


analyzed them in different functional assays [56]. These mutations were originally designed to
target the nucleotide binding pocket, the inter-domain surface areas and the substrate-binding
site. Instead of single substitutions, these experiments probed clusters of mutations in a given
region to disrupt the interaction sites. A comprehensive analysis would require conducting
independent MD simulations for all studied mutants. We elected to simplify our task and per-
form a direct mapping of mutational sites onto the residue centrality profile of the Sse1p-
hHsp70-NBD complex (Fig 15). These network indices were correlated against various func-
tional measurements [56]. In particular, we analyzed how network properties of functional res-
idues may be related to the nucleotide exchange induced by Sse1p mutant proteins in Ssa1 (Fig
15A and 15B), and binding interactions of Sse1p mutants with Ssa1 (Fig 15C and 15D). Strik-
ingly, it appeared that residue network centrality may be associated with the susceptibility of
various Sse1p functions to mutations. For instance, high network centrality was found for

Fig 14. Analysis of High Centrality Residues in Sse1p Structures. Structural mapping of common peaks in the force constant and network centrality
distributions onto Sse1p conformations (A, B). The structures are shown in a ribbon representation and main structural elements, including subdomains and
functional residues are annotated and colored according to the adopted scheme. The functional residues of high centrality are shown in spheres and colored
according to their respective subdomains. Structural positions of high centrality functional residues are indicated by arrows. The probability distributions of
residue centrality in the Sse1p-ATP (C) and Sse1p in a complex with the NBD of hHsp70 (D). These profiles were obtained fromMD trajectories by averaging
computations of residue centrality over all protein residues in the conformational ensembles.

doi:10.1371/journal.pone.0143752.g014
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residues in the Sse1-2 cluster (N572, E575) and Sse1-8 cluster (E554, M557, L558). Accord-
ingly, mutations of these residues could lead to a pronounced growth defect and impaired
nucleotide exchange on Hsp70, which is a central function of Sse1p [56]. A simple mapping of
functional changes caused by Sse1p mutations against network properties produced a reason-
able correlation and identified functionally important residue clusters. These results indicated
that residue centrality may be used as a metric for differentiating functional importance of
mutational effects across various chaperone functions.

Recent functional studies of Sse1 chaperones [57,58] indicated that a number of chaperone
mutants could evolve new chaperone functions and employ different allosteric mechanisms,
while retaining their primary function in the cell. In the context of recent structural and func-
tional experiments [37,52], we argue that entropy-driven allostery in Sse1p could be altered or

Fig 15. Network Analysis of Functional Effects in Sse1p Mutants.Correlations between residue centrality and different functional effects caused by
clusters of mutations in Sse1p. (A, B) The relationship between residue centrality in the Sse1p complex with Hsp70 (pdb id 3D2F) and rates of the nucleotide
exchange induced by Sse1p mutants. (C, D) The relationship between residue centrality in the Sse1p complex and binding affinities of Sse1p mutants
measured in [53]. The clusters of mutations are annotated as in the original experimental study [53]: Sse1-1 (K69M); Sse1-2 (N572Y,E575A); Sse1-3
(A280T,N281A); Sse1-4 (T365V, N367S); Sse1-5 (F392A, F394A); Sse1-6 (D396A); Sse1-7 (L489A, H490A); Sse1-8 (E554A, M557S, L558S); Sse1-9
(L433A, N434P); Sse1-10 (F439L, M441A). To account for clusters of mutations, used in the experiments, we computed the average betweenness value
over all residues in a given cluster.

doi:10.1371/journal.pone.0143752.g015
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adjusted through properly engineered mutations that would reorganize the residue interaction
network and activate different communication pathways that were originally suppressed. It is
possible that Sse1 mutants may evolve their allosteric mechanisms by using intermediate sce-
narios between a less cooperative, entropy-driven allostery and a highly cooperative popula-
tion-shift mechanism.

Probing Conformational Transitions between DnaK Structures:
Mechanistic Drivers of Allosteric Changes
Recent kinetic measurements of biochemical cycle in DnaK indicated that ATP binding trig-
gers the following sequence of events: the inter-domain linker inserts first into the hydrophobic
groove between subdomains IA and IIA of the NBD. This may be followed by SBD-β docking
with NBD, and subsequently SBD-α binds NBD [34]. By using discrete molecular dynamics
(dMD) simulations [150,151] in the framework of GOdMD approach [152,153] we probed
conformational transitions between closed and open forms of DnaK to determine molecular
catalysts of allosteric changes. In the basic dMD formalism particles move in the ballistic
regime under constant velocity until a collision between a pair of particles occurs. In the
absence of any collision, the particles move linearly with constant velocity. Residue-residue
interaction potentials are defined for the particles at a distance smaller than a cut-off rc in the
native conformation. Otherwise, particles only interact via a hardcore repulsive potential that
avoids steric clashes. In this approach, the interaction potentials include hydrogen bonding,
van der Waals potentials, and a simplified solvation term. The two-step potentials that define
square wells are used: a hardcore barrier preventing steric collisions at short distances and a
single potential step at the interaction cutoff distance rc [151]. According to this implementa-
tion of the dMD approach [152,153], secondary structure elements were reinforced by using
finite square wells between hydrogen-bonded residues with a depth of 10 kcal/mol, centered at
the Cα-Cα distance in the native conformation and with a width corresponding to 10% of this
distance. We assumed that conformational mobility in the SBD-β subdomain may provide an
important factor that could facilitate structural transitions, thus providing thermodynamic and
kinetic means for allosteric communication in DnaK. The computed pathways followed pat-
tern of easiest protein deformations from the reference structure and should be considered as a
hypothesis generator rather than a rigorous computational experiment.

In these simulations, we monitored various structural and network parameters: root mean
square deviation (RMSD) between the initial structure (closed ADP-bound DnaK conforma-
tion) and targeted structure (ATP-bound DnaK) the evolution of residue hubs, cliques, and
communities (S11 Fig). Despite a relatively simple model, simulations reproduced a first order-
like transition between DnaK states with a characteristic sigmoidal curve. These observations
reflect a highly cooperative nature of allosteric structural changes in DnaK, which is consistent
with the structural and functional studies. We characterized a range of intermediate structures
near the hypothetical transition state region to describe major topological features of these con-
formations and identify key interactions. We first inspected more closely structures that
appeared immediately before the “transition state” as judged by the RMSD curve (S6 Fig). A
distinct feature of these transient conformations is that the inter-domain linker may be
“pushed” towards NBD by the L2,3 loop residues. In these structures, functionally important
N415 (L2,3 loop) makes contacts with the linker residue D393, while D393 appeared to
approach K155 from subdomain IA of NBD. This transient arrangement may navigate the
inter-domain linker closer to NBD, forcing linker to slide along subdomain IA towards the
hydrophobic groove. Although these structures and interactions may be transient in nature
and could be highly hypothetical, it is interesting to notice that key regulatory residues seem to
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be involved in thermodynamic and kinetic aspects of allosteric changes. Noteworthy, these
conformations depicted that the linker docking may represent the first step of the reaction.
Also, the observed structural changes required a considerable remodeling of the SBD-β subdo-
main, suggesting that conformational flexibility in this region may be a prerequisite for proper
progression along the reaction coordinate. By analyzing conformational states that corre-
sponded to “post-transition” ensemble (S7 Fig), we observed that linker binding may be fol-
lowed by simultaneous docking of the SBD-β and SBD-α subdomain. In this conformation, the
SBD-α docked position is native but not fully optimized with some inter-domain interactions
out of register. A complete remodeling and repositioning of the SBD-β loops into targeted
structure occurred only at the later stages of the reaction (S12 Fig). At this point, L6,7 and L2,3
loops switched their positions with respect to NBD, so D481 (L6,7 loop) may regain its integrat-
ing role in stabilizing the NBD-SBD interface. According to kinetic experiments [34], three
major events of the reaction followed double-exponential kinetics with a fast phase rate of 107
s-1 (linker binding), 27.9 s-1 (SBD-β docking with NBD) and 8.3 s-1 (SBD-α lid docking). In
other words, linker binding clearly precedes subsequent docking of the SBD subdomains that
may occur more cooperatively. Despite considerable simplification of the conformational tran-
sitions in our modeling, we correctly predicted the early formation of a linker-docked interme-
diate, while simultaneous docking of the SBD-β and SBD-αmay reflect a highly cooperative
nature of allosteric changes in DnaK. Obviously, the observed pre-transition and post-transi-
tion conformations along the simulated reaction pathway are highly hypothetical and may
only approximately reflect topological rearrangements that occur during allosteric transitions.
However, our results demonstrated that kinetics of allosteric changes may require significant
structural remodeling of the SBDβ subdomain. As a result, conformational flexibility of the
SBDβmay be a necessary thermodynamic and kinetic factor driving propagation of allosteric
structural changes in Dnak. Mechanistic insights obtained from this simplified model offered
an interesting and plausible rationale, suggesting that key functional residues and structural
segments may be involved in both thermodynamic and kinetic aspects of allosteric regulation
in DnaK.

Conclusions
By combining molecular simulations, protein stability analysis and network-based modeling,
the reported study provided a comprehensive computational analysis of allosteric mechanisms
in DnaK and Sse1p chaperones. We showed that allosteric regulation of these chaperones may
be determined by nucleotide-induced redistribution of local conformational ensembles in the
inter-domain regions and the substrate binding domain. Our results also revealed how organi-
zation of the residue interaction networks in stable local communities of functional residues
are linked with the allosteric mechanisms. We found that global mediating residues with high
network centrality may be organized in stable local communities that are involved in the effi-
cient allosteric communications. The results of this study suggested that allosteric structural
changes in DnaK may be highly cooperative and conducive to a population-shift allosteric
mechanism. In this mechanism, a number of high centrality DnaK residues form a broad allo-
steric network that can link the nucleotide-binding and the substrate-binding regions. Confor-
mational dynamics and energetics of the peptide substrate binding with the DnaK structures,
that was examined using free energy calculations, identified allosteric hotspots of negative
cooperativity between regulatory binding sites. A highly cooperative allosteric mechanism in
DnaK could ensure a proper balance of the network efficiency and robustness required to
maintain resilience against random mutations and structural perturbations without
compromising critical functions. In contrast, the allosteric interaction network in Sse1p may
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be smaller, leading to an entropy-driven allostery that occurs in the absence of structural
changes. These results indicated that organization of the residue interaction networks in DnaK
and Sse1p may be among determining factors of their allosteric mechanisms that have evolved
to achieve a trade-off between structural stability, the efficiency of allosteric communications
and resilience against mutations. We also demonstrated that network centrality of functional
residues could be linked with their sensitivity to mutations and may explain functional impor-
tance of mutational effects across a diverse spectrum of chaperone functions. The association
of network properties with chaperone regulation suggested that residue interaction networks
may be specifically tailored through protein engineering or therapeutic intervention that is
informed by knowledge of high centrality network nodes. Integration of genetic, biochemical
and structural data in the network-centric framework may help to understand the complex
relationships between robustness of chaperones and their functional specificity. These system-
based approaches can exploit advances in biology and network science to develop novel symbi-
otic strategies for understanding complex protein systems and their interconnectivity in biolog-
ical networks.

Materials and Methods

MD Simulations
MD simulations of the DnaK and Sse1p structures (500 ns for each structure) were performed
for an ADP-bound DnaK, pdb id 2KHO [31], the crystal structure of an ATP-bound DnaK,
pdb id 4B9Q [34]; the crystal structure of a Sse1p-ATP [53], and the crystal structure of Sse1p
in a complex with the NBD of hHsp70 [56]. All crystal structures were obtained from the Pro-
tein Data Bank (RCSB PDB www.rcsb.org) [154]. All crystallographic water molecules were
removed and missing hydrogen atoms of the protein were added. All ionizable residues were
considered in the standard ionization state at neutral pH condition. The missing residues,
unresolved structural segments and disordered loops were modeled and evaluated with the
ModLoop server [155,156] and the ArchPRED server [157]. The unresolved portions were
assembled and energetically refined using the ArchPRED server. MD simulations were carried
out using NAMD 2.6 package [158] with the CHARMM27 force field [159] and the explicit
TIP3P water model. The employed MD protocol is consistent with the overall setup that was
described in details in our earlier studies [160–162]. The following protocol preceded the pro-
duction stage of MD simulations. All atoms of the complex were first restrained at their crystal
structure positions with a force constant of 10 Kcal mol-1 Å-2. The system was subjected to the
following simulation annealing to ensure the proper equilibration. The temperature was
increased from 0K to 500K at a rate of 1K per 1ps and was kept at 500K for 500ps. The temper-
ature was then decreased from 500 K to 300K at a rate of 1K per 1ps and was kept at 300K for
additional 500ps. An NPT production simulation was then run on each of the equilibrated
structures keeping the temperature at 300 K and constant pressure of 1 atm. PCA of the MD
conformational ensembles was based on the set of backbone heavy atoms (N, Cα, Cβ, C, O)
and on the Cα atoms only to determine the essential dynamics of the protein systems. The cal-
culations were performed using the CARMA package [163]. The frames are saved every 5 ps,
and a total of 10,000 frames were used to compute the correlation matrices for each simulation.
For comparison, we also employed the elastic network model (ENM) and computed ENM-
based lowest normal modes using the Anisotropic Network Model web server [164].

Force Constant Analysis of Residue Deformations
Mechanical properties of the DnaK and Sse1p structures are analyzed using the force constant
approach [101,102]. In this model, the fluctuations of the mean distance between a given
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residue and all other residues in the protein structure are evaluated by computing the force
constant profile that measures the energy cost of displacing a given residue during MD simula-
tions. We computed the fluctuations of the mean distance between each atom within a given
residue and the atoms that belong to the remaining residues of the protein. The force constant
for each residue is computed as the average of the force constants for all its atoms. Alterna-
tively, the mean fluctuations of a given residue can be also characterized using only Cα atom
positions. In our model, the force constant for each residue is calculated by averaging the dis-
tances between the residues over the MD trajectory using the following expression:

ki ¼
3kBT

hðdi � hdiiÞ2i
ð1Þ

di ¼ hdijij� ð2Þ

where dij is the instantaneous distance between residue i and residue j, kB is the Boltzmann con-
stant, T = 300K. hi denotes an average taken over the MD simulation trajectory and di = hdijij�
is the average distance from residue i to all other atoms j in the protein (the sum over j� implies
the exclusion of the atoms that belong to the residue i). The interactions between the Cα atom
of residue i and the Cα atom of the neighboring residues i-1 and i+1 are excluded in the calcula-
tion since the corresponding distances are nearly constant. The inverse of these fluctuations
yields an effective force constant ki that describes the ease of moving an atom with respect to
the protein structure. The residue-based force constant profiles are used to characterize struc-
tural stability and conformational flexibility of protein residues.

Protein Structure Network Analysis
In the protein structure network analysis, a graph-based representation of proteins was used in
which amino acid residues were considered as nodes connected by edges corresponding to the
nonbonding residue-residue interactions. The details of the construction of such a graph at a
particular interaction cut-off (Imin) were extensively discussed [93,94]. Here, we describe the
main steps in the construction of protein structure networks pertinent to the present study.
The interactions between side chain atoms of amino acid residues (nodes) define edges of the
protein structure network and are evaluated from the normalized number of contacts between
nodes. The non-covalent interactions between sequence neighbors are ignored in the graph
construction. The interaction between two residues i and j is measured as

Iij ¼
nijffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

ðNi � NjÞ
q � 100 ð3Þ

where nij is number of distinct atom pairs between the side chains of amino acid residues i and
j that lie within a distance of 4.5 Å. Ni and Nj are the normalization factors for residues i and j
respectively. We have determined the normalization factors Ni for all 20 residue types as was
described in previous studies [93]. The number of interaction pairs including main-chain and
side-chain made by residue type i with all its surrounding residues is also evaluated. The nor-
malization factors take into account the differences in the sizes of the side chains of the differ-
ent residue types. The pair of residues with the interaction Iij greater than a cut-off (Imin) are
connected by edges and produce a protein structure network graph for a given interaction cut-
off Imin. According to the analysis of a large number of protein structures, Imin values could
vary from 1% to 15%, where the lower Imin, the higher is the graph connectivity. The optimal
interaction cutoff was determined as the transition point for the largest connected cluster.
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According to this definition, the Imin value often lies in the range 2–4% for a diverse spectrum
of protein systems [93,94]. A similar analysis was conducted in our study. In the graph-based
analysis performed in the present study, at Imin = 1%, all residue nodes are connected by edges,
while at Imin = 10%, there are typically very few residue nodes connected by non-covalent
edges. We found that the appropriate transition value for the cut-off Imin = 2.0%-2.5%. Hence,
in the present study, any pair of residues are connected in the protein structure graph if Imin =
2.5%.

Network Centrality and Community Analysis
A weighted network representation of the protein structure is adopted in this study that
includes non-covalent connectivity of side chains and residue cross-correlation fluctuation
matrix [165]. In this model of a protein network, the weight wij of an edge between nodes i and
j is determined by the dynamic information flow through that edge as measured by the correla-
tion between respective residues. The weight wij is defined as wij = −log(|Cij|) where Cij is the
element of the covariance matrix measuring the cross-correlation between fluctuations of resi-
dues is i and j obtained fromMD simulations. The shortest paths between two residues are
determined using the Floyd–Warshall algorithm [166] that compares all possible paths
through the graph between each pair of residue nodes. To select the shortest paths that consist
of dynamically correlated intermediate residues, we considered the short paths that included
correlated (Cij = 0.5–1.0) intermediate residues. Using the constructed protein structure net-
works, we computed the residue-based betweenness parameter. The betweenness of residue i is
defined to be the sum of the fraction of shortest paths between all pairs of residues that pass
through residue i:

CbðniÞ ¼
XN

j<k

gjkðiÞ
gjk

ð4Þ

Where gjk denotes the number of shortest geodesics paths connecting j and k, and gjk(i) is
the number of shortest paths between residues j and k passing through the node ni. Residues
with high occurrence in the shortest paths connecting all residue pairs have a higher between-
ness values. For each node n, the betweenness value is normalized by the number of node pairs
excluding n given as (N-1)(N-2)/2, where N is the total number of nodes in the connected com-
ponent that node n belongs to. The normalized betweenness of residue i can be expressed as
follows:

CbðniÞ ¼
1

ðN � 1ÞðN � 2Þ
XN

j < k

j 6¼ i 6¼ k

gjkðiÞ
gjk

ð5Þ

gjk is the number of shortest paths between residues j and k; gjk(i) is the fraction of these short-
est paths that pass through residue i.

The analysis of the interaction networks was done using network parameters such as hubs,
cliques and communities. The hubs are highly connected nodes in the network. If the total
number of edges incident on the node (called the degree of a node) is at least 4 the node is iden-
tified as a hub. The k-cliques are complete sub graphs of size k in which each node is connected
to every other node. In our application, a k-clique is defined as a set of k nodes that are repre-
sented by the protein residues in which each node is connected to all the other nodes. A k-cli-
que community is determined by the Clique Percolation Method [167] as a subgraph
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containing k-cliques that can be reached from each other through a series of adjacent k-cliques.
We have used a community definition according to which in a k-clique community two k-cli-
ques share k−1 or k−2 nodes. Computation of the network parameters was performed using
the Clique Percolation Method as implemented in the CFinder program [168]. Given the cho-
sen interaction cutoff Imin we typically obtain communities formed as a union of k = 3 and
k = 4 cliques. The interaction cliques and communities were considered to be dynamically sta-
ble if these interaction networks remained to be intact in more than 75% of the ensemble con-
formations. The conformational ensemble used in the protein network analysis was obtained
fromMD simulations and included a total of 1,000 representative snapshots.

Binding Free Energy Calculations
The binding free energy was calculated using MM-GBSA approach [135,136]. In this approach
the binding free energy ΔGbind is written as the sum of the gas phase contribution ΔGMM, the
solvation free energy ΔGsolv, and an entropic contribution–TΔS

DGbind ¼ hDGMMi þ hDGsolvi � hTDSi ð6Þ

The brackets<> denote an average of these contributions calculated over the MD trajecto-
ries. The gas-phase contribution<ΔGMM> to the binding free energy is the difference in the
molecular mechanics energy of the complex and the isolated protein and ligand. This contribu-
tion is the sum of the differences in the internal energies ΔEintra, the van der Waals interaction
energy ΔEvdw, and the electrostatic interaction energy ΔEelec:

hDGMMi ¼ DEintra þ DEvdw þ DEelec ð7Þ

Eintra ¼ Ebond þ Evdw þ Eelec ð8Þ
where Ebond is the energy of the bonded terms (bonds, angles, dihedral angles, and improper
angles) of a given molecule; Evdw is the van der Waals energy of the molecule; and Eelec is the
electrostatic energy of the molecule. These contributions are calculated according to the molec-
ular mechanics force field. The solvation free energy ΔGsolv is the difference between the solva-
tion energy of the complex and solvation free energies of the isolated protein and ligand:

DGsolv ¼ DGcomplex
solv � DGprotein

solv � DGligand
solv ð9Þ

DGsolv ¼ DGnp
solv þ DGelec

solv ð10Þ

The solvation free energy of a molecule is given as the sum of nonpolar and polar contribu-
tions. The nonpolar contribution is computed using the solvent accessible surface are (SASA)
model and give as DGnp

solv ¼ s � SASA where the parameter σ = 0.0072 kcal/ (mol�Ǻ2). The elec-
trostatic contribution to the solvation free energy DGelec

solv was calculated using the analytical gen-
eralized Born (GB) model implemented in CHARMM. This model is known to accurately
reproduce the solvation free energies calculated by solving the Poisson equations. All energy
terms were calculated for 10,000 frames regularly separated by 50 ps along the 500ns
trajectories.

The entropy contribution consists of translational ΔStrans, rotational ΔSrot and vibrational
ΔSvib components:

DS ¼ DStrans þ DSrot þ DSvib ð11Þ
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The vibrational entropy terms were computed using normal mode analysis that yields better
convergence than the quasiharmomic analysis fromMD trajectories. The VIBRAN module
was used to calculate and diagonalize the force constant matrix for the normal mode vectors
and frequencies determination. The normal modes were calculated on minimized average
structures obtained fromMD simulations. The minimization was performed using the New-
ton–Raphson minimization algorithm, using the same cutoff scheme and constraints as for the
normal mode calculations. All energy terms are calculated using single 500 ns trajectories of
the peptide-DnaK complexes. This is followed by separation of the complexes into isolated pro-
tein and ligand structures and subsequent minimization of the isolated molecules without con-
ducting additional simulations of the individual protein.

Computational alanine scanning was performed by replacing the side chain of a given resi-
due by an alanine and recalculating the absolute binding free energy for the mutated system.
The difference in the binding free energy of the wild type and alanine mutant ΔΔGbind may be
evaluated as follows:

DDGbind ¼ DGmut
bind � DGWT

bind ð12Þ

hDDGbindi ¼ hDEvdwi þ hDEeleci þ hDDGnp
solvi þ hDDGelec

solvi � ThDDSi ð13Þ

The binding free energy of the alanine mutant is calculated using the MM-GBSA approach
using the snapshots obtained from MD simulations of the WT complex. All energy terms were
calculated for 10,000 snapshots along the 500ns trajectory performed for the WT complex. For
each of these snapshots of the WT complex, the mutated side chain was minimized under the
fixed position of the remaining system using 1000 steps of steepest decent and Newton–Raph-
son minimization before calculating the energy terms. A central assumption of computational
alanine scanning approach is that mutations would introduce only local structural perturba-
tions of the system that are sufficiently moderate that the effect on the binding free energy may
be gleaned from MD simulations of the WT system.

Supporting Information
S1 Fig. Conformational Ensembles of Closed and Open DnaK Forms. Structurally different
representative conformations extracted by clustering MD trajectories of an ADP-bound, closed
DnaK form (A, B) and ATP-bound, open DnaK form (C, D). Different view angles are adopted
for convenience of visualization to illustrate ADP-DnaK conformations (A, B) and ATP-DnaK
conformations (C, D). The structures are shown in a ribbon representation and main structural
elements are annotated as in Fig 2. The NBD subdomains are colored according to the adopted
scheme: IA (in blue), IB (in red), IIA (in green), IIB (in cyan), the inter-domain linker (in
black), SBD-α (in magenta), and SBD-β (in orange). Shear movements of the SBD-α around
SBD-β and rotations of the subdomain IIB are observed.
(TIF)

S2 Fig. Structural Annotation of the SBD Binding Loops in the Closed and Open DnaK
Forms. A close-up view and annotation of the SBD-β loops in the ADP-bound (A) and ATP-
bound DnaK conformations. The SBD-β loops are annotated and shown in orange ribbons. In
(A), the elements of the SBD-α lid are also shown and annotated (in magenta). L2,3 loop (resi-
dues 412–420), L4,5 loop (residues 439–457) and L6,7 loop (residues 479–482) are involved in
the inter-domain interactions. L1,2 loop (residues 404–406), L3,4 loop (residues 428–434), and
L5,6 loop (residues 458–473) are located near the substrate-binding site.
(TIF)
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S3 Fig. The Density of States for the ADP-DnaK Conformational Ensemble. The density of
states for the ADP-DnaK was derived from the equilibrium conformational ensemble. (A) The
density distribution as a function of the force field energy and the rigid body RMSD for the
SBD-α subdomain from its native position in the ADP-DnaK structure (pdb id 2KHO). (B)
The domain-undocked crystallographic conformation corresponds to the dominant peak in
the density distribution. (C) A representative partly undocked conformation, in which the
SBD-α lid deviates from the SBD-β–SBD-α interface, corresponds to a shallow intermediate
peak in the density distribution. The structures are shown in a surface representation and main
structural elements are annotated. The NBD subdomains are colored as follows: IA (in blue),
IB (in red), IIA (in green), IIB (in cyan), the inter-domain linker (in black), SBD-α (in
magenta), and SBD-β (in orange).
(TIF)

S4 Fig. The Density of States for the ATP-DnaK Conformational Ensemble. The density of
states for the ATP-DnaK ensemble. (A) The density distribution as a function of the force field
energy and the rigid body RMSD for the SBD-α subdomain from its native position in the
ATP-DnaK structure (B) The domain-docked crystallographic conformation corresponds to
the dominant peak in the density distribution. (C) A representative undocked conformation
corresponds to the secondary peaks in the distribution. The structures are shown in a surface
representation and main structural elements are annotated. The NBD subdomains are colored
as in S3 Fig.
(TIF)

S5 Fig. Residue Deformability Profiles of DnaK and Sse1p Structures. The residue-based
deformability profiles of the solution structure of an ADP-bound DnaK, pdb id 2KHO (A); the
crystal structure of an ATP-bound DnaK, pdb id 4B9Q (B); the crystal structure of a Sse1p-
ATP (C); and the crystal structure of Sse1p in a complex with the NBD of hHsp70 (D). In (D)
deformability profile is shown only for Sse1p residues. The deformability profiles are annotated
and colored according to the adopted coloring scheme of the chaperone subdomains: IA (in
blue), IB (in red), IIA (in green), IIB (in cyan), the inter-domain linker (in black), SBD-α (in
magenta), and SBD-β (in orange).
(TIF)

S6 Fig. Structural Mapping of the SBD-βHydrophobic Core in DnaK States. The hydro-
phobic core residues (V440, L454, L484) are mapped along with the F426 and I438 (substrate
binding site hinge points), Q442 and D148(NBD) residues in the ADP-DnaK (A, pdb id
2KHO) and the ATP-DnaK structures (B, pdb id 4B9Q), (C, pdb id 4JNE). The SBD-β domain
is shown in orange ribbons and the substrate binding loops are annotated: L1,2 (residues 404–
406), L3,4 (residues 428–434), and L5,6 (residues 458–473). In the ADP-DnaK form (A) the
SBD-α lid is also shown (in magenta ribbons). Residues are shown in blue spheres and anno-
tated. Note the formation of the interacting clusters in the ATP-DnaK structures that link the
substrate binding site (F426 and I438) with the hydrophobic core (V440, L454, L484) and the
inter-domain interface (Q442, D148).
(TIF)

S7 Fig. Structural Mapping of Residues with Low Solvent Protection in the SBD-βDomain
of Sse1p. The SBD-β residues with the small RD values (and low protection level) are shown in
red spheres. The SBD-β domain is shown in orange ribbons and the substrate binding loops
are annotated: L1,2 (residues 407–413), L3,4 (residues 436–438), and L5,6 (residues 466–475).
The locations of the putative substrate recognition site are indicated by arrow.
(TIF)
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S8 Fig. Structural Mapping of Local Interaction Communities in the ADP-bound DnaK
State. Structural mapping of principal local communities in the ADP-bound DnaK. A close-up
of interactions in local communities formed between SBD-β and SBD-α residue
(R445-N451-M515) (A) and (L397-E444-M515) (B). A community (D481-K387-L385) of resi-
dues from the SBD-β and the linker regions (C). A community (K70-E171-P143) connects reg-
ulatory residues in NBD. The interacting residues are shown in colored sticks, the DnaK
domains are shown in ribbons with a reduced transparency. Annotation and coloring are
according to the adopted scheme: IA (in blue), IB (in red), IIA (in green), IIB (in cyan), the
inter-domain linker (in black), SBD-α (in magenta), and SBD-β (in orange). The residue num-
bering is in accordance with the solution structure of an ADP-bound DnaK, pdb id 2KHO.
(TIF)

S9 Fig. Structural Mapping of Local Interaction Communities in the ATP-bound DnaK
State. Structural mapping of principal local communities in the ATP-bound DnaK. A close-up
view of interactions in a local community (R167-I168-K155-D481) that couples the subdomain
IA with the SBD-β (A). An overview of interactions in a local community
(Q442-D148-L454-L484) that links L4,5 loop in the SBD-β, hydrophobic core of the SBD-β and
subdomain IA of NBD (B). A community (K414-N415-D326-T221) couples residues from L2,3
loop with the subdomain IIA (C). A close-up of interactions in a community
(A111-Q114-L507-M515) formed at the NBD-SBD-α interface (D). The interacting residues
are shown in colored sticks, the DnaK domains are shown in ribbons with a reduced transpar-
ency. Annotation and coloring are according to the adopted scheme. The residue numbering is
in accordance with the crystal structure of an ATP-bound DnaK, pdb id 4B9Q.
(TIF)

S10 Fig. Structural Mapping Local Interaction Communities in the Sse1p-ATP Structures.
Structural mapping of l local communities in the Sse1p-ATP. A close-up view of interactions
in the inter-domain communities involving NBD and SBD-α residues (F42-F106-R47-M557)
(A) and (F113-K553-M557) (B). The interacting residues are shown in colored sticks. Sse1p
domains are shown in ribbons with a reduced transparency. Annotation and coloring are
according to the adopted scheme The residue numbering is in accordance with the crystal
structure of an Sse1p-ATP, pdb id 2QXL.
(TIF)

S11 Fig. Structural and Network Parameters of Conformational Transitions between
DnaK Structures. Structural and network parameters of conformational changes between the
initial (closed ADP-bound DnaK conformation) and targeted structure (open ATP-bound
DnaK conformation). (A) The RMSD between the initial and targeted structures as a function
of reduced simulation time units (R.T.U). The RTU parameter is defined according to
[152,153] as a ratio of the number of total collisions (scaled by 0.15) to the number of residues
in the system at T = 300K. In this model, RTU typically corresponds to 20–50 ps time in con-
ventional equilibrium dynamics. (B-D) Evolution of the network parameters during conforma-
tional transitions: number of hubs (B), cliques (C), and communities (D).
(TIF)

S12 Fig. A Schematic Overview of the Conformational Transition Reaction in DnaK. A
schematic overview of the conformational transition between the initial (closed ADP-bound
DnaK conformation). The initial structure (the solution structure of an ADP-bound DnaK,
pdb id 2KHO) and the targeted structure (the crystal structure of an ATP-bound DnaK, pdb id
4B9Q) are shown in ribbons and subdomains are colored as follows: NBD (in blue), SBD (in
red), and the inter-domain linker (in yellow). The high centrality inter-domain residues are
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shown in spheres. The depicted pre-transition state and post-transitional state are representa-
tive structures from ensembles of conformations sampled immediately prior and after a major
transition. The transition region is approximately defined from the first-order sigmoidal curve.
The residues that form the inter-domain contacts in these states are shown in spheres and col-
ored according to their subdomains.
(TIF)
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