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Abstract

Protein structure networks (PSNs) have long been used to provide a coarse yet meaningful
representation of protein structure, dynamics, and internal communication pathways. An im-
portant question is what criteria should be applied to construct the network so that to include
relevant interresidue contacts while avoiding unnecessary connections. To address this issue we
systematically considered varying residue distance cutoff length and the probability threshold
for contact formation to construct PSNs based on atomistic molecular dynamics in order to as-
sess the amount of mutual information within the resulting representations. We found that the
minimum in mutual information is universally achieved at the cutoff length of 5 A, irrespective
of the applied contact formation probability threshold in all considered, distinct proteins. As-
suming that the optimal PSNs should be characterised by the least amount of redundancy, which
corresponds to the minimum in mutual information, this finding suggests an objective criterion
for cutoff distance and supports the existing preference towards its customary selection around

5 A length, typically based to date on heuristic criteria.
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1 Introduction

Understanding protein dynamics is the key to understand their function.!™ With tremendous
advances in computer power and simulation methodologies,* we are becoming able to produce
atomistic trajectories of protein motions that cover biologically relevant events such as folding,
ligand binding, or subtle, allostery-driven shifts of functional properties.’”” Intrinsic complexity
of such events and their occurrence along pathways that are not a priori defined within chaotic,
thermally driven motions make it difficult to extract essential information from huge amount of

generated data. One possible route is to simplify protein representation from atomistic to that of



a network of individual centres (nodes) connected by effective interactions (edges).® 2 It is driven
by the hope that most functional aspects of biological macromolecules, that are essentially folded
linear polymers formed by a number of well defined units, are encoded within the topology and
dynamics of their inter-residue contacts.

On the one hand, such an idea has long been used to derive simplified potentials to describe
protein structure. Indeed, it turned out that so called elastic network models (ENMs),'? typically
consisting of Ca protein atoms connected with near neighbours by simple quadratic potentials with
equilibrium lengths taken from native structure geometry, are able to provide surprisingly good
reproduction of global macromolecular deformability,!* as well as local structural fluctuations.!®
Their apparent success indicates that the dynamic properties of protein structure are to a large
extent encoded in the topology of close contacts and that harmonic representation of effective
potential energy is a reasonable first order approximation of free energy landscape in the vicinity
of stable conformational states.

On the other hand, network-based approaches are also adopted to post-proces atomistic trajecto-
ries generated by molecular dynamics (MD) simulations. Here, the connectivity of protein residues is
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determined based on inter-residue distance statistics or average interaction energies, evaluated

over generated conformational ensembles. The resulting protein structure networks (PSNs),!820
typically combined with analysis methods originating from graph theory,® have been used to in-
vestigate various aspects of structure - function relationships, including allosteric communication
pathways, identification of distinct structural motifs or key functional residues, as well as protein
folding?!~24

An important issue related to the development of ENM or PSN models is the choice of macro-
molecular representation used to determine inter-residue contacts. In the case of protein connectivity
graphs based on geometric criteria, possibilities extend from explicitly considering all heavy atoms,
defining two or more centres per amino acid, or the selection of a single representative atom (eg.
Ca or Cp) for each residue. Typically, an edge between two residues is established if the closest
approach between any pair of their elements falls below the assumed distance cutoff, R.. The cutoff
itself depends on the kind of structure representation. If connectivity is derived based on atomistic
structures, cutoff distances are usually assumed in the range between 4.0 to 5.5 A.12:24-31 In turn,

for coarse grained representation R, values between 7 — 8.5 A are adopted.? 11143233



Although relatively few truly systematic studies have been conducted to rationalise cutoff se-

32,34 3 number of arguments has been raised to support particular choices. For atomistic

lection,
approaches, it has been argued that R, = 5 A represents the upper range of meaningful attractive
dispersion forces.?6 Others have found that a cutoff of 5 A allows identification of key, multi-
connected residues in best agreement with experimental data concerning functional importance of
specific amino acids within several protein families.?® A similar cutoff was shown to produce PSNs
that are at the border of percolation transition from multiple, loosely connected residue clusters for
R. < 5 A, to a single large cluster comprising most protein residues for R, > 5 A, irrespective of
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protein force field used for MD simulations.®* In yet another study, a cutoff of 5.5 A turned out

to produce the optimal (smallest) number of distinct, intercorrelated residue clusters based on the
community analysis of protein dynamics.?"

In the current study we consider an approach to cutoff selection based on the observation of
linear mutual information (MI) density in the protein contact networks. Such a measure reveals
the degree of correlation between inter-residue distances within the network and thereby the degree
of unwanted redundancy within the network. We demonstrate that minimum MI is achieved for
several unrelated proteins, for distance cutoffs in a very narrow range around 5 A. Thus, indicating

possibly non-redundant protein representation, this observation provides yet another rationale for

cutoff length selection.

2 Materials and Methods

2.1 Protein structures

We considered five different, unrelated protein structures, representing: protein kinase A (PKA),
lysine-, arginine-, ornithine-binding protein (LAO), lambda repressor (LR), trypsin and SH3 do-
main. In addition, PKA was present in inactive and active form, the latter of which carried two
phosphate groups and a bound ligand (ATP). In turn, LAO protein was simulated in two, distinct
conformations corresponding to open and closed protein structure. The summary of structural

details is given in the Table 1.



2.2 Molecular dynamics simulations

All simulations were conducted using Gromacs simulation program.?® Protein crystal structures
were taken from the Protein Databank.?® In each case protonation states of titratable residues
were assigned using the PropKa server3” to reflect pH = 7. The structures were parametrised
using Amber99-ILDNPx force field®® and TIP3P water model®? was used for aqueous solvent. The
systems were simulated with periodic boundary conditions, using rhombic dodecahedron simulation
boxes, with 15 A solvent margin surrounding initial protein structures. The total charge on protein
structures was neutralised with Na or Cl counter ions, and excess salt was added to reach the
concentration 0.15 mol/l. A cutoff of 10 A was used for Lennard Jones potential, with additional
long range dispersion corrections for energy and pressure. Electrostatic interactions were calculated
using the Particle Mesh Ewald method*® with 1.2 A grid spacing and 10 A cutoff in real space.
All bonds to hydrogen atoms were fixed using the Lincs algorithm,*! and the simulation time step
was 2 fs. Following energy minimisation and initial thermalisation, the systems were equilibrated

for 100 ns in NpT conditions. Temperature of 310 K and pressure of 1 bar were maintained by

t,42 t,43

Nose-Hoover thermosta and Parrinello-Rahman barosta respectively. Production runs were

conducted in analogous conditions. The summary of collected trajectories is given in the Table 1.

2.3 Determination and analysis of contacts

We assume that a contact between two residues is formed, if the distance between any two of their
heavy atoms is shorter than the assumed cutoff length, R.. Contacts statistics is determined based
on the entire MD run, and contacts formed for a fraction v € [f,1 — f] of the simulation time,
with considered f € [0.1,0.3], are used to determine the elements of the correlation matrix, r, as

described in the following.

3 Results and Discussion

3.1 Contact network

A set of inter-residue protein contacts can be established for a given simulation based on two

parameters: cutoff length, R., and contact probability, v. The first one determines whether two



residues form a contact in a given simulation frame, and the second one narrows the set of contacts
to those that are formed for the fraction v € [f,1 — f], with f € [0,1], of the simulation time. This
second criterion allows discarding less informative contacts that are either permanently or only
accidentally formed.

We assume that in order to provide the most effective description of protein dynamics, a desired
set of contacts should carry possibly most information with possibly few contacts, or, in other
words, each contact channel should carry information that is least related to information already
contained in the remaining channels. In order to determine the optimal (R., f) pair, we thus utilise
the concepts based on the information theory and seek to minimise mutual information within
contact-based trajectory.

For a set of N = N(R,, f) contacts between protein residues in a given simulation, we consider
respective inter-residue distances, called contact lengths, in subsequent simulation frames as com-
ponents of N-dimensional time series x(t) = (2o (t), x1(t),...,zn(t)). Given that we are interested in
conformational ensemble representing protein folded into its native, specific tertiary structure, x(t)
samples finite space and is assumed to fluctuate around certain average value. The differential en-
tropy,** H(X), of the associated, joint probability distribution p(x), can, in principle, be evaluated

as:

H(X) = - / p() In (p(x)) dx. (1)

Its direct estimation would require, however, complete sampling of configuration space, and is thus

t44 of the entropy expressed with Equation 1, corresponds to the entropy

prohibitive. An upper limi
of a multivariate normal distribution X ~ N (0, C) with C being a covariance matrix of the original
signal: Cjj = cov(z;, xj),

H(X) < H(X) = | In((2ne)"|C]). (2)

The model based on normal distribution X accounts for amplitudes of distance fluctuations and
their pairwise linear correlations. The overestimation of entropy with respect to the original dis-
tribution, X, comes from the fact that marginal probability distributions, p(x), do not need to be
Gaussian (i.e. inter-residue distances may fluctuate in anharmonic effective potentials), and that
higher order than pairwise linear correlations are not captured. Nevertheless, in order to assess

interdependence between system components (e.g. for the analysis of allosteric correlations) under



such harmonic approximation, one may separate the contributions to entropy arising from the am-
plitude of fluctuations from those that quantify the extent of (linear) correlation within the system.
One measure of the latter is mutual information, which under harmonic approximation has a par-

ticularly simple form I(X) = —3 In |r|, with r being the correlation matrix of X. Indeed, it can be

shown (see Supporting Information) that:

N
. 1 .
H(X) = Z 5o (2meCy) — 1(X), (3)
7
where the sum represents entropies of ¢ normal distributions, each with its individual variance Cjy;,

and the second term on the right hand side accounts for pairwise linear correlations between them.

3.2 Mutual information density and average correlation

From physical perspective, entropy is an extensive property of a system. If the dimensionality of
the signal under study (e.g. the time series of contact lengths) varies depending on different initial
assumptions (e.g. the criteria used to define contacts), one may be interested to assess not the total
MI content, but rather its amount per single channel in order to determine such a representation
that would reveal most internal correlations. Accordingly, an intensive MI (IMI) obtained based on
the contact network established for specific distance cutoff and contact probability, denoted in the

following as ¢(R., f), can be expressed as:

URe, f) = (4)

Being not directly dependent on the size of the considered contact network, such measure allows
the comparison of interdependence within networks obtained for different cutoff values, as well as
networks characterising different sized proteins.

An undesirable property of IMI is that with increasing correlation between system components
it rises to +00. In order to deal with a more tractable descriptor we consider an average correlation
(AC), 7 € [0,1], defined as a value of off-diagonal, all-uniform elements of a pseudo-correlation
matrix, ¥, constructed such that 7;; = 7 for ¢ # j, and 1 otherwise, chosen to produce a determinant

equal to the determinant of the original signal correlation matrix: |F| = |r|. Note, that the equality



of the two determinants implies that «(¥) = ¢(r) under the harmonic approximation. Once the
correlation matrix r is determined based on simulation data, © can be unambiguously obtained by

numericaly solving an analytic equation derived and discussed in the Supporting Information.

3.3 Optimal distance cutoff

Plots of AC as a function of R. and f, obtained based on long MD trajectories of five proteins with
varying sizes and secondary strcucture types (Table 1) are shown in Fig. 1. All curves share a similar
form, revealing generally increasing AC for increasing cutoff distance. This is an expected behaviour
that reflects gradual transition from relatively uncorrelated, disjoined short range contacts to dense
contact networks rich in multiple, redundant long range connections. Strikingly, however, there is
a shallow local minimum at R} ~ 5 A, uniformly present in most AC curves. It indicates, that
new, non-permanent contacts included into the network as R. approaches R} from below tend to
introduce relatively non-redundant information about the system. Overall, the minimum becomes
more apparent for contacts whose probability of formation, f, remains close to 0.5. Such ” maximum
entropy” contacts, neither preferentially formed nor broken, are indeed expected to be least corre-
lated with the rest of the network, and thus are possibly most interesting. Accordingly, R: ~ 5 A
appears to encode protein structure networks with highest proportion of such contacts providing
for the optimally efficient representation. The above observations made for proteins represented
with the Amber force field, seem to generally hold also for CHARMM force field parametrisation.
An analalysis of CHARMM-based test run for A-repressor, reveals AC minimum at R¥ ~ 5 A
for f € [0.1,0.2], albeit with a slight shift towards R} ~ 5.4 A for f € [0.2,0.3] (see Supporting

Information).

3.4 Structural interpretation

The fact that the minimum in average correlation between inter-residue distances in PSNs occurs
at R} ~5 A for rather diverse proteins seems to indicate that it stems from the local properties of
protein structures rather than their global architecture. An interpretation of structural determinants
underlying the 7#(R.) behaviour can be attempted based on the analysis of N(R., f). Somewhat
counterintuitively, the total number of potentially interesting contacts that are formed only for

a fraction of the simulation time (eg. v € [0.1,0.9]) initially drops while R, increases till < 5



A, uniformely in all considered cases (Fig. 3). We attribute this observation to the fact that the
most of short range interactions correspond to permanent contacts formed owing to residue packing
in protein structure: with increasing cutoff length they become excluded from the v € [0.1,0.9]
category (and shift to the v € (0.9,1.0] category) at a faster rate than new, longer contacts enter
it. This is reflected by the radial distribution of ”permanent” contacts (Fig. 3) which achieves its
maximum around 5 A, indicating the location of the first neighbour shell around an average amino
acid. The contacts that are formed only transiently for B, = 5 A have the ability to reversibly
penetrate and abandon the first neighbour shell of nearby amino acids (Fig. 4), which apparently
corresponds to events that are relatively little correlated with the rest of system dynamics. Such
picture complements well the observation of percolation threshold within PSN R, = 5 A, reported

before3* and indicates high allosteric potential of transient contacts defined by this cutoff radius.

4 Conclusions

We considered dynamic protein structure networks in which nodes (amino acids) are connected by
edges whose existence depends on the probability that given inter-residue distance falls below certain
cutoff, so that to exclude permanently formed or broken, potentially less interesting contacts. Being
interested in network representation that conveys possibly most essential information per degree
of freedom we evaluated harmonic approximation of intensive mutual information between contact
distances fluctuating in unconstrained molecular dynamics simulation as a function of cutoff distance
and the probability of formation. To this end we introduced an average correlation parameter that
quantifies the amount of mutual information per contact. We found that the minimum in such
correlation occurs at a cutoff distance of 5 A in all considered proteins, in spite of differences in
their dominant secondary structure type. We attribute this observation to the structure of local
protein packing. In this light, non-permanent contacts falling within 5 A cutoff length should have
the ability to transiently penetrate the first neighbour residue shells of the nearby amino acids,
thus providing connection between local residue clusters. This interpretation is in agreement with
previous PSN analyses indicating a percolation threshold at 5 A, and provides another objective

rationale for this cutoff selection.
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Figure legends

Fig. 1 Upper row: sample 7(R,, f) curves for three proteins with different dominant secondary
structure types. Lower row: points representing the occurrence of local minima in 7(R., f) curves,

and histograms gathering the numbers of minima at each R..

Fig. 2 Points representing the occurrence of local minimum in 7#(R,, f) curves for different values

of f, for all 5 considered proteins. Colour denotes the number of independent counts.

Fig. 3 Left: normalised (for comparison) absolute number of transient contacts as a function of

R.. Right: radial distribution functions of permanent contacts.

Fig. 4 Schematic representation of interconnecting residues that form transient contacts at R, =

5A (green circle), as opposed to residues engaged in permanent neighbour shells (red circles).
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Table 1: The summary of considered protein structures and conducted simulations. N..s - the
number of amino acids, o / 5 / o — relative fractions of secondary structure elements (classified as:
« helices, [ sheets, and other).

protein PDB id runs [us] Nyes o/ B/ 0 [%] R:[A]
PKA (active)  3fjq 2.7,25,28,2.7, 1.2 343 34/14/52 0.50
PKA (inactive) 4dfy  1.1,1,1, 1.3, 0.5, 1.4 337 34/12/54 0.50
LAO (open) 2lao 1.0 238 37/23/40 0.50
LAO (closed) 1lst 1.0 238 37/21/42 0.50
A-repressor 1lmb 1.0, 1.0, 1.0 92 67/0/33 0.51
trypsin 4i8h 1.0, 1.0 223 10/34/56 0.50
SH3 domain 1shg 1.0, 1.0 60 4/46/50 0.50
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Figure 1: Upper row: sample 7(R., f) curves for three proteins with different dominant secondary
structure types. Lower row: points representing the occurrence of local minima in 7(R,, f) curves,
and histograms gathering the numbers of minima at each R..
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Figure 2: Points representing the occurrence of local minimum in 7(R,, f) curves for different values
of f, for all 5 considered proteins. Colour denotes the number of independent counts.
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Figure 3: Left: normalised (for comparison) absolute number of transient contacts as a function of
R.. Right: radial distribution functions of permanent contacts.
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Figure 4: Schematic representation of interconnecting residues that form transient contacts at
R.=5 A (green circle), as opposed to residues engaged in permanent neighbour shells (red circles).
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