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GRAPHICAL ABSTRACT

« PCA performed on short-time MD experi-
ments leads to cosine-shaped projections.

« Also PCA performed on multidimension-
al Brownian dynamics leads to the same
result.

* We use Random Matrix Theory tools in
order to compare MD data with Brownian
systems.

« We show that protein dynamics is
not really Brownian also at very short
time-scale.

* We suggest that Random Matrix Theory
can be very useful in MD data analysis.
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principal axes.

It is well known that, in some situations, principal component analysis (PCA) carried out on molecular dynamics
data results in the appearance of cosine-shaped low index projections. Because this is reminiscent of the results
obtained by performing PCA on a multidimensional Brownian dynamics, it has been suggested that short-time
protein dynamics is essentially nothing more than a noisy signal. Here we use Random Matrix Theory to analyze
a series of short-time molecular dynamics experiments which are specifically designed to be simulations with
high cosine content. We use as a model system the protein apoCox17, a mitochondrial copper chaperone. Spec-
tral analysis on correlation matrices allows to easily differentiate random correlations, simply deriving from the
finite length of the process, from non-random signals reflecting the intrinsic system properties. Our results clearly
show that protein dynamics is not really Brownian also in presence of the cosine-shaped low index projections on

© 2014 Elsevier B.V. All rights reserved.

1. Introduction

Protein functions, such as substrate recognition and release, enzy-
matic activity and allosteric regulation, require conformational transi-
tions. Due to inherent difficulties to experimentally access to the time-
resolved protein motions, molecular dynamics has been increasingly
used in the study of molecular conformations in functionally-relevant
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motions at atomic detail [1]. Nowadays, molecular dynamics protocols
permit to obtain accurate prediction of experimental observables (see,
for example Ref. [2]). However, the enormous intrinsic dimensionality
of biological systems poses serious intelligibility problems. To overcome
these difficulties, a series of techniques have been used in order to ob-
tain low-dimensional and meaningful representations of the system dy-
namics [3,4]. The search for collective coordinate systems, permitting to
identify subspaces in which functionally significant protein motions
could be easily and accurately identified, is nowadays an active and
attractive research field [3]. Among the computational methods for
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identifying useful collective coordinates one of the most widely used is
the normal mode analysis [5,6], which is based on the harmonic approx-
imation of the conformational energy surface. However, this approach
relies essentially on a single conformation, which is assumed to corre-
spond to the minimum energy structure. The presence of multiple min-
ima in the protein conformational energy landscape has determined a
wide use of computational approaches more suitable to be applied on
the large number of molecular configurations obtained by molecular
(or also Monte Carlo) dynamics. Principal component analysis (PCA) is
one of the most popular computational tool used for this task [4,7,8],
based both on the mass-weighted covariance matrix, as in the quasi-
harmonic analysis [9], or on a non-mass-weighted covariance matrix,
which is the approach used in the essential dynamics version [10].
Even if methods able to detect nonlinear correlations in molecular dy-
namics analysis have been proposed, such as the nonlinear principal
component analysis [11,12], the full correlation analysis [13] and the
Isomap-based routines [14,15], still the most widely used methods for
dimensionality reduction are PCA-based algorithms.

For systems in which a single potential well is an appropriate repre-
sentation of the conformational energy landscape, the mass-weighted
principal modes correspond essentially to the normal modes, i.e. the ei-
genvectors of the mass-weighted Hessian matrix matching the energy
minimum configuration. However, for systems in which multiple mini-
ma exist (or are at least supposed), analysis of the non-mass-weighted
covariance matrix is more appropriate. By this way, PCA may suitably
account for anharmonic molecular motions, thus providing access to
the largest collective atomic fluctuations. Generally, more than 80%
of the total atomic fluctuations are contained in less than 20% of the
principal axes.

One major drawback of covariance matrix-based analyses has been
pointed out: these methods critically depend on sampling. As was
shown in Ref. [16] principal components from the short-time multidi-
mensional protein simulations are cosine (or sine) shaped, similar to
what is observed in multidimensional random diffusion [16,17]. The
problem of how to separate intrinsic properties of the molecular system
from sampling artifacts has led to a series of studies and proposals
[17-20]. Generally, the accuracy of the covariance matrix analysis is
considered to depend on the statistical relevance of configuration space
sampled within the simulation time-course. Whereby, a number of sug-
gestions have been made in order to evaluate the so called ‘convergence’
of simulations. The cosine content method [16,17,21] or the overlap
measures of the essential subspaces [17,19,20], based on the root mean
square inner product of the essential eigenvectors, are among the most
popular ones. The question of the essential eigenvector convergence
has been addressed in several studies [3,18-22].

Here we show that the cosine-shaped appearance of the principal
component projections in molecular dynamics analysis does not mean
that protein motions are featureless, or equivalent to random diffusion.
The physical reason of these cosine-shaped low index projections is
simply related to the fact that, in short time-scale, proteins explore a
flat landscape, with shallow minima. Here we use a method able to
discriminate true non-random dynamics from pure random motions,
which is based on the Random Matrix Theory (RMT) [23,24]. This meth-
od is suitable for the intrinsic system properties' extraction, also in
presence of apparently barrier-less dynamics, such as, even if not limit-
ed to, short time-scale simulations.

2. Methods
2.1. Molecular dynamics simulations set-up

Fully reduced apo-Cox17, PDB [25] entry 1U97 [26], has been used as
model system, similarly to what was reported in Ref. [27]. The protein
was immersed in a water sphere containing 6080 TIP3P type water
molecules and five counterbalancing potassium ions to preserve elec-
troneutrality. Molecular dynamics simulations were performed by

NAMD [28,29] using the all-atom Charmm?22 force field [30] with
CMAP correction [31]. Simulations were run at 310 K in the NVT ensem-
ble essentially as described [27]. Each simulation run lasted for 1.1 ns
after the minimization and equilibration protocol. Data extraction was
done using VMD [32].

For each simulation run T 4 1 conformations were sampled (includ-
ing the starting one). The extracted data are in the form of atomic posi-
tion vectors: each vector in the conformational vector set has dimension
N = 3n and is of the form xy, y1, z1, ..., Xn, Yn, Zn, Where each x;, y;, z;
corresponds to the Cartesian coordinates of the ith a-carbon atom.
The sampled conformations were arranged in an empirical data matrix
of dimension (T + 1) x N.

2.2. Principal component analysis and Random Matrix Theory

For data of dimensionality N, PCA permits to compute N so-called
principal components (PCs), which are N-dimensional vectors that are
aligned with the maximum variance directions of the data. The PCs
must form an orthonormal basis, i.e. they are all mutually perpendicular
and have unit length, so they are uncorrelated.

In the classical PCA algorithm, the input data consist of T + 1 obser-
vations x;, each of dimension N. From these observations, a centered ma-
trix is constructed by subtracting the mean value of each degree of
freedom time series. By this way we obtain a matrix whose elements
are atomic displacements from an average conformation (note that
this last conformation does not have a physical significance). The trans-
pose of the displacement matrix can be used for the Pearson's coeffi-
cient matrix calculation (see below for details). We use the rank-
ordered eigenvectors of the Pearson's coefficient matrix as PCs, instead
of the correlation matrix eigenvectors, and projections of the original
centered data on the PCs can be done simply by performing the dot
product, as usual.

The transpose of the temporal evolution matrix representing the
protein a-carbon atoms (see above) can be used to build a position
difference matrix D of dimension N x T, whose elements are

Dyt = Xt 1) —Xar- 1)

From this difference matrix a new matrix X is constructed, whose
elements are

Xai = = (Xa (1) —Xa) @)

where 0, represents the standard deviation of each degree of freedom
time series. Based on this matrix, a correlation matrix of size N x N
can be obtained:

— 1 T
C = XX 3)

where the " means the transpose matrix, and whose elements are the
Pearson's coefficients C,g. Statistical dependencies among the signals
(representing the degree of freedom time series) are revealed by the
non-zero elements of C. Eigenvalues and eigenvectors of C can be
obtained by solving the equation

Cv = Ny (4)

and the usual convention A; > A, > A3 > ... > Ay is applied. Because, by
construction, the correlation matrix C is real and symmetric, its eigen-
values A, and the corresponding eigenvectors vy are also real. Note
that, since C, = 1 we have:

N N
> N =Trace(C) =Y Coq =N. (5)
k=1 a=1
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The matrix V containing the ordered eigenvectors can be used to
project the original empirical data on the new basis system simply by
computing the dot product Y = V'X.

When looking at the eigenspectrum of a correlation matrix it is es-
sential to distinguish between correlations arising from true dependen-
cies among the system degrees of freedom and false correlations related
to the finite length of signals. This task can be done by the RMT [24,33],
which offers universal predictions for matrix ensembles with specific
properties. Starting from a Gaussian random matrix Gg, i.e. a matrix of
independent and identically distributed (i.i.d.) standard random normal
elements, a series of random matrix ensembles can be obtained [24].
The G entries can be real (3 = 1), complex (8 = 2) or quaternions
(B =4).1f Ggis a p x p matrix we can describe the Gaussian ensembles
as (Gg + Gg')/2. G5’ denotes the transpose of a real matrix (8 = 1), the
Hermitian transpose of a complex matrix (3 = 2) or the dual transpose
of a quaternion matrix (3 = 4). By this way, we can define the Gaussian
orthogonal ensemble (GOE, 8 = 1), the Gaussian unitary ensemble
(GUE, B = 2) and the Gaussian symplectic ensemble (GSE, 8 = 4).
The Gaussian ensembles are of paramount importance in many fields
of physics. If Gg is a g x p (q = p) matrix, we can define, in general, the
Wishart ensembles as Gj Gp [24,34]. As for the Gaussian ensembles,
the Wishart ones can be represented by p x p symmetric (3 = 1),
Hermitian (3 = 2) or self dual (3 = 4) matrices. The Wishart ensem-
bles, and the related Jacobi/MANOVA ensembles [24], arise naturally
in multivariate statistics. Other random matrix ensembles can be de-
fined (the Fourier/circular ensemble). In the case of molecular dynamics
analysis, we must consider real and symmetric correlation matrices, so
the pertinent ensemble is the Wishart (3 = 1) one. We define our
Wishart-type matrix as:

W=_MM" (6)

1
T
where the matrix M contains elements from a zero-centered Gaussian
distribution. In our case we construct such random matrices in two dif-
ferent ways. We obtain a Wishart-type ensemble by randomly shuffling,
along columns, the empirical simulation matrix whose entries are the
a-carbon atoms Cartesian coordinates and by successive transposition.
By this way an ensemble of shuffled random difference matrices is con-
structed, essentially as reported above for the empirical correlation
matrix; we will refer to this as the shuffled ensemble. The other method
that we use consists in the construction of a matrix as an N-dimensional
Brownian process, having the same dimension and variance (along the
columns) of the empirical matrix. After transposition, these matrices
are treated as the empirical one, and we will refer to these matrices in
the forthcoming discussion as the Brownian ensemble.

An interesting finding of the RMT is that, for each random matrix en-
semble, a particular distribution of eigenvalues must be expected. This is
the main reason for which RMT is extremely useful in signal extraction:
these eigenvalue limiting densities indicate the cutoff between noise
and signal. In the limit N, T — « and Q = T/N > 1 (the non-degenerate
case) the eigenvalue density for the Wishart matrices is described by
the Mar¢enko-Pastur distribution [35,36]:

max_)\)()\_)\min) (7)

Pw = 2no?

max 2 l l
ADEX _ o (1 +Q:t2\/;> (8)

where Amin < A < Amax. In case of large, but finite, N and T, blurred
boundaries of this distribution are expected. This is described, for the en-
semble we are interested in, by the Tracy-Widom distribution [37,38].

In the limit of large N, T, the Tracy-Widom distribution width is given
by [37,33]:

O = V1/QMax /N 9)

What was reported above permits to differentiate non-random com-
ponents in the correlation matrix. We consider the correlation matrix as
composed by two different components

C=C+0Cpy (10)

where C; is the random component and G, the non-random one. This is
reminiscent of the correlated Wishart matrices [33,39], a particular
Wishart ensemble in which to a classical random Wishart matrix a per-
turbation is added. In this particular case, the A; is repelled to the right
from the rest of the spectrum, provided that the perturbation is above a
certain threshold. On these basis, we obtain the random component of
the correlation matrix using the following algorithm: i) calculate the
eigenvalues and the eigenvectors of the correlation matrix C; ii) order
the eigenvector matrix V as the rank of corresponding eigenvalues;
iii) construct an all zeros matrix Z, of same size of C, except the element
(1, 1) which equals Apax; and iv) calculate the matrix U = VZ(V) ™! and
calculate the new correlation matrix G, = C — U.

We iterate this process until in the U matrix non-random elements
are present. On the basis of the empirical correlation matrix eigenvalue
distribution and the RMT expected distribution, we can estimate how
many times the algorithm must be iterated until the smallest non-
random eigenvalue above the Wishart threshold has been removed
from the correlation matrix. The result of this iterative calculation is
the G, matrix, so we obtain the non-random correlation matrix by sim-
ple subtraction. Finally, the centered and scaled difference matrix X is
projected, by performing the dot product, on the ordered eigenvectors
obtained from the cleaned correlation matrix G-

3. Results and discussion

Molecular dynamics simulations have been performed on the two-
helix bundle protein Cox17. This is a small, 69 residues long, copper
chaperone in mitochondria, characterized by a significant conforma-
tional flexibility [40,41]. Cox17 works as a metal chaperone on Scol
and Sco2 [42], which in turn are involved during the copper insertion
in the so-called Cu, site of the cytochrome c oxidase [43]. Secondary
structure elements of Cox17 are two a-helices (residues 27-39 and
48-60) and two coiled-coil regions; this coiled-coil-helix—coiled-coil-
helix domain is a structural motif that was observed also in other mito-
chondrial proteins [26,40,41]. Our molecular dynamics set-up has been
deliberately designed as a minimal one, in order to obtain what is gen-
erally considered to be a worst case, i.e., for the purpose of this report, a
situation in which the projections on the first principal axes clearly
show a high cosine content. This molecular system has been previously
used to study the protein dynamics complexity in a minimal computa-
tional set-up [27]. It has been shown that, besides the a-hairpin, Cox17
exhibits low levels of secondary structure, being able to explore an un-
usually flat conformational landscape, similar to the intrinsically un-
structured proteins [44,45], but anyway able to maintain a defined
three-dimensional structure, at least in the nanosecond time-scale
[27]. This behavior is well described by root mean square deviation
analysis: for different simulations at 310 K, we observe values ranging
from (4 standard deviation) 3.3 & 0.7 A to 4.5 & 1.0 A for all the
protein atoms (but excluding hydrogen atoms), corresponding to only
0.8 + 0.14 A and 0.9 + 0.20 A respectively, if it was calculated on the
a-carbon atoms in the two-helix hairpin region. Even if in the following
discussion we analyze only a single simulation run (to which we will
refer as the empirical matrix), consider that rather identical results
have been obtained for all the replicate simulations. As expected, because
of the very short simulation time, PCA shows a typical cosine-shaped
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appearance of low index projections on principal axes, as reported in
Fig. 1.

We can also observe a particularly striking similarity between the
projections on the first principal axes of the protein simulation matrix
and of a random diffusion one (see Fig. 1). This last matrix represents
a 207-dimensional Brownian dynamics simulation having, for each
dimension, the same Gaussian distribution of the protein simulation

(a)

20
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%

0.2 0.4 0.6 0.8 1

Fig. 1. Principal component analysis. First (a), second (b) and third (c) PC projections of
the Cox17 empirical simulation matrix (black line) and of a 207-dimensional Brownian
matrix (gray line) are reported. Note the striking similarities and the evident equivalent
cosine content of the low index PCs for both matrices.

matrix. This is the typical case described in Ref. [16] and theoretically
justified therein. It should be recalled, however, that on the basis of
the Karhunen-Loéve theorem, a Wiener process, i.e. the continuous-
time counterpart of Brownian motion, at least in some conditions, can
be expressed as an infinite linear combination of sine-shaped functions,
so the appearance of sine- (or cosine-) shaped functions in the PCA of a
multidimensional Brownian motion is not particularly surprising. We
suggest that, from a physical point of view, what this cosine-shaped ap-
pearance in the low-index principal projections means is just that the
system experiences a barrier-free diffusion. It may be that barriers
exist, but they are not encountered due to a too short-time observation
(or allowed evolution) of the system; or they are too shallow to repre-
sent a significant kinetic barrier at the allowed energy (temperature);
or simply they do not exist, as in the mathematical multidimensional
Brownian diffusion. We cannot guess what the right option is by simply
observing these cosine-shaped projections. Anyway, when the protein
trajectory is projected on the first two principal axes, the half and full co-
sine produce a semi-circle that could be erroneously interpreted as the
transition from a well-defined conformation to another (see also below).

As stated above, cosine-like shaped projections on first principal
components indicate that there were no barriers encountered by
the system during its evolution. But does this mean that the system
dynamics is featureless, exactly as a pure multidimensional Brownian
dynamics? This is a question of practical as well as theoretical impor-
tance. Practical because, besides the presence or absence of barriers in
the explored conformational landscape, one could be still interested in
determining if clusters of conformations or coherent motions can be
resolved in molecular dynamics simulations in a meaningful way. But
the question is of theoretical importance also, because if, on a very
short time-scale, protein dynamics could really be described as a pure
Brownian dynamics, then, taking the argument to the limit, the whole
protein dynamics is nothing but a type of, maybe special, Brownian
dynamics. But this leads to a ballistic behavior on long time-scale, as
pointed out by Hess [16,17]. To avoid this, it is necessary to postulate a
mechanism through which non-Brownian behavior emerges from a
patchwork of short Brownian pieces. But as we shall see below, this is
not necessary because, even at very short times, protein dynamics is
not really Brownian.

One of the most powerful tools for extraction of collective behavior
from a sea of noise is the Random Matrix Theory (RMT). The study of
matrices with random entries goes back as far as the 1920s, when it
was introduced by Wishart [34] in the field of mathematical statistics.
It was however in the 1950s that the wide use of random matrices has
been introduced in physical modeling by Wigner [46,47] and Dyson
[48]. Since then, RMT has been proven to be an astonishing successful
technique, which has found a vast array of applications, ranging from
the original quantum mechanics ones, to the complex systems analysis,
including financial markets [33,49,50]. Surprisingly enough, besides few
examples [51-53], no significant wide exploitation of RMT in protein
dynamics analysis can be reported so far.

One critical point of the PCA-based analyses is a reliable empirical
determination of the correlation matrix, which generally turns out to
be a difficult task. For a set of N system degrees of freedom, the correla-
tion matrix, which is symmetric by construction, contains N(N — 1)/2
entries, obviously besides the diagonal ones. Each of these entries
must be determined from N time series of length T, and if T is not very
large compared to N, obtained covariance values are intrinsically noisy.
In this case, the empirical correlation matrix is to a large extent random.
From this point of view, it is important to develop methods able to dis-
tinguish true system signals from noise. As a null hypothesis, we com-
pare the simulation correlation matrix properties to what is expected
in the case of purely random matrices. Deviations from the random
matrices' behavior could suggest the presence of useful information,
i.e. the presence of non-random motion in the system under analysis.
Here we use an empirical correlation matrix constructed from the de-
grees of freedom change time series, Ax;(t) (where i labels the degree
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of freedom and t the time) in the unit time. This last is related to the
sampling frequency (which is, in the reported empirical matrix,
250 fs~1). From a physical viewpoint, these quantities correspond to
velocity. However, the displacement matrix, which is more often
employed in molecular dynamics PCA calculations, can be used too in
RMT based analysis.

If we consider the eigenspectrum of the empirical correlation matri-
ces, the essential problem to overcome is to distinguish between the
correlations originating from real dependences among the degrees of
freedom and the false (or random) correlations which are simply a con-
sequence of the finite length of signals. For this purpose, RMT can be
used, because it offers universal forecasts for specific matrix ensembles.
In the case of the empirical correlation matrices obtained from molecu-
lar dynamics experiments of dimension N x T (where N represents the
number of Cartesian coordinates and T the observed time points), the
relevant one is the Wishart matrix ensemble (see Methods section). In
the limit N, T — < the eigenvalue density for the Wishart matrices is
given by the Mar€enko-Pastur distribution. In Fig. 2 the distribution of
eigenvalues from the empirical correlation matrix is reported (panel a).

If we compare this eigenvalue distribution with those obtained from
the shuffled simulation matrix ensemble (Fig. 2, panel b) and with the
eigenvalue distribution obtained from a 207-dimensional Brownian
matrix ensemble (Fig. 2, panel c), we can easily see that an enormous
difference is evident. The eigenvalue distributions in the shuffled and
Brownian cases are clearly different from the empirical one. The shuf-
fled matrix and the Brownian ensembles behave exactly as predicted
by the RMT. The best-fitting Marcenko-Pastur distribution for the
reported shuffled ensemble has A, and Anax values of 0.52 and 1.62,
respectively, and also the fitted Q value is well in agreement with the
expected one. The Q value calculated by best-fitting the Marcenko-
Pastur distribution for the shuffled ensemble is 21.05, when the expect-
ed (based on the matrix dimensions T and N, because Q is the T/N ratio)
was 21.25. On the basis of fitted parameter, for the shuffled ensemble
we estimate a value of 0.009 for the width of the Tracy-Widom distribu-
tion. For the Brownian matrix ensemble, the best-fitting Mar¢enko-
Pastur distribution shows a Amin, Amax and Q of 0.60, 1.51 and 23.0,
respectively, with a calculated Tracy-Widom distribution width of
0.008. Even considering the expected An,x smearing, several eigen-
values of the empirical correlation matrix under analysis absolutely
cannot be considered as random. This is a crucial point in our analysis:
also in presence of cosine-shaped projections in low-index principal
axes, the system is completely different from the Brownian ensemble,
as well as from the random shuffled one. It is important to stress here
that this type of result is absolutely not to be considered an artifact
due to the particular system under consideration. The RMT can be
used to determine the random eigenvalue boundary in all datasets
that are obtained by molecular dynamics; an example of this type of
analysis is shown in Supplementary Fig. 1, where the results obtained
from a simulation carried out as described in Ref. [54] are shown. Even
if in the forthcoming analysis we will focus our attention on the largest
eigenvalues deviating from RMT predictions, it should be noted that the
spectrum of the empirical correlation matrix deviates from random
matrices' behavior for smallest eigenvalues too. In the case of empirical
correlation matrices, eigenvalues below the RMT allowed ones can be
associated to eigenvectors describing correlations, or anticorrelations,
between pairs or small groups of degrees of freedom. We will not dis-
cuss them further because they represent very local, instead of global,
system motions. However, in some applications (for example in the re-
construction of residue connections in dynamically relevant networks)
a detailed analysis of these non-random and small eigenvalues associated
eigenvectors could be useful.

Once we have determined that the eigenvalue distribution of the
simulation matrix behaves differently from what is predicted by the
RMT, where its random counterparts perfectly obey to this theory, it is
interesting to test how long the simulation must be in order to observe
eigenvalues, with associated eigenvectors, out of the random range. We
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Fig. 2. Spectral analysis. Spectra of the Cox17 empirical correlation matrix (a) and of the
shuffled (b) and Brownian (c¢) ensembles are reported. Each ensemble was composed of
100 different shuffled and Brownian matrices, respectively; spectra were calculated as
reported in the Methods section.

perform such analysis by considering a series of shortened matrices,
that were built by selecting from the original simulation matrix only
the rows corresponding to time from O to t. < T. By this way, we can ob-
serve the spectral evolution of the simulation at several Q values. For
each of these partial matrices we calculate the expected A2« from the
Mar¢enko-Pastur distribution and the Tracy-Widom distribution width,
o From these values we can obtain, from the spectra of the shortened
matrices, the number of eigenvalues above the random range. The results
are reported in Table 1. Columns in this table represents, respectively: the
Q value obtained from the matrix dimensions; the RMT predicted Apax;
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Table 1
RMT predicted parameters and number of eigenvalues above the random matrix range at
different Q values.

Q >\max Oomw A> )\max A> )\max
(p < 0.001)
1.01 3.8050 0.0665 13 10
5.0 2.0390 0.0209 35 32
10.0 1.7318 0.0130 46 45
15.0 1.5827 0.0100 53 51
21.25 1.4806 0.0081 57 57

the expected Tracy-Widom distribution width ory; the number of
eigenvalues above the RMT predicted Apax (A > Apmax); the number of
eigenvalues above the RMT threshold with p < 0.001 (the rightmost
column). The significance levels are calculated as in Patterson et al. [55].

An amazing finding of this analysis is that, in this simulation, a signif-
icant number of eigenvalues are above the predicted RMT threshold
even in the case of Q = 1.01. At this Q value we are considering a
situation near the limit of the degenerate case, but still 10 eigenvalues
are out of the random matrix range with p < 0.001. Similar results are
obtained using the shuffled (or the Brownian) ensembles at different
Qvalues in order to assess the random eigenvalue boundaries, as report-
ed in Fig. 3. It should be noted that the exact number of eigenvalues
above the random threshold varies from one simulation to another, par-
ticularly at close to unit Q values.

Moreover, the non-random eigenvalue number oscillates if we ana-
lyze different time subsets within a simulation. Using a sliding window
protocol set to Q = 1.01 over all the Cox17 simulations performed in
this work, and considering as non-random eigenvalues with p < 0.001
those calculated as reported above [55], we have an estimate of the
non-random eigenvalue number oscillation within simulations. The
minimum non-random eigenvalue number was 9, the maximum was
13, with mean, median and mode equal to 11 (considering an ensemble
of more than 8000 time subsets). The estimate number of non-random
eigenvalues depends also from the threshold calculation method, again
particularly at Q values near the degenerate case. What must be highlight-
ed here is the fact that, for all Q > 1, there are some eigenvalues above the
random threshold, howsoever calculated. As can be expected, the number
of non-random large eigenvalues increases with increasing Q; this is a
consequence of the intuitive fact that more precise measurements (i.e.
longer simulations) allow to better distinguish between random motion
and molecular movement. In long simulations the number of eigenvalues
above the Wishart range oscillates around a limiting value, which sug-
gests a method for estimating the so-called convergence of a simulation
(not shown).

In order to eliminate the random contributions in the covariance
matrix, we iteratively construct a correlation matrix containing only
components above those predicted by RMT, as detailed in the Methods
section. In Fig. 4 the correlation matrices before and after this cleaning
procedure are reported.

Consider that after this iteration, the original correlation matrix
(Fig. 4, lower left triangle) has been separated in a non-random one
(Fig. 4, upper right triangle) and a matrix containing only random
entries (not shown). We use the eigenvectors of the non-random part
of the correlation matrix for the subsequent eigenvector analysis of
the empirical matrix. As usually done in PCA, by this way we obtain a
rotation of the initial dataset. By projecting the empirical matrix on
the non-random eigenvectors we lose part of the original variance, but
the global motions that we can now observe are surely out of the ran-
dom range. Correlations among distant residues in this cleaned matrix
representation appear more evident (although faint) than in the original,
noise-blurred, one. It should be noted that a similar iterative cleaning on
the Brownian correlation matrices leads to a complete loss of the corre-
lated signals originally present, simply represented by the correlation of
each element with itself. This is due to the fact that, in this case, a large,
or better a major, part of the original variance is still in the residual

correlation matrix. The residual correlation matrix corresponds to the
random one in the case of the empirical correlation matrix iteration.

The appearance of low index projections on the non-random basis
vectors is, obviously, still cosine-like (not shown), but this is simply
due to the fact that our iterative calculation selects eigenvectors from
the original correlation matrix. Moreover, this is in agreement with the
observation that protein dynamics inside a potential well approaches a
Brownian-like regime on the whole protein scale [27]. Frequency spec-
tra analysis on molecular dynamics time-series has led to the proposal
that the observed in-time correlations can be described mathematically
as the convolution of a Gaussian signal with an n-body decay term. This
last term is due to the networked nature of the whole protein system
[27].

A striking difference that can be observed when one performs a
spectral analysis of molecular dynamics-deriving matrices from one
hand and the pure Brownian (or also shuffled) matrices on the other
is related to the eigenvector ‘structures’. In the latter case no meaningful
patterns can be observed at all, but in the former case, i.e. in the molec-
ular dynamics deriving matrices, non-random eigenvectors show inter-
esting patterns, for which a meaningful interpretation can be made.
Moreover, eigenvector component distributions for the correlation
matrices of the Brownian and shuffled ensembles fall in the predicted
Porter-Thomas distribution for random matrices [33], but in the case
of the empirical correlation matrices this is true only for eigenvectors
in the Wishart range (not shown). In the reported simulation, non-
random eigenvector analysis reveals interesting rate patterns associated
to secondary structure motions such as a-helix bending, stretching and
displacements. For example, in Fig. 5 the rate distribution derived from
the first eigenvector is shown. The associated eigenvalue is, as demon-
strated above, out of the Wishart range with absolute confidence. It
should be emphasized that this result is not important because we ob-
serve a particular type of motion in our model system. Instead it is impor-
tant because we observe a non-random and coherent protein motion
where a random, Brownian type, dynamics was expected (high cosine
content dynamics).

This means that, even in the case of very short molecular dynamics,
non-random events can be easily discriminated from random ones. This
discrimination occurs in the presence of clearly cosine-shaped projec-
tions on the firsts PCs. This leads us to conclude that the short-time dy-
namics of Cox17 is Brownian-mimetic but not really Brownian. This can
be easily extended also to other protein systems, because our reported
example on the short-time dynamics of Cox17 cannot be considered
as an exception. It is the underlying structure of the correlation matrix,
expressed by the presence of evocative non-random eigenvectors, that
differentiates the protein dynamics from the pure Brownian motion.

4. Conclusions

This work shows that RMT can be of wide use in molecular dynamics
analysis, because it permits to accurately discriminate between random
components of motion from non-random ones. True correlations can be
rigorously discriminated from those which are derived from the, al-
ways, finite length of simulation. If we are not in presence of a true
Brownian system, but instead of a correlated one, we can still extract
useful information on the system out of the sea of noise, and the non-
random eigenvectors could be related to specific system features in a
meaningful way. As shown above, the boundary of non-random eigen-
values, and the associated eigenvectors, can be estimated from only a
few easily calculable parameters. Knowing Q, which is determined
by the simulation time and the protein dimension, and knowing the
whole simulation matrix variance, we can compare the simulation ma-
trix spectrum with the expected Wishart boundary at a very low com-
putational cost. The reported analysis shows that this works even in
the presence of cosine-shaped projections on the low-index principal
components. Indeed we have shown that there are substantial differ-
ences between true Brownian systems and, even weakly, correlated
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Fig. 3. Spectral analysis at different Q values. Spectra of the Cox17 empirical correlation matrices (left panels) and of the relative shuffled ensembles (right panels) are reported. Each shuffled
ensemble was composed of 100 different matrices. Showed Q values are, from top to bottom, 1.1, 6.1, 11.1, 16.1 and 21.1, respectively. Spectra were calculated as reported in the Methods
section.
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Fig. 4. Correlation matrices. The original correlation matrix C (lower left) and the non-
random part C,, (upper right) of Cox17 simulation are reported as image. Scale ranges
from dark gray to white, corresponding respectively to — 0.2 and 0.6. Consider that the
minimum and maximum observed numerical entries in these matrices were — 0.3618
and 0.9998 respectively.

ones. The presence of cosine-shaped trajectories, obtained by performing
the PCA on the protein dynamics, simply means that a barrier-free evo-
lution has been experienced by the system; this observation can also be
extended to other systems characterized by a large degree of freedom
number. We cannot say nothing else more from this, because the ques-
tion on the presence or absence of barriers in the system dynamical

Fig. 5. Eigenvectors' analysis. Cox17 structure (light gray) and a-carbon atom rate vectors
(dark gray) are reported. Drawn vectors are proportional to the calculated rate from the
first eigenvector (relative to the whole simulation), which is with absolute confidence
out of the Wishart range. This eigenvector correspond essentially to a stretching motion
of the C-terminal a-helix.

landscape is not resolvable by this way. Anyway, our RMT based analy-
sis offers a simple solution to the, conceptually discomforting, paradox
of the apparent similarity between polymer dynamics inside a potential
well and the pure mathematical Brownian dynamics.

Supplementary data to this article can be found online at http://dx.
doi.org/10.1016/j.bpc.2014.08.007.
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