
cases [64], short helical peptides would fold as π helices
rather than the experimentally proven α helices. Cross-map
term corrections (CMAP) were developed by MacKerell Jr
et al. [65] for the CHARMM force field to account for
secondary structure stability while keeping other parame-
ters unchanged. CMAP is a detailed grid of the dihedral
potential of φ and ψ angles that was integrated to the
CHARMM22 force field as a supplemental term. A 25 ns
lysozyme trajectory acquired by Buck et al. [17] compared
predicted N–H S2 to experimental ones. Results showed that
CHARMM22/CMAP predicted S2 that were consistent with
experiment, while in absence of CMAP secondary structures
were much too flexible.

Similar corrections were performed for the AMBER force
field: in the ff99SB parameter set, φ and ψ dihedral angles
were reparametrized [50] to achieve a better balance of
secondary structures. Validation included a comparison of
experimental and predicted S2 for lysozyme and ubiquitin,
showing much better agreement for the new parameters.

Showalter and Brüschweiler [53] also used ubiquitin simula-
tions to validate AMBER ff99SB, but compared experimental
and back-calculated relaxation data in addition to relaxation-
derived order parameters. Showalter et al. [59] also showed
that the modified backbone energetics in ff99SB improved
the description of amino acid methyl side-chain rotation,
suggesting a direct relation between main- and side-chain
dynamics.

Even with this correction, however, modern force fields
for proteins are still scrutinized through comparison with
NMR results, revealing limitations. For instance, discrepan-
cies in predicted and experimental J-couplings led Best et al.
[55] to suggest that current force fields might be too helical
as they overpopulate the α conformation of polyalanine
peptides in water. Another study of short peptides by
Wickstrom et al. [56] used NMR scalar coupling constants
as reference data and also showed shortcomings in Amber
ff99SB for Ala3 and Ala5 peptides and the TIP3P and
TIP4P-Ew water models. Another NMR-MD comparison by
Trbovic et al. [60] highlighted deficiencies in the OPLS-
AA and AMBER (ff99SB and ff03 parameter sets) force
fields. Using over 50 short (2.4 ns) simulations of the B3
immunoglobulin-binding domain of streptococcal protein
G (GB3), they compared MD-predicted S2 to experimen-
tal values determined by both spin relaxation and RDC
experiments. Their results indicate that the three force fields
overestimate the flexibility of amide N–H vectors at the
borders of secondary structure elements and in loops. They
suggest that an imbalance between hydrogen bonding and
other terms may be the cause of the problem. Even though
these studies concluded the impact on the accuracy of
typical protein simulations is small, NMR-MD studies of
small peptides may lead to force field improvements in the
future.

3.4. Diffusion and Long-Timescale Simulations. Molecular
dynamics rely on the ergodic hypothesis for simulating phys-
ical parameters; adequate conformational space sampling on
the timescales of the biological processes being studied is
required. This is rarely possible for large macromolecules,
as is clearly shown by trajectory dependence on starting
coordinates. For lysozyme, Koller et al. [18] showed that
starting structure had a significant impact on MD-derived
order parameters. Since those are increasingly used to
assess force field quality, caution must be taken to acquire
trajectories at least an order of magnitude longer than
the solute global tumbling time. Genheden et al. [61] also
studied the effects of starting structures, trajectory length,
and S2 calculation method on MD-derived S2. Using the
carbohydrate-binding domain of galectin 3 in the free and
lactose-bound states, they compared predicted order param-
eters with experimental data from NMR spin relaxation.
They conclude that the use of multiple trajectories (ten) of a
length of 125% of global tumbling (10 ns in their case) yields
the best results. In both studies, the improvement obtained
from longer or multiple trajectories was significant only for
a small number of residues that are either very flexible (with
S2 < 0.7) or involved in slow dynamic events. Similar results
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were observed by Fisette et al. [5] in a joint MD-NMR study
of TEM-1 β-lactamase.

With MD trajectories now routinely reaching 100 ns, the
global tumbling of small proteins is becoming an object of
study in simulations. Global tumbling is easily measurable
using solution NMR spectroscopy. Wong and Case [51]
made an extensive study of three water models (SPC/E,
TIP4P-Ew and TIP3P) and four proteins (ubiquitin, binase,
lysozyme, GB3). Extracting the diffusion tensor for these
solutes required simulations of 20 to 100 times longer than
the rotational tumbling. Their study highlights how current
water models make protein diffusion too fast in simulations.
The diffusion constant of the popular TIP3P model is known
to be about twice that of water at room temperature, but
even for SPC/E and TIP4P-Ew models, whose diffusion
constants are nearer experimental values, the rotational
diffusion constants of all studied proteins were too large
when compared to NMR results. In the first published work
involving a μs trajectory, Maragakis et al. [19] also observed
a diffusion constant about twice the experimental value for
ubiquitin using SPC water molecules. Now that even longer
timescales are becoming accessible, theoretical approaches
need to be improved once again, this time with optimized
water models. However, major changes in water models are
likely to require modifications to existing forcefields, since
these potentials are interdependent. Water models and their
limitations were reviewed by Guillot [66].

Finally, simulation stability on the μs timescale has
received attention in recent work by Lange et al. [62].
They used NMR RDC experiments, which are sensitive
to dynamics from ps to ms, and compared them with μs
simulations of ubiquitin and GB3 for a variety of force fields.
Interestingly, they noted that past 25 ns, increasing trajectory
length improves RDC fit only marginally. In some cases,
longer trajectories yield worse synthetic RDCs, suggesting
that the accumulation of force-field imprecision outweights
the increased conformational space sampling and the protein
behavior starts to deviate from its native state. PCA [23]
was used on all MD ensembles to find correlations between
RDC mismatches and structural changes. They showed
that after several hundred ns, high free energy states are
overrepresented and transitions to nonnative states happen
at a higher frequency. They also demonstrated that the use of
particle mesh Ewald (PME) for the treatment of electrostatics
is necessary to obtain an accurate RDC fit. Recently, two new
sets of parameters for the Amber force field were developed
using NMR observables, with the explicit goal of improving
the quality of long-timescale simulations. The first one,
named ff99SB-ILDN, was developed by Lindorff-Larsen et al.
[52] and is limited to reparametrization of χ1 dihedral angles.
They used simulations of small model peptides to identify
the residue types with rotamer populations that differed
most from expectations based on statistical analysis of the
Protein Data Bank (PDB). Full scans of the potential energy
surface (PES) of the χ1 angles of these residues were then
performed. A new torsion term in the Amber force field was
introduced and replaced the previous one, and parameters
for that term were fitted using the QM results. Afterwards,
validation was performed with globular proteins (lysozyme,

BPTI, ubiquitin, and GB3) by comparing calculated 3J
scalar couplings and side-chain RDCs to experimental data
from the literature, showing noticeable improvements over
ff99SB. The second set of parameters is the work of Li
and Brüschweiler [57, 58] and uses NMR chemical shifts
from the BioMagResBank (BMRB) [67] as a reference for
direct force field parametrization. This is a novel approach,
as NMR observables are usually used for validation only,
because systematic exploration of the parameter space is
too expensive when simulating entire proteins. Here, the
authors used an initial trajectory that was reweighted for each
new parameter set using Boltzmann’s relation. Parameter
fitting was done by comparing theoretical and experimental
chemical shifts of C, Cα, and Cβ atoms of each residue and
adjusting the potential of backbone dihedral angles φ and
ψ. Very recently, Li and Brüschweiler [68] extended their
method to use RDC in a similar way, either alone or in
combination with chemical shifts. The resulting parameter
sets perform better for reproducing NMR data and exhibit
lower RMSD between trajectories and X-ray crystallographic
structures.

As the timescales amenable to MD simulations continue
to increase, and ms simulations become possible [36], NMR
will most certainly continue to serve as a powerful exper-
imental reference for force field validation and develop-
ment.

4. Structural Studies

Protein structure determination with NMR data, since its
first uses, has been helped by computational approaches,
such as distance geometry optimization [69]. Simulated
annealing approaches have been used for the calculation of
structures based on NMR constraints (NOEs, paramagnetic
relaxation enhancements (PREs), chemical shifts, coupling
constants, RDCs, etc.) [70]. The approach consists of
incorporating the experimental constraints and weighing
them with a given force field in simulations performed at
high effective temperature (to reduce energy barriers and
allow the structure to relax and minimize its energy and the
violation of experimental constraints). The temperature is
then lowered slowly until a converged structure satisfying
both experiment and physical constraints is obtained. In the
end, a family (group) of low energy conformers (generally
10–40) is used to represent the structure. This approach
and more modern implementations have been available
in programs such as CYANA (DYANA) [71–74], XPLOR-
NIH [75, 76], CNS [77, 78], and ARIA [79, 80]. Recently,
MD has, however, been used in an increasing number
of approaches different from strict NMR-constraints-based
structure calculation, with some examples given below.

Three-dimensional protein structure prediction has long
been one of the ultimate goals of theorists. A very successful
approach has been with the program ROSETTA [81] from
the Baker lab which implements ab initio approaches.
Whereas first implementations were solely based on theory
(not using experimental data), newer implementations use
raw NMR data such as chemical shifts (CS-ROSETTA)
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[82, 83], a combination of backbone chemical shifts and
unassigned NOE data (CS-DP-ROSETTA) [84], or a combi-
nation of backbone chemical shifts, amide proton distances
(from NOE data) and RDC data (CS-RDC-ROSETTA)
[85]. This combination of ab initio approaches with easily
obtained NMR data (mostly excluding the tedious assign-
ment of side-chain resonances) allows rapid and accurate
structure predictions to be made, a good compromise to full
structure determination.

NMR data has also been used in conjunction with
already available structures for helping the docking of ligands
to potential binding sites [86]. The HADDOCK (High
Ambiguity Driven protein-protein DOCKing) approach has
been particularly successful in this [87, 88], first by using
solely chemical shift perturbation data, but later including
RDC data [89], as well as diffusion anisotropy data extracted
from spin relaxation experiments [90] or pseudocontact
shifts [91]. Morelli et al. [92] proposed a combined MD-
NMR approach for the study of protein complexes. Named
restrained soft-docking, the method uses chemical shift
perturbation as a guide for a specific docking algorithm
(BiGGER). Flexibility of amino acid side chains at the
protein-protein interface are taken into account, but global
fluctuations are disallowed, making the method most appro-
priate for small and medium complexes of globular proteins.
Results showed excellent agreement (RMSD) with experi-
mentally elucidated complexes for a selection of complexes:
EIN/HPr, Barnase/Barnstar, Tom20/Presequence, Cyt c/Ccp.
These complexes have interfaces that range from about 1000

to 2200 Å
2
. The HSQC NMR experiment generally used

to determine chemical shift perturbation typically requires
about an hour. Combined with the performance of the
docking algorithm, this makes the technique a powerful tool
for structural genomics projects and the search for protein-
protein complexes that can facilitate the identification of
lead compounds for drug design. Developments of combined
NMR and docking methods were reviewed by Morelli and
Rigby [93].

The description of unfolded proteins is a particularly
challenging area where, again, NMR and MD are very com-
plementary. In this context, NMR observables are used for
the validation of ensembles of conformers which are aimed
at representing the situation of unfolded proteins in solution.
Chemical shifts [94], scalar couplings [95], RDCs [96, 97],
and PRE effects [98, 99] are different NMR observables
which can be effectively used in such approaches. Different
techniques exist such as the flexible-meccano algorithm
by Bernadó et al. [100], in which random conformational
sampling based on amino acid propensity and side-chain
volume is used for the construction of typically 100,000
conformers. Another random sampling approach is that of
Jha et al. [101] using a self-avoiding statistical coil model
based on backbone conformational frequencies found for a
subset of protein structures deposited in the Protein Data
Bank (PDB). The ENSEMBLE approach [102, 103] uses
Monte Carlo approaches and MD simulations in order to
create relatively small ensembles of conformers for which the
populations weights are then optimized using experimental

NMR data interpretation
using MD trajectories

Structure

calculation

Forcefield refinement
using NMR observables

MD NMR

SAXS EM EPR CD MS · · ·

Figure 3: Summary of the relationship between solution NMR
spectroscopy and MD simulations, as presented in this paper, along
with a listing of other complementary experimental techniques.

data. The maximum occurrence approach (termed MaxOcc)
[104, 105] also uses weights (in this case defined as the
maximum fraction of time a conformer can exist such that
experiment data is well reproduced). The originality of this
approach lies in the fact that only one conformer is evaluated
within the ensemble in order to avoid overfitting of the
limited experimental data. Such approaches that model the
distribution of conformers are very useful for the study of
unfolded proteins. In particular, the combination with NMR
is very effective at characterizing the persistence of secondary
structures as well as hydrophobic clusters in unfolded states
[106–109].

5. Conclusions

The variety of applications covered in this paper, the
importance of NMR developments such as RDC, and the
increase of the timescales tractable by MD simulations
indicate that the joint usage of MD and NMR has a bright
future. NMR will be indispensable in the development
and refinement of force fields and water models able to
accurately simulate both global and local protein motions
on the μs-ms timescales. MD is already an integral part of
NMR structure determination, and simulations will become
commonplace as a complement to NMR dynamics from
relaxation or RDC to facilitate data interpretation (see
Figure 3). The overall availability of both experimental and
simulated data in databases such as the BMRB [67] for
NMR and the Dynameomics repository [110, 111] for MD
will facilitate further comparisons and enhance synergy.
Moreover, approaches aimed at helping experimentalists use
further computational approaches (see, for example, the
worldwide e-Infrastructure for NMR and structural biology:
WeNMR—http://www.wenmr.eu/) will also be beneficial.

Obviously, not only NMR and MD can be combined
synergetically. Many other techniques such as small angle X-
ray scattering (SAXS), electron microscopy (EM), electron
paramagnetic relaxation (EPR), circular dichroism (CD),
and mass spectrometry (MS) can be used together (see
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Figure 3) to enhance their total information content as
recently reviewed by Cowieson et al. [112] and exemplified
with the recent study of RANTES/CCL5 oligomers by Wang
et al. [113].
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