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ABSTRACT
Inter-domain communication plays a key role in the function of modular proteins. Earlier studies have demonstrated that the
coupling of domain motions is important in mediating site-to-site communications in modular proteins. In the present study,
bioinformatics and molecular simulations were used to trace “pre-existing” residue-residue interaction networks that mediate
coupled-domain dynamics in multi-domain Escherichia coli methionyl-tRNA synthetase (Ec MetRS). In particular, a comparative
study was carried out to evaluate the effectiveness of coarse-grained normal mode analysis and all-atom molecular dynamic
simulation in predicting pre-existing pathways of inter-domain communications in this enzyme. Integration of dynamic
information of residues with their evolutionary features (conserved and coevolved) demonstrated that multiple residue-residue
interaction networks exist in Ec MetRS that promote dynamic coupling between the anticodon binding domain and the
connective polypeptide I domain, which are > 50Å apart, through correlated motions. Mutation of residues on these pathways
have distinct impact on the dynamics and function of this enzyme. Moreover, the present study revealed that the dynamic
information obtained from the coarse-grained normal mode analysis is comparable to the atomistic molecular dynamics
simulations in predicting the interaction networks that are essential for promoting coupled-domain dynamics in Ec MetRS.
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INTRODUCTION
Studies on modular enzymes have suggested that coupling of dynamics between domains is critical for coordinating biological
events occurring at distant sites.1-7 There are two well-known models8-9 for long-range allosteric communications - the “inducedfit” model (substrate-induced conformational change propagated through a single residue-residue interaction pathway) and the
“population-shift” model (a perturbation at a distant site that alters the conformational equilibrium through “pre-existing”
multiple pathways of residue-residue interactions).8,9 Additionally, an updated model suggested that “pre-existing” multiple
pathways of long-range site-to-site communications are present in the protein even in the absence of allosteric effectors.8 After 50
years of debate, there is now growing consensus of opinion that conformational selection followed by conformational adjustment
(“population-shift”) is the mechanism of ligand binding and allostery. 7, 10-13Also, theoretical and experimental studies have shown
that the site-to-site communication is propagated by networks of coupled residues and regulated by enthalpic (conformational)
and/or entropic (dynamic) changes.14-17
For single domain polypeptides, Ranganathan and coworkers have shown that one or more contiguous networks of residues that
are evolutionarily conserved or coevolved facilitate communications between distant functional sites.18-20 However, for multidomain proteins, the molecular-level picture of the inter-domain communication becomes quite complex as each domain
functions more like an independent entity in terms of backbone flexibility and structural stability. As earlier studies have
demonstrated that coupling of domain dynamics is prerequisite in coordinating biological events occurring at distant sites, interdomain communication pathways in modular proteins could be identified by tracing the evolutionarily constrained residues that
could mediate coupled domain dynamics.
Molecular dynamic (MD) simulations and normal mode analysis (NMA) have emerged as two important tools for studying
protein dynamics. Although MD simulations provide invaluable insight into the atomic-level details of protein dynamics, they are
computationally expensive to sample atomic motions that are relevant for biological functions (microsecond to millisecond timescale motions). The alternative approach to determine proteins’ slow dynamics is NMA21. NMA could be used to sample widerange of protein dynamics, including low-frequency collective motions, as well as high frequency local fluctuations. Interestingly,
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Skjaerven et al. have shown that long-time-scale (200 ns) all-atom MD simulations, all-atom NMA, and coarse-grained NMA
produce comparable results in depicting protein dynamics.22 These observations suggest that the computationally inexpensive
NMA method could be used to probe the site-to-site communication pathways in large modular proteins.
In this study, an attempt has been made to employ atomistic and coarse-grained simulation methods to trace the pre-existing
pathways of residue interaction networks that could facilitate coupled-domain dynamics in the Escherichia coli methionyl-tRNA
synthetase (Ec MetRS), a member of AARS family. Ec MetRS catalyzes covalent attachment of methionine to the tRNA Met. The
accurate synthesis of methionyl-tRNAMet requires coordination of several events occurring in distant domains (Figure 1) of the
Ec MetRS.23,24 Presence of inter-domain communication in Ec MetRS is evident from various experimental studies. For example,
the methionylation of tRNAMet at the catalytic site is triggered by tRNA binding at the anticodon domain, which is located ~ 50 Å
away from the aminoacylation site. A 106-fold decrease in aminoacylation activity (kcat/KM) was observed for tRNAs with
truncated anticodon sequence, but identical acceptor stem sequence.25-27 Moreover, mutations of tRNA anticodon nucleotides or
the highly conserved C-terminal residues of MetRS (namely, W461, N452, and R395, which are essential for the anticodon base
recognition) have significant (~105-fold) impact on the efficiency of tRNA aminoacylation.28-31 Although, separate values of these
kinetic parameters were not deciphered, the existence of an inter-domain communication, stretching from the anticodon binding
domain to the CP domain (Figure 1), is believed to be crucial in shaping a functional Ec MetRS molecule.

M134
F140

N452
R395

W461

Figure 1. Cartoon representation of the 3-dimensional structure of the monomeric form of Ec MetRS (residues 3-548, PDB entry: 1QQT). The
structural domains are colored as follows: red, Rossmann-fold (residues 1-96, 252-323); green, connective polypeptide (CP) domain (residues 97-251); cyan,
KMSKS domain (residues 324-384 and 536-547) and blue, the C-terminal D-helix bundle domain (residues 385-535). The three residues, W461, N452, and
R395, in the C-terminal domain and M134 and F140 of the CP domain are shown in yellow beads.

The long-range communication between the anticodon domain and the catalytic domain in Ec MetRS has been previously studied
by atomistic MD simulations in the presence of tRNA.32,33 Ghosh et al. have observed that the predicted communication
pathways do not involve any residues of the tRNA. This poses an important question î if long-range inter-domain
communications propagate through only protein, then the protein sequence, its structure/folding, and the intrinsic dynamics
(arising out of the folding) have all necessary information that can promote such communications. In fact, this is evident from our
combined bioinformatics and molecular simulation studies on Thermus thermophilus leucyl-tRNA synthetase (Tt LeuRS) and Ec
prolyl-tRNA synthetase (ProRS), where we observed that the thermally coupled and evolutionarily constrained (coevolved and
conserved) residues facilitate coupled-domain dynamics.34,35 Therefore, in the present work we have employed the recently
developed bioinformatics-based Statistical Thermal Coupling Analysis (STCA) method35 to explore the molecular mechanism of
inter-domain communications in Ec MetRS. In addition, we aimed to explore if the dynamical features obtained from the coarsegrained simulations and all-atom molecular dynamics simulations could produce comparable results. Finally, to validate the STCA
results, selected residues on the predicted pathways were mutated and the impact of mutations of pathways residues on the
collective dynamics of a distant domain were also probed using atomistic simulations.
METHODS AND PROCEDURES
Based on reported experimental data, W461 (C-terminal domain) and M134/F140 (CP domain) were selected as the two termini
between which the interaction networks were mapped.31 Especially, the M134 region of the CP domain and W461of the C-
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terminal are known to be important for aminoacylation.24 Visualizations and mutations were performed using VMD software36.
Statistical coupling analysis (SCA) was carried out using a MATLAB script obtained from Ranganathan lab. Normal mode analysis
(NMA) was carried using the coarse-grained Anisotropic Network Model (ANM)21,37,38 using the bioinformatics server
http://ignmtest.ccbb.pitt.edu/cgi-bin/anm/anm1.cgi. MD simulations were carried out using NAMD39 and the all-atom
CHARMM2240 force field. Principal component analysis was carried out using CARMA.41 The NMA and SCA plots and all data
processing were carried out using MATLAB R2006b (The MathWorks Inc., Natick, MA).
Statistical Thermal Coupling Analysis
STCA was carried out in four discrete steps as described by Johnsons et al.35 First, SCA18,19 was performed to identify conserved
and coevolved residues in the MetRS family. Next, the collective motions of various domains were studied by performing coarsegrained NMA,21,37,38,42,43 as well as all-atom MD simulations. In the third step, the evolutionary dependence of the coupleddomain dynamics was explored by integrating the results of SCA and NMA/MD, which resulted in a subset of residues that are
simultaneously coupled through evolution and thermal motion. In the final step, networks of interacting residues between the two
distant sites were identified from the pool of dynamically and evolutionarily coupled residues using Dijkstra’s algorithm.44
Statistical Coupling Analysis
SCA is based upon the assumption that the “coupling of two sites in a protein, whether for structural or functional reasons should
cause those two sites to coevolve”.18,19 SCA was carried out using the protocol described elsewhere.18,20 Briefly, this method uses a
multiple sequence alignment (MSA) of a protein family as an input file and quantifies the extent of residue conservation, as

well as coevolution between two residues by calculating the change in the amino acid distribution at one position with
respect to a perturbation at another position. In the present work, the MSA of 478 protein sequences of the MetRS family
was constructed using PSI-BLAST.45 Only MetRS sequences that bear significant sequence identity (> 75 %) with Ec
MetRS were included in this study. The conservation constant '  and the coupling constant ''  were obtained
using standard procedures described previously.34,35

Normal mode analysis
Low-frequency (large-amplitude) motions are important for the biological function of a protein. NMA has been shown to be
reliable in describing the large-scale conformation changes in biomolecules. 27,46-48 In the present study, coarse-grained NMA was
used in which a protein is simplified to a string of beads49 and each bead represents a CD atom.21,37,38 The NMA was performed
using the Anisotropic Network Model (ANM), where fluctuations are anisotropic and the overall potential energy of the protein
system is expressed as the sum of harmonic potentials between the interacting C D atoms.49
ଶ

ఊ

ܸேெ ൌ ቂσǡஷ ߁ ൫ݎ െ ݎι ൯ ቃ
ଶ

Equation 1.

In eq. 1, J represents the uniform spring constant, q and are the equilibrium and instantaneous distance between residues 
and , respectively, and *is the -th element of the binary connection matrix of inter-residue (CD – CD) contacts. Based on an
interaction cutoff distance of  ǡ*is equal to 1 if q൏ and zero otherwise.37 Previous studies by Eyal et al. demonstrated that
the 18 Å interaction cutoff resulted in a better correlation between experimental and calculated fluctuations.38 Therefore, a 18 Å
cutoff has been used in the present study. The substrate-unbound enzyme; the crystal structure of monomeric Ec MetRS (residues
3-549, PDB entry: 1QQT) was used.
The correlated or anti-correlated motions between CD atoms were analyzed by computing the dynamic cross-correlation
matrix C, where the -th element  represents the cross-correlation coefficient between fluctuations of residues at sites  and :
ܥ ൌ

ۃο ήοೕۄ
ටۃοమۄήۃοೕమ ۄ

Equation 2.

The atomic (CD) displacements of residues i and j are represented by ' and 'ǡ respectively, and the angular brackets represent
an ensemble average calculated over structures for combined normal modes.
Molecular Dynamics Simulation
MD simulations of Ec MetRS were performed using the X-ray crystal structure of Ec MetRS (PDB entry: 1QQT). All mutants
were generated with the ‘Mutate Residue’ plug-in (version 1.3) of Visual Molecular Dynamics (VMD) version 1.9.1.36 Simulations
were performed in water (TIP3P model)50 with substrate-free enzymes using the all-atom CHARMM27 force field40 within the
NAMD package.39 Nonbonded interactions were truncated using a switching function between 10 and 12 Å, and the dielectric
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constant was set to unity. The SHAKE algorithm51 was used to constrain bond lengths and bond angles of water molecules and
bonds involving a hydrogen atom. The MD simulations were performed using isothermalîisobaric (NPT) conditions. Periodic
boundary conditions and particle mesh Ewald methods52 were used to account for the long-range electrostatic interactions. In all
MD simulations, a time step of 2 fs was used. The pressure of the system was controlled by the implementation of the Berendsen
pressure bath coupling53 as the temperature of the system was slowly increased from 100 to 300 K. During the simulations at 300
K, the pressure was kept constant by applying the Langevin piston method.54,55 The WT and mutant proteins were solvated with
water in a periodic rectangular box with water padding of 12 Å between the walls of the box and the nearest protein atom. The
charge neutralization (with sodium ions) of the solvated system was performed with the VMD autoionize extension.36 The
resultant systems were equilibrated by slightly modifying previously described procedures.56,57 All simulations were carried out
with a 20 ps equilibration to minimize the amino acid side chain interactions followed by a 30 ns production MD run. The details
of the MD simulation protocol were as described previously.58 To evaluate the statistical significance of the MD simulation
analysis, three replicates were generated for each protein system, as described in the protein simulation studies by Roy and
Laughton.59
The correlated motions between residue pairs were studied by principal component analysis (PCA) of collective motions60 as
described earlier.35,58,61 Following the method described in Johnson et al.,35 the last 25 ns of the MD simulation data were used to
generate principal components of atomic (backbone C D atoms) fluctuations by Carma.41 The first three principal components,
which represent the low-frequency (high-amplitude) collective motions, were used to perform cluster analysis. This analysis
produced a new trajectory of conformations representing the predominant conformational fluctuations and were used for
generating dynamic cross-correlation matrix C. The ij-th element, ܥ in matrix C represents the cross-correlation coefficient
between residue fluctuations at sites i and j during the simulation:
ܥ ൌ

ۃሺ௫ ିۃ௫ ۄሻ൫௫ೕ ିۃ௫ೕ ۄ൯ۄ
ఙೣ ఙೣ


Equation 3.

ೕ

The atomic (CD) displacements of residues i and j are represented by ݔ and ݔ , respectively; the angular brackets represent
ensemble averages, and ߪ௫ and ߪ௫ೕ represent the standard deviations of these displacements.
Integration of Evolutionary and Dynamic Information
To trace the residue-residue interaction networks that play key role in facilitating coupled-dynamics between domains, we
constructed a subset of residues that are both, evolutionarily and dynamically coupled.35 The motional coupling information,
obtained from NMA, was integrated with the evolutionary conservation and coevolution dataset from the SCA. The conserved
and coevolved residues were treated separately. The conserved and dynamically coupled residues were obtained by selecting only
those residues that exhibit significant conservation ('   0.5) as well as motional coupling (ܥ  0.8) with each other. The
value of ܥ was set to  0.8 in order to obtain statistically relevant size of the evolutionarily conserved residues. The coevolved
and dynamically coupled residues were obtained from the truncated C matrix, which was created by including only those columns
that are present in the normalized SCA-derived G matrix. Next, a new matrix, the coevolutionary dynamic coupling (CDC)
matrix, was created by multiplying each ij-th element of the G matrix with the corresponding element of the truncated C matrix:
ܥܦܥ ൌ ''ܩ௦௧௧ ൈ  ܥ

Equation 4.

Identification of interaction networks using dijkstra’s algorithm
From the shortlisted residues, residue-residue interaction networks between W461 (C-terminal domain) and M134/F140 (CP
domain) of Ec MetRS were identified using Dijkstra’s algorithm as described earlier.35,44 In this method, each CD atom of the
protein backbone represents a node. The connectivity between two adjacent nodes [inter-residue (CD – CD) contacts] is described
by a binary connection matrix P.35 The CD – CD distance matrix, D was created from the PDB file containing the Cartesian
coordinates of all CD atoms of the Ec MetRS (PDB entry: 1QQT). Based on a CD – CD cutoff distance ܦι , ܲ is equal to 1 if ܦ <
ܦι and zero otherwise.35,44 The interaction networks (pathways) between two functional sites were identified by varying the
distance parameter, ܦ and the statistical parameter, ' .
Root-mean-square fluctuations
To determine if the motion of CP domain had undergone significant change upon mutation along the interaction networks, the
slow dynamics of the CP domain due to a specific mutation was studied by performing PCA for the WT and mutant proteins.
Root-Mean-Square fluctuations (RMSF) of Cơ atoms, averaged over three replicate simulations, were obtained for the WT and
mutants. In these calculations, the last 25 ns of MD simulation data were used, each comprising an ensemble of 250,000
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conformations.35 Similar to our previous work, an ensemble of 750,000 conformations, obtained by combining three replicate
trajectories, was used to perform PCA for each of these protein systems. The first three clusters, which represent the predominant
conformational fluctuations, were used in this study.
RESULTS
Conserved and coevolved residues
To identify the conserved residues, the ' value of each residue of the Ec MetRS sequence was calculated using SCA. ' ,
a quantitative measure of the conservation of a residue at the ith position of the sequence was obtained as a one-dimensional
vector normalized to 1 kT* (Figure 2).

Residue Number
Figure 2. A normalized plot of '  vs. position (residue number) to identify conserved residues from SCA. The extent of evolutionary
conservation, ' , of a residue at the ith position of the Ec MetRS sequence was determined by using the following equation:

'Gistat

kT *

¦[ln( Pix

x
PMSA
)]2

x
௫
where kT* is an arbitrary energy unit, ܲ௫ is the binomial probability of observing amino acid x at site ݅, ܲெௌ
is the probability of observing
amino acid x in the overall MSA, and the summation is over all 20 amino acids.

Figure 3. Statistical coupling analysis of the MetRS family. The normalized statistical coupling matrix with one dimensional hierarchical clustering along the
perturbation axis is shown. The highly coevolved residues are clustered at the bottom right of the diagram. The color gradient, as indicated in the color bar, is as
follows: blue squares represent the lowest (0 kT*) and red squares represent the highest (1 kT*) statistical coupling energies.

In addition, the evolutionary coupling indices ('' ) of a total 544 residues for 116 perturbation sites were obtained from a
544×116 coupling matrix (Figure 3). It is evident that only a small fraction of Ec MetRS residues have high '' t values and
those highly coupled residues were found to be located farther apart from each other in the three-dimensional structure of Ec
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MetRS (Figure 4). To explore the role of these conserved and coevolved residues in the long-range interactions, the dynamics of
the protein segments and their motional coupling was examined.

Distance (Å)
''Gistat

Figure 4. The statistical coupling,
for all residues plotted against their contact (CD - CD) distances. The extent of statistical coupling
between two sites, i and j, of the MetRS protein sequence was estimated from a perturbation analysis, where a sub-alignment of the MSA was
created using ~ 63% of the total number of sequences and the change in the extent of conservation was calculated. Mathematically, this is
represented as a normalized statistical coupling matrix G, in which each ij-th element, ''Gi,jstat, measures the perturbation in the conservation
of residue i due to residue j. ''G,jistat refers to the evolutionary (statistical) coupling between residues at two functional sites, i and j and is
expressed as:
''Gistat
,j
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where ܲȁఋ
is the probability of x at site i being dependent on a perturbation at site j. A large statistical coupling value, ''
ೕ
strong energetic coupling between residues at the two sites i and j 1; 2

,

indicates

Normal mode analysis and flexible protein segments
The dynamic correlation between residues of the Ec MetRS was extracted from the NMA using a combination of the first 10
lowest-frequency normal modes (modes 1-10), which are usually biologically more relevant. The identical flexible regions in the
protein structure are evident from the plot of computed and the experimental (crystallographic)23 B-factors of CD atoms (Figure
5). The study also revealed that the CP domain, especially residues 100-200, is the most mobile. Residues 56-71 in the Rossmannfold and 454-476 of the anticodon binding domain also exhibit significant mobility, which is consistent to the atomistic simulation
study reported earlier.32,33

Figure 5. CD B-factor analysis of Ec MetRS. Comparison of the CD B-factor obtained from the crystal structure (gray,
dotted line) (PDB entry: 1QQT) and the calculated one (black, solid line) using ANM.
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Figure 6. Correlations in fluctuations between residues (above diagonal) and their contact (CD – CD) distances (below diagonal). Dynamic cross-correlations
between the CD atoms of the Ec MetRS (PDB entry: 1QQT) have been calculated based on the lowest 10 normal modes. A value of +1.0 was set for strongly
correlated motion and is colored red, whereas -1.0 was used for the strongly anticorrelated motion and is colored blue. The axis values correspond to residue
number and the color scale for contact distances is set between 0 – 100 Å; blue for residues in close contact and red for residues located farther away.

Analysis of the dynamic cross-correlation matrix (DCCM) obtained from the combined modes (1-10) revealed that various
structural elements within the catalytic domain are engaged in correlated motions (Figure 6). The Rossmann-fold domain
(residues 1-96 and 245-323) is engaged in strong correlated motion with the KMSKS domain (residues 324-384 and 536-547,
Figure 6, black rectangles). In contrast, the CP domain (residues 125-200) moves in an anticorrelated pattern with respect to the
Rossmann-fold (residues 1-96 and 252-323) and the KMSKS (residues 324–384) domains (Figure 6, red rectangles). The
observed anti-correlated motion between the CP domain and the main body is significant as this anti-correlated motion provide
an adequate space for the 3'-end of tRNA to enter into the synthetic active site for aminoacylation. Similar observations have been
made in other class I aminoacyl-tRNA synthetases.34,62-64 Furthermore, the anticodon binding domain (residues 385-535) and the
catalytic site (residues 1-96) exhibit anticorrelated motion (Figure 6, red ovals). The CP and the C-terminal domains (separated by
a distance > 70 Å, Fig. 4, blue oval) are engaged in partly anticorrelated motion (Figure 6, black ovals). These observations are
quite consistent with the earlier reported long time-scale (10 ns) MD simulation results,32,33 as well as the present MD simulation
study (vide infra). Therefore, it is evident that the approximations in the coarse-grained NMA are capable of reproducing the same

Figure 7. RMSD of the Cơ atoms from their initial coordinate as a function of time for WT and the five mutants of Ec MetRS.
Calculations of RMSDs were performed using 30-ns MD simulation data.
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low-frequency dynamics of a large protein like Ec MetRS as obtained from the use of all-atom MD simulation.
MD simulations
30 ns MD simulation was carried out for the Ec MetRS to generate the dynamic cross-correlation matrix C. The quality of the
simulation was first tested by computing the root-mean-square-deviation (RMSD) of the Cơ atoms from their initial coordinates.
The RMSD obtained from the 30 ns MD simulation trajectory is shown in Figure 7 The CD RMSD values were observed to
fluctuate with a mean value of 1.0-1.5 Å during the production period (30 ns) simulations. The dynamic cross-correlation matrix
C of the WT enzyme (Figure 8) was generated using the first three principal components. Analysis of the cross-correlation of
fluctuations of residues revealed both inter- and intra-domain dynamic correlations, which are very similar to those obtained from
NMA.

b)

c)

Residue numbers

Residue numbers

a)

Residue numbers

Residue numbers

Figure 8. Dynamic cross-correlation between the CD atoms of Ec MetRS as obtained from the a) combined first 10 low-frequency modes of
NMA; b) 30 ns MD simulation; c) A color scale; a value of +1.0 represents a strongly correlated motion whereas -1.0 represents a strongly
anticorrelated motion.

Generating residue pools that exhibit statistical and thermal coupling
Results of thermal fluctuations were combined with those of the evolutionary constraints (conservation and coevolution) of
residues. Conserved and coevolved residues were treated differently. In order to obtain a reliable set of residues that were
dynamically coupled as well as highly conserved in the MetRS family, a controlled experiment was carried out by varying ' 
cutoff values and monitoring their distributions in various domains. For a specific '  cutoff value, the number of conserved
residues varies in each domain of Ec MetRS (Table 1). The study revealed that only ~ 15% of C-terminal residues are moderately
conserved ('   0.5) and exhibit strong motional coupling. In contrast, the Rossmann-fold domain, which is the catalytic
domain, contains higher number of conserved residues (~ 40%) that are also dynamically correlated (Table 1). In the present
study, subsets of conserved and dynamically correlated residues were generated by using a high dynamic coupling constant (ܥ 
0.8) and varying the conservation cutoff (' ) between 0.50-0.65 (Table 1). The cutoffs of these parameters were selected in
order to obtain a reasonable size of residue pool consisting of statistically and thermally coupled residues
Domain
Rossmann-fold (residues 1-96 and 252-323)

t 0.5
72

Connective polypeptide (residues 97-251)

66

t 0.55
56
57

'Gistat
t 0.60
44

t 0.65
32

49

36

KMSKS (residues 324-384 and 536-547)

26

24

19

9

C-terminal (residues 385-535)

29

22

16

12

Total

193

159

128

89

Table 1. Number of conserved residues in different domains of Ec MetRS obtained using various cutoff values for '
(ܥ ) was set to greater than or equal to 0.8.
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Figure 9. The SCA•NMA plot obtained from the CDC matrix by multiplying individual elements of the SCA matrix with the corresponding elements of the
truncated NMA matrix. Values range from +0.67 (coevolved and thermally correlated) to î0.47 (coevolved and thermally anticorrelated).

The coevolving and dynamically correlated residues were extracted from the coevolutionary dynamic coupling matrix CDC (eq.
4), where  values range between –0.48 to 0.69 for NMA (Figure 9) and -0.74 to 0.70 for MD simulation (data not shown).
In order to obtain a statistically significant set of residues, a systematic study was conducted using variable  cutoffs. This
study resulted in subsets of residues with various degrees of statistical-thermal coupling and their distributions in different
domains are reported in Table 2. In the present study, we have chosen the  cutoff value of 0.4, which resulted in a pool of
76 residues.

t 0.3
25%

'Gistat
t 0.35
19%

23%

Domain
Rossmann-fold (residues 1-96 and 252-323)(168 Total)
Connective polypeptide
(residues 97-251) (155 Total)
KMSKS
(residues 324-384 and 536-547) (73 Total)
C-terminal
(residues 385-535) (151 Total)
Total

t 0.40
15%

t 0.45
11%

20%

15%

12%

33%

29%

20%

9%

28%

20%

10%

5%

14%

9%

27%

21%

Table 2. Percentage of coevolved residues within different domains of Ec MMetRS obtained
using various cutoff values for ܥܦܥ (eq. 4).

Interaction networks across domains
To map interaction networks between C-terminal domain (W461) and CP domain (M134/F140), Dijkstra’s algorithm44 was `van
der Waal’s radius of an amino acid CD is ~ 3 Å and the acceptable distance of non-covalent interaction between two interacting
atoms is 2.0î3.0 Å, a strong non-covalent interaction occurs between two CD atoms of a folded protein when they are within a
distance of 8.0-9.0 Å. Therefore, the distance cutoff, q was varied between 8.0-9.0 Å to include only those neighboring CD
atoms that are engaged in strong non-covalent interactions and therefore could propagate site-to-site communications between
distant domains.35
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Residue Network (MD)

Residue Network (NMA)

:ĺ3ĺ&ĺG480 ĺ)ĺ
/ĺ/ĺ3ĺ5ĺ9ĺF47ĺC49
ĺ$ĺ'ĺ+ĺ)ĺ3ĺ0

:ĺ3ĺ&ĺG480ĺ)ĺ/
ĺ/ĺ3ĺ5ĺ9ĺF47ĺ&ĺ
$ĺ'ĺ+ĺ)ĺ3ĺ0

:ĺ3ĺ&ĺG480ĺ)ĺ
/ĺ/ĺ3ĺ9ĺF47ĺC49
ĺ$ĺ'ĺ+ĺY237ĺ3ĺ0

:ĺ3ĺ&ĺG480ĺ)ĺ/
ĺ/ĺ3ĺR36ĺ9ĺF47ĺ&ĺ
$ĺ'ĺ+ĺF238ĺ3ĺ0

:ĺ3ĺ5ĺ1ĺ9ĺ9
ĺ<ĺY359ĺL26ĺ+ĺ3ĺ'
ĺ+ĺ<ĺ0

:ĺ3ĺ5ĺ1ĺ9ĺ9
ĺ<ĺY359ĺL26ĺ+ĺ3ĺ'
ĺ+ĺ<ĺ0

:ĺ3ĺV455ĺNĺ.ĺ'ĺ
<ĺ5ĺ<ĺY359ĺ,ĺH28ĺC11
ĺ&ĺ'ĺA53ĺ+ĺ)ĺ3ĺ
M134

:ĺ3ĺ&ĺ*ĺA451ĺ'ĺ
A446 ĺ5ĺA361ĺY359ĺ,ĺI89ĺY91
ĺY94ĺ'ĺA53ĺ+ĺ)ĺ3ĺ
M134

:ĺ3ĺV455ĺN452ĺ.ĺ'ĺ
<ĺR380ĺ<ĺ<ĺ)ĺ)ĺ+
ĺ'ĺ$ĺ+ĺ<ĺ3ĺ0

:ĺ3ĺ&ĺ5ĺ1ĺ.
ĺ'ĺ<ĺR380ĺ<ĺY359ĺL26ĺ
H24 ĺ3ĺ' ĺ+ĺ<ĺ3ĺ0

:ĺ3ĺV455ĺN452ĺ.ĺ'
ĺ<ĺR380ĺ<ĺY359ĺL26ĺ+
ĺ3ĺ'ĺ+ĺ<ĺ0

:ĺ3ĺ 5ĺ1ĺ.ĺ'ĺ
Y357ĺR380ĺ<ĺY359ĺL26ĺ+ĺ3
ĺ'ĺ+ĺ<ĺ0

Table 3. Probable pathways of communication between W461 and M134 in the Ec MetRS. Residues in bold are coevolved and the rest are evolutionarily
conserved. The residues that are different between MD and NMA predicted pathways are underlined. Values of the two parameters, ܥ and ܥܦܥ , are set to
greater than or equal to 0.8 and 0.4, respectively.

Pathways

Parameters

I

Gistat 

Dij c
II

Gistat 

Dij c
III

Gistat 

Dij c
IV

Gistat 

Dij c
V

Gistat 

Dij c
VI

Gistat 

Dij c

Residue Network (MD)

Residue Network (NMA)

:ĺ3ĺ&ĺG480ĺ)ĺ/
ĺ/ĺ3ĺ'ĺA31ĺ7ĺ<
ĺ$ĺ9ĺ<ĺ5ĺ'ĺ
)ĺ/ĺ)

:ĺ3ĺ&ĺG480ĺ)ĺ/
ĺ/ĺ3ĺ5ĺ9ĺ9ĺ7ĺ<
ĺ$ĺ9ĺ<ĺ5ĺ'ĺ)
ĺ/ĺ)

:ĺ3ĺ&ĺG480ĺ)ĺ/
ĺ/ĺ3ĺ9ĺ9ĺ7ĺ<
ĺ$ĺ<ĺ5ĺ'ĺ)ĺ
/ĺ)

:ĺ3ĺ&ĺG480ĺ)ĺ/
ĺ/ĺ3ĺR36ĺ9ĺ9ĺ7ĺ<
ĺ$ĺV252ĺ<ĺ5ĺ'ĺ)
ĺ/ĺ)

:ĺ3ĺ5ĺ1ĺ9ĺ
9ĺ<ĺY359ĺL26ĺ+ĺ3ĺ
'ĺ*ĺ7ĺ3ĺ)

:ĺ3ĺ5ĺ1ĺ9ĺ9ĺ
<ĺY359ĺL26ĺ+ĺ3ĺ'ĺ+ĺ
<ĺ0ĺ/ĺ)

:ĺ3ĺV455 ĺNĺ.ĺ
'ĺ<ĺ5ĺ<ĺY359ĺ4ĺ
A31 ĺ7ĺ<ĺ$ĺ9ĺ<ĺ
5ĺ'ĺ)ĺ/ĺ)

:ĺ3ĺ&ĺ*ĺA451ĺ'ĺ
$ĺ5ĺ$ĺ<ĺ,ĺI89ĺ<
ĺC49ĺ*ĺ'ĺ<ĺ5ĺ'ĺ
)ĺ/ĺ)

:ĺ3ĺV455 ĺNĺ.ĺ
'ĺ<ĺR380ĺ<ĺY359ĺ4ĺ
$ĺ7ĺ<ĺ$ĺ<ĺ5ĺ
'ĺ)ĺ/ĺ)

:ĺ3ĺ&ĺ5ĺ1ĺ
.ĺ'ĺ <ĺR380ĺ<ĺY359ĺ
L26ĺ+ĺ3ĺ'ĺ+ĺ<ĺ3
ĺ0 ĺ/ĺ)

:ĺ3ĺV455ĺN452ĺ.ĺ'
ĺ <ĺR380ĺ<ĺY359ĺL26ĺ
+ĺ3ĺ'ĺ+ĺ<ĺ0ĺ
/ĺ)

:ĺ3ĺ5ĺ1ĺ.ĺ'ĺ
<ĺR380ĺ<ĺY359ĺL26ĺ+ĺ3
ĺ'ĺ+ĺ<ĺ0ĺ/ĺ)

Table 4. Probable pathways of communication between W461 and F140 in the Ec MetRS. Residues in bold are coevolved and the rest are evolutionarily
conserved. The residues that are different between MD and NMA predicted pathways are underlined. Values of the two parameters, ܥ and ܥܦܥ , are set to
greater than or equal to 0.8 and 0.4, respectively.

Several interaction networks were identified between W461 and M134/F140 by using various cutoff values for '  and q.
Six contiguous interaction networks between C-terminal domain and CP domain are listed in Tables 3 and 4. These pathways
(residue interaction networks) between W461 to M134/140 either pass through the D-helix bundle (residues 385 to 535; pathways
I and II) or the helix-loop-strand-helix motif (residues 352 to 385; pathways III - VI) (Figure 10). Very similar results were almost
identical (Figure 10 and Tables 3 and 4). Moreover, analysis of SCA results revealed that conserved residues are dominant over
coevolved residues in these predicted pathways (Table 3 and 4).
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M134

F140

F140

W461

L13

W461

W461

Figure 10. Representation of residue-residue interaction networks between the anticodon binding domain (W461) and the CP domain identified in
this study. The two terminuses, W461 and M134/F140, are shown in yellow space-filling surface representation. The secondary structure is shown in
cartoon representation. From left to right, contiguous pathways as predicted by a) NMA-SCA (12 pathways, Tables 3 and 4), b) MD-SCA (12
pathways, Tables 3 and 4) and C) MD-PSN (4 pathways, reference (33)) are shown in space-filling surface representations.

Essential dynamics analysis and role of pathway residues
Recent studies have shown that the principal components obtained from long duration simulations (200ns) provide very similar
description of the conformational change as that obtained from short duration simulations (10 ns).22 In this study, we have
performed 30 ns simulations for the WT and various mutants to see the impact of mutation of pathway residues on the distant
domain dynamics. Essential dynamics analysis of the WT protein was carried out using last 25 ns of 30 ns MD simulation data.
The RMSF analysis reveals a flexible CP domain (residues 97-251, Fig. 11), similar to what was observed in coarse-grained (NMA)
analysis (Figure 4). The CP domain, which is adjacent to the catalytic domain, is known to undergo conformational change upon

a)

b)
P14

A361

Y358

Fluctuation (Å)

M134

3
WT
A361C

2

M134A
P14A
Y358F

1

W461F

0
W461

0

100

200

300

400

500

600

Residue Number
Figure 11. a) The 3D structure of Ec MetRS depicting the 5 sites of mutation, shown in color-coded beads, used for essential dynamics analysis. b) The
replica-averaged root-mean-square fluctuations (RMSF) of individual amino acids of WT MetRS and the five variants. The RMSF of C ơ atoms calculated from
the time-averaged structures over the last 25 ns of MD trajectories are shown. The calculated propagated uncertainties are 0.034 Å for WT, 0.049 Å for P14A,
0.046 Å for M134A, 0.037 Å for Y358F, 0.046 Å for A361C, and 0.055 Å for W461F.

tRNA binding at the anticodon domain and plays an important role in tRNA aminoacylation by guiding the acceptor stem
towards the active site.24,33 Therefore, we hypothesized that a mutation of residues in the predicted pathways would cause a
change in the CP domain dynamics. In the subsequent analysis, therefore, we investigated the dynamics of the CP domain
(residues 97-251, shown in green in Figure 1 in response to mutations of a few selected residues in the predicted paths using
MD-PCA analysis.
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MD simulations were performed in triplicate for the WT and 5 mutants, namely, P14A, M134A, Y358F, A361C, and W461F for a
period of 30 ns. These mutational sites are evenly distributed along the communication pathways (Figure 11a). The four mutants
- P14A, M134A, Y358F, and W461F, were experimentally found to have significant impact in MetRS function 24,65 (personal
communication with Dr. R. W. Alexander). In addition, A361, which is only present in the NMA-derived pathway (Pathway 3)
and was experimentally observed to have slight impact on the catalysis, was also chosen for this study.66 The stability of the
dynamics was first evaluated by computing the RMSD of Cơ atoms along the simulated time (Figure 7). A sharp change of
RMSD was observed in the initial 500-700 ps. Essential dynamics analysis were conducted on the 5-30 ns data, where the RMSDs
were within 1.0 Å. The last 25 ns of MD simulation data were used to assess the quality of simulations by computing the RMSF of
each amino acid from the time-averaged structure. The RMSF for each replica, as well as the replica-averaged fluctuations of the
WT and the five MetRS variants, are reported in Figure 12 and Figure 11b, respectively. The RMSF data demonstrates that the
backbone flexibilities are quite reproducible for each of these protein systems, with only a propagated uncertainty of 0.03î0.06 Å
for the three replica simulations (Figure 11b). These results indicate that all simulations have reached equilibrated states.
WT

P14A
2.5

2
1.5
Rep 1

1

Rep 2
Rep 3
Average

0.5

Fluctuation (Å)

Fluctuation (Å)

2.5

0

2
1.5
Rep 1

1

Rep 2
Rep 3
Average

0.5
0

0

100

200

300

400

500

600

0

100

200

Residue Number

300

400

500

600

Residue Number

M134A

Y358F

2.5

2.5

Rep 1
Rep 2
1

Rep 3
Average

0.5

Fluctuation (Å)

Fluctuation (Å)

2

1.5

2
1.5
Rep 1

1

Rep 2
Rep 3
Average

0.5
0

0
0

100

200

300

400

500

0

600

100

200

300

A361C

500

600

W461F

2.5

2.5

2
1.5
Rep 1

1

Rep 2
Rep 3
Average

0.5
0
0

100

200

300

400

Residue Number

500

600

Fluctuation (Å)

Fluctuation (Å)

400

Residue Number

Residue Number

2
1.5
Rep 1

1

Rep 2
Rep 3
Average

0.5
0
0

100

200

300

400

500

600

Residue Number

Figure 12. Root-mean-square fluctuations of individual amino acids for WT MetRS and five variants. In each stacked plot, the rms fluctuations of C ơ atoms
calculated from the time-averaged structures over the last 25 ns of MD trajectories are shown. Fluctuations for the three replicas are separated by 0.5 Å and
color-coded for the sake of clarity: blue for replica 1, red for replica 2, and green for replica 3. In each case, the bottom plot (purple) represents the replicaaveraged rms fluctuations. The calculated propagated uncertainties are 0.034 Å for WT, 0.049 Å for P14A, 0.046 Å for M134A, 0.037 Å for Y358F, 0.046 Å
for A361C, and 0.055 Å for W461F.

Volume 14 | Issue 2 | June 2017

38

American Journal of Undergraduate Research

ZZZDMXURQOLQHRUJ

Next, we probed the impact of these mutations on the collective dynamics of the Ec MetRS. Following the method described in
our earlier work,35 PCA was conducted using the combined 75 ns trajectory (last 25 ns of three replicates) for each protein system.
The first three clusters representing the predominant collective dynamics were extracted. The RMSF of Cơ atoms were computed
from their respective average structures, normalized, and averaged over the three clusters. 35 The impact of mutation of onpathway residues on the protein flexibility was examined by computing the difference of these cluster-averaged RMSF between
the WT and a specific MetRS variant (Figure 13). The RMSF analysis demonstrates that the overall flexibility of the protein
backbone was altered due to the mutation of on-pathway residues.
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Figure 13. Changes in the normalized RMSF of Cơ atoms observed in the collective dynamics of the five mutants with respect to WT Ec MetRS. The angular
bracket indicates that the RMSF are averaged over the first three clusters representing the predominant collective protein motions. The propagated
uncertainties for each of these plots are within 0.04 Å and are shown with two parallel dotted lines.

The RMSF analysis revealed that mutations of these “on-pathways” residues have altered the dynamics of the CP domain and
other structural elements of this multi-domain protein. For example, alanine substitution of P14 resulted in increased dynamics of
residues 324 to 336 and residues 364 to 378 of KMSKS domain (Figure 13a); residues of KMSKS domain are important for
stabilizing methionyl-adenylate. Also, an increase in the CP domain dynamics was observed. However a sharp decrease in the
fluctuation of the residue 209 of the CP domain was noticed in P14A variant.
Mutation of M134 to alanine also demonstrated an increase in CP domain dynamics (Figure 13b). The RMSF analysis indicates
decreased dynamics of the catalytically important Rossmann-fold domain. However, a small increase in flexibility of W253 of the
methionine binding pocket was noticed. Decreased dynamics of the KMSKS domain and C-terminal domain was also observed.
In the case of Y358F, an overall decrease in the dynamics of virtually every domain was observed (Figure 13c). On the other
hand, both increased and decreased fluctuations of various domains were noticed in the case of W461F (Figure 13d). Lastly, in
the case of A361C mutant, where small impact in catalysis was experimentally observed, the fluctuation of the protein backbone
was also altered by the alanine substitution (Figure 13e). Taken together, significant alternations in the dynamics of various
structural elements were observed for these MetRS variants. These computational analyses demonstrated that mutations along the
predicted pathways between the C-terminal and CP domain of MetRS do indeed alter the backbone fluctuations of the distant
domains and secondary elements, which might resulted in reduced catalytic efficiency.
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DISCUSSION
Protein dynamism and evolvability
Dynamism is an intrinsic property of a protein, an inseparable element from its function, and encrypted in its primary structure.
Therefore, amino acid residues that are critical for maintaining the protein's intrinsic functional dynamics should either remain
conserved or their mutations will be correlated. The present study revealed the existence of multiple interaction networks,
involving dynamically and evolutionarily coupled residues, between the CP domain and the C-terminal domain. Scrutiny of these
networks of interactions showed that the involved residues are predominantly conserved in this protein family (Table 3). Only a
small fraction of residues (10-26%, Tables 3 and 4) were found to be coevolving and these residues appeared to be important for
forming a contiguous network of residue interactions between W461 and M134/F140. Thus, the present findings demonstrated
that conserved residues are the key players in regulating distant domain dynamics, while the role of coevolved residues is only
complementary. This is consistent with the observations in myosin motor protein67 and other protein systems19,35 indicating that
integration of evolutionary information with dynamic coupling data is an important criterion for identifying interaction networks
between distant functional sites.
Cooperative dynamics between the two functional sites
Previous biochemical and computational studies have established that the cognate anticodon binding at the C-terminal triggers the
conformational change of the CP domain, which facilitates the binding of tRNA acceptor stem at the active site.24,33 Moreover, it
has also been reported that the anticodon-triggered conformational change, which is important for efficient tRNAMet
aminoacylation, propagates through the enzyme, not through the tRNA.33 Therefore, if the identified residue networks facilitate
coupled-domain dynamics, then a mutation along these predicted pathways is expected to have an observable impact on the
dynamics of the CP domain. This hypothesis was tested by the combined essential dynamics analysis performed on various
mutant protein systems. The four mutants (P14A, M134A, Y358F, and W461F), which are resided on the residue interaction
networks between C-terminal and CP domains, were found to have significant impact on catalysis. Also, mutation of A361 to
cysteine has impact on the distant domain dynamics. The pair-wise RMSF comparisons of the WT and mutant variants portray
the notable effects of discrete mutations along the interaction networks on the distant CP domain dynamics (Figure 13). The
variation in the CP domain dynamics is somewhat related to the distance between the site of mutation and the CP domain. Taken
together, the in silico mutational study illustrates the role of predicted interaction networks in maintaining the distant domain
dynamics.
Existing theoretical and experimental results
The residue interaction networks (pathways I –VI) identified in the present bioinformatics study also bears a close similarity to
previously reported communication pathways (between W461 to L13) obtained from the atomistic simulations and protein
structure networks (PSN) analysis.33,68 However, unlike the previously reported pathways, pathways identified in the present study
are contiguous. The involvement of the D-helix bundle, which encompasses pathways I and II, as well as the helix-loop-strandhelix motif (pathways III – VI) in domain-domain communication of Ec MetRS has also been supported by earlier studies.66
Therefore, the revelation of similar residue-residue interaction networks, as obtained from the use of two different strategies – i)
MD and PSN33 and ii) MD/NMA and SCA, strongly suggests that the bioinformatics-based STCA method could be used as an
alternative, fast yet robust method of predicting long-range communication pathways in multi-domain proteins.
Results obtained in the present study also enable us to explain some of the previously reported experimental mutational results.
Previous mutational studies have showed that the mutation of P460, N452, R395, N391 and R233 cause functional defects.24
These residues actually belong to the predicted interaction networks and appeared to be important for promoting coupled-domain
dynamics, which are essential for enzymatic function. Also, it has been reported that the mutation of N452 and N387 to alanine
resulted in functionally defective mutants.69 Our studies show that these two residues are within the range of H-bonding
interaction with K388, the residue present in three of the six pathways.
Coarse-grained NMA and all-atom MD simulations
Coarse-grained simulations have emerged as valuable tools for studying conformational changes in large biomolecules. Despite
the fact that NMA implies infinitesimal displacements near the local energy minimum, recent studies have demonstrated that
micro- to millisecond global motions can be modeled successfully with coarse-grained model.70 We have also demonstrated that
coarse-grained NMA is comparable to the all-atom MD simulation in depicting the intrinsic global dynamics of AARSs including
Ec MetRS.64,71 However, local fluctuations upon substrate binding were poorly captured by the coarse-grained simulations.71
Although coarse-grained NMA failed to capture time-dependent fluctuations, it has been well-documented that NMA can provide
relevant information regarding functional motions and allosteric mechanisms.22,72-75 Surprisingly, very similar results were obtained
from both all-atoms MD simulation and coarse-grained NMA in the present study; four out of six pathways identified by MD and
NMA are almost identical (Tables 3 and 4). The close similarities between the all-atom and coarse-grained simulations results
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suggested that for large biomolecules like AARSs, computationally less intensive coarse-grained NMA could be used to trace the
conformational transition (“population-shift”) pathways i.e. residue interaction networks between functional sites.
CONCLUSIONS
In the present study, pathways of inter-domain communication in Ec MetRS were identified by integrating evolutionary
information with that of dynamic coupling. Several pathways (residue interaction networks) were identified through which local
perturbation could propagate between two functional sites, 53 Å apart. Residues identified in these pathways are predominantly
conserved and are also physically proximate in the structure. These residues are engaged in strong correlated dynamics. Longduration MD simulation study followed by essential dynamics analysis provided evidence that these residues are important in
maintaining protein dynamics and their mutations are capable of altering the dynamics of protein segments over great distances,
even across domain interfaces. Therefore, the present STCA method shows promise in identifying and exploring residues that
mediate long-range inter-domain communications in large protein systems.
The domain dynamics occur in micro- to millisecond timescale. Therefore, the atomistic simulation of a large protein is quite
challenging. Although several hundred nanoseconds of simulations can be performed using the more advance computing systems,
it remains quite challenging to simulate functionally important long-timescale collective dynamics of a large protein like Ec
MetRS. Therefore, the use of coarse-grained method has substantially reduced the time for obtaining the information of thermal
coupling from the collective dynamics of a large protein system like Ec MetRS. However, the coarse-grained simulation does not
provide any information about the type of residues involved in coupled motions and statistical coupling analysis complements this
by providing the data of residue-residue compatibility. Therefore integration of evolutionary information with dynamic features of
residues could enable one to identify long-range interaction networks that are contiguous and critical for maintaining coupled
dynamics in modular proteins.
Taken together, the present STCA study has enabled us to identify a set of residues that are potentially involved in maintaining
the coupled dynamics among domains in Ec MetRS. The present study also suggested that in order to facilitate long-range
communication, multi-domain proteins like Ec MetRS use parallel pathways of residue interactions. This information can be used
as a guide to explore more about these interaction networks and the role of intrinsic dynamics in the function of Ec MetRS
through spectroscopic, mutational, and theoretical studies. In addition, the STCA method can be extended to other multi-domain
proteins to gain molecular-level understanding of the domain-domain communications. Moreover, the present study suggested
that the correlated motions derived from NMA can also provide insight into long-range inter-domain communication.
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PRESS SUMMARY
Proteins are the machinery of all living cells, and research is conducted every day to further our understanding of how they work.
This paper compares two computational methods’ ability to study how different parts, or domains, of an individual protein
“communicate” with each other, a phenomenon known as inter-domain communication. We found that the less computationally
demanding process known as coarse-grained analysis was comparable to the more demanding (though more theoretically
accurate) process known as atomistic molecular dynamics in investigating inter-domain communications.
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