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ABSTRACT: Protein cavities and tunnels are critical for function. Ligand recognition
and binding, transport, and enzyme catalysis require cavities rearrangements. Therefore,
the flexibility of cavities should be guaranteed by protein vibrational dynamics. Molecular
dynamics simulations provide a framework to explore conformational plasticity of protein
cavities. Herein, we present a novel procedure to characterize the dynamics of protein
cavities in terms of their volume gradient vector. For this purpose, we make use of
algorithms for calculation of the cavity volume that result robust for numerical
differentiations. Volume gradient vector is expressed in terms of principal component
analysis obtained from equilibrated molecular dynamics simulations. We analyze
contributions of principal component modes to the volume gradient vector according to their frequency and degree of
delocalization. In all our test cases, we find that low frequency modes play a critical role together with minor contributions of
high frequency modes. These modes involve concerted motions of significant fractions of the total residues lining the cavities. We
make use of variations of the potential energy of a protein in the direction of the volume gradient vector as a measure of flexibility
of the cavity. We show that proteins whose collective low frequency fluctuations contribute the most to changes of cavity volume
exhibit more flexible cavities.

I. INTRODUCTION

Protein cavities and tunnels are structural features that play key
roles in biological functions. They are involved in a large variety
of processes like ligand recognition and binding, transport and/
or transfer of small molecules, and also intra- and
intermolecular energy transfer subject to structural reorganiza-
tions.1 Therefore, they are the subject of research for functional
assignment and drug design.2−4 Cavities represent not only
empty or water-containing spaces that can potentially
contribute to protein plasticity but create specific micro-
environments required for concerted interactions that partic-
ipate in enzyme catalysis. The connection between structures of
cavities and the native state of proteins, represented by an
ensemble of conformers in dynamics equilibrium, has been
extensively studied.5−7 Either rotations of a single residue side
chain or large collective interdomain conformational changes
can control the transit of substrates and products within the
protein.8,9 Protein fluctuations and their relationship with cavity
changes are essential for a complete description of protein
function.
Properties of protein cavities, like size, polarity, solvation, and

residue type constituency, have been investigated in detail for
different kind of them: within domains, between domains, and
between protein subunits.10−12 This knowledge provides useful
guidelines for protein modeling and design.13

Protein cavities are not static objects.14−16 The flexibility and
dynamics of cavities are widely acknowledged to be crucial for
function.17 Conformational changes frequently involve changes
in cavity volumes with subsequent impacts on ligand affinity
and specificity and, therefore, regulation of the biological
function of a protein.18,19 While detailed structural description
of cavities is useful to predict the type of ligands that interact

with the protein, their dynamics features contribute to analyze
potentials degrees of binding promiscuity.20,21 Furthermore, the
shape, size, and flexibility of cavities have been recently
associated with the degree of conformational diversity and
disorder regions, among others structural and dynamical
features of proteins.22

Flexibility of cavities is provided by protein vibrational
dynamics ranging from slow and collective motions to fast and
localized motions. Molecular dynamics (MD) simulations23−26

combined with principal component analysis (PCA)27−31

provide a framework for decomposing the complexity of
proteins motions into decoupled individual contributions. This
combination of MD and PCA has recently been applied to
develop a procedure that reveals the existence of correlations
between the dynamics of cavities and structures.32

A large variety of methods have been developed in order to
achieve accurate values of cavity volumes. Usually, the protein is
represented as a set of spheres with volumes related to atomic
van der Waals radius. One type of methods considers the
protein embedded in a three-dimensional grid of voxels
followed by subsequent counting of unoccupied ones.33−40

Another type of method implies the use of spherical probes to
fill the cavity.41−43,40 A third type of methods is based on
geometric algorithms that make use of three-dimensional
triangulations of atomic positions, such as α-shape, Delaunay,
and Voronoi algorithms, among others.44−49,8

In this paper, we present a novel procedure to analyze the
dynamics of protein cavities. We characterize it in terms of their
volume gradient vector (∇Vol). For this purpose, we make use
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of algorithms for calculation of cavity volumes that result robust
for numerical differentiations. ∇Vol is expressed in terms of
PCA modes. As a result, dynamics features of cavities can be
straightforward connected to thermal fluctuations in proteins.
The paper is organized as follows. Theoretical methods are

described in section II. Our results are presented and discussed
in section III. Finally, section IV summarizes our findings and
conclusions.

II. METHODS

A. Cases of Study. The human immunodeficiency virus
type 1 protease (HIVP-1) is a homodimer that presents a cavity
with an aperture involving low-frequency breathing motions in
which participate synchronized movements of rigid backbone
segments.1,50 The active site is symmetrically formed by both
monomers. The access to the active site is controlled by two β-
turn flaps with specific anchoring regions. HIVP-1 protease can
be divided into three domains: the core domain, localized at the
interface containing the active site, the terminal domain
including both N and C terminals, and the flap domain, the
most flexible domain51−53 with the two β-turns that act as a
gate. HIVP-1 is a good example of a cavity acting as a gate
whose opening/closing motions are dependent on hinge and
anchoring regions. Therefore, mutations on specific residues
lead to a significant impact on the exposure of the active site.
This is the case of significant changes analyzed on the gated
association rate constants with different drugs of F53L and
G48V/V82A/I84V/L90M mutants among others.50

The epidermal growth factor receptor (EGFR) kinase
presents a main active site pocket limited by an N-terminal
and C-terminal lobes (N and C lobes) that are connected by a
hinge region.54 While the N lobe is composed of five β-strands
and the αC helix, the C lobe is predominantly helical
containing a highly flexible activation loop. Two main
conformations, so-called active and inactive conformers55,56

have been largely structurally described, and their relative
stabilities have been associated with different types of
cancers.57,58 Some structural characteristics have been proposed
to differentiate kinase conformations, but these considerations
could lead to ambiguous classifications. Despite the fact that
common structural characteristics shared among the main
pockets of most of active EGFR kinase mutants have been
proposed, several reported controversies and ambiguous
conformation classifications can be found.59 Furthermore,
different single amino acid substitutions (SASs) have been
proven to alter the equilibrium of pre-existing active/inactive
conformer populations. In this context, the identification of
residues whose vibrational motions participate the most in
changes in the size and shape of the active site pocket of the
EGFR kinase active conformers contributes to clarify certain
SASs effects.
The T4 lysozyme (T4L) has been largely studied by either

experimental60−64 and theoretical techniques.65−69 The volume
of the catalytic cleft is functionally significant since the opening
and closure of the cleft is associated with ligand binding.70

Previous PCA studies65,70 show that its first PCA modes are
associated with N-terminal and C-terminal interdomain
motions: hinge-bending, twisting, and relative torsions. These
motions have a substantial impact on the size and shape of the
cavity. Within this context, T4L represents a good example of
significant contributions of delocalized functional low-fre-
quency modes dominating the closing and opening of the

catalytic cleft, presumably facilitating substrate binding and
release.

B. MD Simulations and PCA. MD simulations are
performed for each case of study (see section II.A). AMBER
16 software package71,72 is used for all simulations. Initial
coordinates for each protein are taken from X-ray structures
with Protein Data Bank73 entries: 1HVR (HIV protease), 1M14
(EGFR active conformer), and 256L (T4 Lysozyme). Ions are
added for charge neutralization. Each system is solvated with
explicit TIP3P74 water molecules in a truncated octahedric
periodic box large enough to contain the protein and 10 Å of
solvent on all sides. In all the MD calculations, the all-hydrogen
topology with Amber ff14SB75,76 force field parameters is used,
except for 2 S-hydroxycysteine amino acids and the XK2 ligand
of HIV protease where GAFF (General Amber Force
Field)77,78 is employed using AM1-BCC charges.79 Minimiza-
tion of each molecular system is performed by 100-step of
steepest-descent and 400-step conjugate gradient minimizations
applying constraints to the protein atoms. These are followed
by a 400-step unconstrained conjugate gradient minimization.
The systems are then heated for 150 ps until they reach the
final temperature of 300 K. During heating, a harmonic
restraint of 50.0 kcal/(mol·Å2) is applied to the protein atoms.
In all simulations, a 2 fs time step with SHAKE algorithm
applied to all bonds involving hydrogen is used. Periodic
boundary conditions and particle-mesh Ewald (PME) sums are
used and a cutoff of 10 Å is applied to nonbonded interactions.
The systems are equilibrated at constant pressure using 26
steps of 100 ps and reducing the restraint on each step. After
the last step with restraints, all restraints are lifted and final
equilibrations are achieved by 300 ns simulations at the
constant temperature of 300 K using Andersen barostat and
Langevin thermostat with a γ collision frequency of 2 ps−1.
Finally, 600 ns MD simulations are performed in order to
collect equilibrated configurations at 10 ps intervals.
PCA27,28,80,30,31 is performed from previous K collected

configurations by calculating the covariance matrix C with
elements
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mass mi, and the angular brackets represent the average
obtained from the K equilibrated configurations, with the
center-of-mass translational and rotational motions previously
being removed by least-squares fitting of a reference structure.81

PCA modes are obtained by diagonalizing the C matrix as

Λ=Q CQT
(2)

where Q is the eigenvector matrix whose columns Qi are the

PCA modes with frequencies given as
λ

1

k

, being λk the

elements of the eigenvalue matrix Λ. In the present work, PCA
modes are calculated considering only the Cα atoms in the
proteins, so Qi are vectors of dimension 3N, where N is the
number of residues of the molecule. Any Qi is expressed in
terms of mass-weighted internal displacements Cartesian
coordinates as
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where q̂j
l is a unit vector in the direction of the l coordinate (l =

1, 2, 3 for x, y, z, respectively) of the mass-weighted internal
displacement Cartesian vector for the jth residue.
C. Cavity Volume. ∇Vol corresponding to a protein cavity

is evaluated approximating derivatives by finite differences.
Therefore, we make use of a combination of algorithms that
result robust for numerical differentiations: convex hull
algorithm to identify a specific inclusion area, Delaunay
triangulation to evaluate the initial cavity volume and
displacements (non-Delaunay) of the resulting tetrahedrons
vertices to track the volume change.
C.1. Convex Hull. To determine the cavity of each protein,

an inclusion area is defined using the convex hull method.82

The coordinates of a predefined set of atoms surrounding a
cavity represents the set of points that define the convex hull as
the smallest convex set that contains them. The convex hull can
be visualized as the shape enclosed by a rubber band stretched
around them (see Figure 1a).

C.2. Delaunay Triangulation. A Delaunay triangulation of a
set of points (i.e., atoms surrounding the cavity) is a
triangulation such that no point lies inside the circumcircle of
any triangle. Delaunay triangulations maximize the minimum
angle of all the angles of the triangles in the triangulation, trying
to avoid sliver triangles. Triangulation is shown in Figure 1b,
where triangles tile the convex hull area. As a result, a set of
tetrahedrons with atoms that define the cavity as its vertices is
obtained. Since tetrahedrons satisfy the Delaunay condition,
i.e., the requirement that the circumcircles of all triangles have
empty interiors, the volumes of the resulting tetrahedrons can
be used as a first step in the calculation of the cavity volume.
Only tetrahedrons with at least one vertex inside the convex
hull are retained. Besides, considering that atoms are not points
and occupy a certain volume, tetrahedrons smaller than 1.3 Å
are discarded.
C.3. Refinement. Since some tetrahedrons intersect the

inclusion area but are not entirely contained in it, the
intersections between the tetrahedrons and the inclusion area
are calculated, and only the volume that is inside the inclusion

area is kept. The result of this process is displayed in Figure 1c.
Finally, the effective volume of each atom, considered as a
sphere of radius equal to its corresponding van der Waals
radius, is subtracted to obtain the final volume of the cavity (see
Figure 1d).

D. Volume Gradient Vector (∇Vol). The ∇Vol of a protein
cavity, previously defined following the procedure denoted in
section 11.C, is obtained by partial derivatives of the cavity
volume in the basis of PCA modes {Qi}i=1,3N, being N the
number of protein residues

∑ ∑∇ = =
∂

∂
= =

cV Q
V

Q
Q

i

N

i i
i

N

i
iol

ol

1

3

1

3

(4)

with ∂

∂

V

Q
i

ol being the partial derivative of the cavity volume
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being Vol and Vol,eq the cavity volumes of distorted structure in
the direction of Qi and reference average structure, respectively.
ΔQi = Qi − Qi,eq is the relative displacement of coordinate Qi,
that is considered as a fixed fraction for all modes of to the
corresponding thermal amplitudes Ai = (2λi)

1/2. Since PCA
modes are calculated on Cα atoms, all the atoms in a residue are
displaced along each PCA mode as a rigid block. In order to
avoid steric hindrances between atoms due to displacements
performed during calculation of partial derivatives by finite
differences, structural distortions were restricted below a root-
mean square difference (RMSD) of 0.05 Å.
After a Delaunay triangulation is performed, many small

tetrahedrons are formed between neighboring atoms and even
though there are no atom centers inside them, these
tetrahedrons are filled with the electronic density of the
atoms at its vertices. These tetrahedrons do not contribute to
the final cavity volume and slight displacements of their vertices
(atoms), due to small structural distortions, can lead to
violations of the Delaunay condition. This can force to an
undesired entire retriangulation during numerical calculations
of partial derivatives. To avoid this issue, an initial triangulation
was performed on the average structure of the MD run. Only
relevant tetrahedrons were kept, neglecting small tetrahedrons
outlined above. The vertices (atoms) of the remained
tetrahedrons are then displaced along the PCA modes. In this
way, volume changes are calculated without updating the
triangulation, avoiding any “jump” in the volume magnitude
and ensuring a linear response to each PCA mode.

III. RESULTS AND DISCUSSION

Herein, four cases of study are presented (see section II.A) in
order to enlighten general dynamics aspects of cavities and their
connections with protein collective vibrational motions. We do
not attempt to perform detailed analysis of each of these
systems but rather present complementary dynamics aspects
provided by the analysis of ∇Vol. While there is no consensus
about the definition of cavities,83 herein we define them
according to visual analysis84 and previous knowledge on each
system. In the Supporting Information (Table S1), we provide
the complete list of residues that define molecular surfaces
enclosing the inner cavity volumes for each of the cases of
study.

Figure 1. Scheme of the algorithm used for cavity volume calculation:
(a) convex hull; (b) Delaunay triangulation; (c) refinement; (d) final
cavity volume.
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The effect of vibrational motions on protein cavities can be
analyzed developing ∇Vol in terms of PCA modes (see eq 4).
In order to stress differences among vibrations that contribute
the most to cavity changes, we retain the first P vibrations
ordered by decreasing values of ci

2, defining the participation
number P as
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Pq represents a measure of the delocalization of ∇Vol on the
basis of PCA modes. Its value, rounded to the nearest higher
integer, indicates the minimum number of modes needed to
represent ∇Vol. While values of Pq ≈ 3N mean that ∇Vol is
expanded among all PCA modes, Pq ≈ 1 indicate that one
single mode dominates the ∇Vol direction. The first Pq modes
ordered by decreasing values of ci

2 are the minimum set of
modes required to achieve a good description of ∇Vol

neglecting minor contributions and, therefore, stressing the
main protein f luctuations−cavity changes relationships. Values of
Pq/3N = 0.25, 0.16, 0.20, and 0.26 were obtained for HIVP-
APO, HIVP-HOLO, EGFR, and T4L, respectively. That is,
only a small fraction of PCA modes significantly contribute to
cavity changes. From now on, our analysis is focused on these
first Pq modes that contribute the most to ∇Vol.
Figure 2 shows the distribution of contributions of PCA

modes (ci
2) to ∇Vol throughout the whole frequency range. For

all systems, low-frequency modes, within the range up to 300
cm−1, represent the main contributions to changes in the cavity
volumes. Minor contributions come from high-frequency
modes. It is interesting to note that, in the case of HIVP,
ligand−protein interactions increase contributions of high
frequency modes. This can be a consequence of the rigidization
of the cavity that follows ligand binding, hindering the effect of
collective low-frequency modes.

Figure 2. (left) Distribution of contributions of PCA modes to the direction of maximum change of the cavity volumes (∇Vol) as a function of mode
frequencies obtained for each of our cases of study: HIVP-APO, HIVP-HOLO, EGFR, and T4L. (right) Corresponding structures represented by
secondary structure motifs, where selected cavities are denoted in red, and proteins, blue.
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It is interesting at this point to examine the convergence in
our results. For this purpose, we have partitioned our
simulations in two simulations of 300 ns each and new sets
of PCA modes have been obtained for each half of simulation.
Thereafter, we recalculate the distributions previously shown in
Figure 2. Results for each pair of 300 ns simulations are shown
as Supporting Information (Figure S1). In order to quantify the
overlap between them, the Bhattacharyya coefficient (BCF) has
been calculated.85,86 BCF is a divergence-type measure between
distributions that takes values of 1 for identical distributions
and approaches to 0 as both distributions differ. Values of 0.97,
0.98, 0.97, and 0.97 have been obtained for BCF between each
pair of histograms for HIVP-APO, HIVP-HOLO, EGFR, and
T4L, respectively. Besides, the overlap values between pairs of
volume gradient vectors ∇Vol, obtained using PCA modes
corresponding to each pair of 300 ns simulations of HIVP-
APO, HIVP-HOLO, EGFR, and T4L were 0.70, 0.97, 0.82, and
0.91, respectively. These results confirm the convergence of
conformational sampling for our MD simulations and the PCA
results derived from them.
PCA modes can be analyzed in terms of their localization/

delocalization throughout the protein. This can be done by
calculating the residue participation number for each PCA
mode defined by
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where Qji
2 = (Qji

x)2 + (Qji
y)2 + (Qji

z)2 and Qji
l = (l = x, y, z) are

the components of the jth atom in the ith normal mode. Values
of Pi ≈ N describe fluctuations equally distributed throughout
all the residues of the protein, and Pi ≈ 1 corresponds to
fluctuations of a single residue. In Figure 3a we show the
distribution of the fraction of residues involved in the motion of
PCA modes weighted by their contribution to the volume
gradient ∇Vol. In all our cases of study, fluctuations that
contribute to maximize the cavity volume can involve up to
approximately half of the total residues of the protein. This is
expected due to the main contributions of collective low-
frequency modes to cavity changes previously shown in Figure
2. In order to further analyze this feature, we reduce our
analysis to residues lining the cavities. For this purpose, PCA
modes were reduced and renormalized retaining only elements

involving these residues. Figure 3b displays the corresponding
distribution of the fraction of residues on the surface of the
cavities that participate together of concerted motions due to
collective modes related to cavity changes. In all cases, up to
70% of residues of the cavities participate in collective
fluctuations with a direct impact on the size of the cavities.
That is, most of residues lining the cavities can be displaced in a
synchronized way that maximizes effects on cavity sizes and
shapes. These low-frequency structural modes, while involving
movements of residues localized throughout the protein (i.e.,
up to approximately half of the total residues of the protein),
are particularly more localized on residues lining the cavities.
Therefore, they are expected to have potential impact on
protein function.
The evaluation of ∇Vol corresponding to a protein cavity

requires algorithms for cavity volume calculations that results
robust enough to structural distortions due to differential
coordinate displacements. Our results were obtained using a
combination of algorithms including convex hull, Delaunay
triangulation and additional refinement steps (see section II.C).
Other methods use predefined geometric shapes as spheres or
prisms centered on user-specified coordinates. The number and
size of these geometrical objects are subject to redefinitions and
adjustments that can lead to cavity redefinitions even under
small coordinate displacements. A convex hull drawn around
user-specified atoms, instead of fixed coordinates, gives the
required flexibility to keep the same definition of the cavity
under differential structural distortions.
Figure 4 compares the robustness of different methods for

the evaluation of ∂

∂

V

Q
i

ol (see 5) calculated by finite differences

using different displacements. For the sake of simplicity, we
exemplify our findings for Q1, the lowest-frequency normal
mode applied to HIVP-APO. Similar results are obtained for
other coordinates and cases of study. We have considered the
available software MDpocket48 and Epock.87 While MDpocket
is based on Voronoi tessellation for cavity detection, Epock
represents an implementation of grid-based methods where
cavities are identified as free spaces accessible to a probe.
Besides, we show results obtained using our procedure
described in sections II.C and II.D but with Delaunay
triangulation updated after structural distortion. MDpocket
and Delaunay with retriangulation lead to rather unstable values

of ∂

∂Q

Vol

1

with respect to changes in the relative displacements

Figure 3. Distribution of the fraction of residues involved in the motion of PCA modes weighted by their contribution to the volume gradient ∇Vol

considering (a) all residues of the protein and (b) only residues on the surface of the cavities.
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used for their calculations. More stable results are achieved
using Epock but only the procedure developed in this work

results robust enough to achieve relative stable values of ∂

∂Q

Vol

1

. A

further comparison can be obtained by performing the overlap
between ∇Vol vectors calculated using different ΔQ. Table I

compares results obtained using volume cavities calculated

following the procedure described in this work and that of

Epock. As it can be seen, larger values of overlaps are obtained

between our ∇Vol vectors, indicating their robustness to

changes in the relative displacements used for their calculations.
Cavity volumes are sensitive to relatively minor amino acids

displacements, and accurately keeping track of these changes

proved to be difficult with available software. Grid based

methods proved to be inexact, and geometric methods, overly

sensitive to slight variations. Therefore, we further test the

consistency of our procedure for cavity volume calculations

under small volume changes introduced by differential

structural distortions. In order to do that, we consider ∇Vol

expressed in Cartesian coordinates q applying the linear

transformation between PCA modes Q and q, given by eq 3,

onto eq 4
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The robustness of our algorithms for cavity volumes and
numerical calculation of partial derivatives can be tested by
comparing results obtained using eqs 8−10 with results

obtained using direct finite diferences =
∂

∂

−
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V V V

j
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j
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ol ol ol,eq . In all

cases, the overlap between ∇Vol calculated in these two ways
was greater than 0.96. On the contrary, the corresponding
overlap values using Epock for volume calculations were no
larger than 0.57.
Figure 5 shows the relative residue displacements associated

with the ∇Vol direction, calculated using eq 8. The most
significant displacements correspond to residues localized on
the surface of the cavities. While low-frequency collective
fluctuations, involving the mobility of up to 50% of protein
residues, contribute the most to volume cavity changes (see
Figures 2 and 3), effective cancellations among the contribu-
tions of different modes to mobility of residues outside the
cavities are observed. Therefore, changes in the cavity sizes do
not actually involve visible large conformational changes
throughout the protein structure but differential structural
distortions and localized rearrangement of residues lining their
surfaces (see the Supporting Information).
In the case of HIVP-APO, ∇Vol involves large displacements

of residues belonging to the flap domain and located facing the
cavity(∼43%), as well as residues belonging to the core domain
(∼43%). Ligand binding slightly reduces the contributions of
residues in the flap domain (∼38%). While ∇Vol of HIVP-
HOLO is equally distributed between both monomers
involving similar residues displacements on each of them,
dynamics asymmetries are observed for HIVP-APO. This is due
to asymmetric localization of the low-frequency modes that
contribute the most to ∇Vol.
EGFR active conformer presents a ∇Vol mainly localized on

the β-strands and αC-helix of N lobe involving residues with
side-chains pointing into the cavity (46%). It also involves
relative motions of residues near the hinge region between N
and C lobes (45%). The active EGFR conformation is relatively
unstable. Previous studies54 show that active−inactive con-
formational transition involves the opening of the N and C
lobes to allow local unfolding at the hinge region, prior to the
close of the lobes to restabilize in its inactive conformation. We
observed that these motions do not significantly contribute to
∇Vol. EGFR presents significant contributions of middle-range
frequency modes to volume cavity changes, a feature that leads
to a relative rigidity of its cavity.

Figure 4. Comparison of robustness of different methods for the

evaluation of ∂

∂Q

Vol

1

calculated by finite differences using different values

of XΔQ1.

Table I. Overlap Values between ∇Vol Vectors Obtained by
Numerical Calculations Performed Using Different ΔQ
Displacements and Volume Cavities Obtained Following the
Procedure Described in This Work//Epock

ΔQ

ΔQ 2 4 6 8

2 1 0.80//0.70 0.82//0.50 0.73//0.43

4 0.80//0.70 1 0.90//0.75 0.81//0.64

6 0.82//0.50 0.90//0.75 1 0.88//0.81

8 0.73//0.43 0.81//0.64 0.88//0.81 1
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Low frequency modes involving N-terminal and C-terminal
interdomain motions of hinge-bending, twisting, and shear
represent significant contributions to ∇Vol in T4 lysozyme.
This is in agreement with PCA studies that have previously
reported65,70 the large impact of these motions on the catalytic
clef.
Within the frame of the quasi-harmonic analysis approx-

imation,88 the variation of the potential energy of a protein in
the direction of ∇Vol can be used as a measure of flexibility of
the cavity
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B , where kB is the Boltzmann constant and T is the

absolute temperature (300 K). ΔX represents the displacement
in the direction of ∇Vol relative the average structure used as
reference in PCA calculations (see section II.B). Figure 6a
displays ΔE∇Vol as a function of the relative displacement ΔX
for all cases of study. The order of flexibility of the cavities
results HIVP-APO > T4L > EGFR > HIVP-HOLO. As it is
expected, HIVP cavity becomes more rigid after ligand-binding.
In order to give an insight into the values of relative flexibilities,
Figure 6b shows the cumulative values of contributions of PCA
modes (ci

2) to ∇Vol (see eq 4) as a function of PCA mode
frequencies. Proteins whose collective low frequency fluctua-
tions participate the most on changes of cavity volume exhibit
more flexible cavities. Despite the large contribution of these
modes to displacements in the direction of ∇Vol (see Figure 2),
they do not represent the main cost of energy in this direction.
This can be seen in Figure 6c where we display the cumulative

Figure 5. (left) Relative residue displacements associated with the ∇Vol direction obtained for HIVP-APO, HIVP-HOLO, EGFR, and T4L. Values of
residues lining the cavities are colored in red and light blue is used for the rest of residues. (right) Corresponding structures represented by
secondary structure motifs, with selected cavities colored in red, and porcupine plot of ∇Vol vector denoted with red arrows.
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values of
Δ

Δ ∇

E

E

iQ

Vol

as a function of PCA mode frequencies. Low-

frequency modes, that is, modes with frequencies up to 300
cm−1, only contribute less than 40% to the total ΔE∇Vol in the
case of HIVP-APO, while their contributions are largely
attenuated in the HIVP-HOLO by the presence of the ligand.
Comparing our four cases of study, we can conclude that those
relatively more flexible cavities (Figure 6a) are characterized by
comparatively larger contributions of low frequencies modes to
∇Vol (Figure 6b) representing larger fraction of the total energy
cost (Figure 6c).

IV. CONCLUSIONS

Protein fluctuations−cavity changes relationships have been
explored analyzing cavity volumes gradients in terms of protein
PCA modes. Our study provides complementary dynamics

aspects to a direct evaluation of volume and protein fluctuations
obtained during MD simulations. For this purpose, we make
use of a combination of algorithms for cavity volume
calculations robust enough for numerical differentiations.
In all our cases of study, the analysis of contributions of PCA

modes to the volume gradient vector reveals major
contributions of low frequency modes and minor contributions
of high frequency modes. These low-frequency modes can
involve fluctuations of up to approximately half of the total
residues of the protein and 70% of residues of the cavities.
Despite that, changes in the cavity sizes do not actually involve
large conformational changes throughout the protein structure
but localized rearrangement of residues lining their surfaces.
This seems to take place due to effective cancellations among
the contributions of different modes to mobility of residues
outside the cavities.

Figure 6. (a) Potential energy change in the direction of ∇Vol; (b) cumulative values of contributions of PCA modes (ci
2) to ∇Vol as a function of

PCA mode frequencies; (c) cumulative values of
Δ

Δ ∇

E

E

iQ

Vol

as a function of PCA mode frequencies.
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Considering the variation of the potential energy of a protein
in the direction of ∇Vol as a measure of flexibility of the cavity,
we observe that proteins whose collective low frequency
fluctuations participate the most on changes of cavity volume
exhibit more flexible cavities. Nevertheless, while low-frequency
modes represent the main contributions to ∇Vol, they do not
represent the main cost of energy.
We consider these results as a first step to elucidate

connections between protein fluctuations and volume cavity
changes. The flexibility of protein cavities can impact on
functional aspects like ligand affinities and binding promiscu-
ities. Mutations that reduce the cost of energy in the direction
of maxima changes in cavity volumes should increase cavity
flexibility and, therefore, can potentially lead to increase
substrate promiscuity.
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