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Abstract

The field of protein residue network (PRN) research has brought several useful methods
and techniques for structural analysis of proteins and protein complexes. Many of these are
ripe and ready to be used by the proteomics community outside of the PRN specialists. In
this paper we present software which collects an ensemble of (network) methods tailored
towards the analysis of protein-protein interactions (PPI) and/or interactions of proteins with
ligands of other type, e.g. nucleic acids, oligosaccharides etc. In parallel, we propose the
use of the network differential analysis as a method to identify residues mediating key inter-
actions between proteins. We use a model system, to show that in combination with other,
already published methods, also included in pyProGA, it can be used to make such predic-
tions. Such extended repertoire of methods allows to cross-check predictions with other
methods as well, as we show here. In addition, the possibility to construct PRN models from
various kinds of input is so far a unique asset of our code. One can use structural data as
defined in PDB files and/or from data on residue pair interaction energies, either from force-
field parameters or fragment molecular orbital (FMO) calculations. pyProGA is a free open-
source software available from https://gitlab.com/Vlado_S/pyproga.

Introduction

The science of protein residue network (PRN) models is being developed over almost three
decades. This may indicate that for the community it is appealing to have exact, qualitative and
quantitative protein models to study their structure, topology and dynamics. Let us first, with-
out claim of completeness, establish a framework for the current development stage of PRN
models in order to understand why we felt the necessity to build pyProGA.

As the name suggest, PRN models are network models, in which the constituents are pro-
tein residues (represented as vertices/nodes) and the interactions between them (represented
as edges) [1]. There is a different genre of PIN—Protein Interaction Network research in
which the protein is the node and interactions between proteins are studied at molecular, but
not at residue level [2-4]. These are not the subject of this work.
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The mathematical formalism of network science comes from graph theory [5]. One of the
earlier and influential application to protein residues was by Kannan and Vishveshwara [6],
who attempted to identify side-chain clusters by graph spectral methods. Others have followed
to build PRN models to study the network-like structure of proteins [7]. The fact that these
protein models obey hierarchical structure, as often found in other, unrelated networks, e.g.
small-world character [8], was soon discovered [9-12]. PRNs were used for identification of
efficient communication pathways and used to explain allostery effects in proteins and protein
clusters [13-15] and were shown to be related to some physical phenomena [16, 17]. An inter-
esting topic is the study of Energy Exchange Networks for proteins as done by Leitner [18]
Yamato and others [19-21]. Such and similar models evaluate heat/energy transfer, typically
quantities used in continuum theories, over a discretized irregular mesh represented by the
network.

The focus on dynamical network models, or rather the dynamics of PRN was explored as
well [22]. VanWarth et al. [23] examined dynamic models of allostery, see also [24]. Confor-
mational changes in PRNs were elucidated in several works [25-27] The field of protein fold-
ing also adopted ideas from PRN models [28, 29]. There are software options for such
dynamic PRN models such as gRINN [30] or RIP-MD [31]. We do not include PRN dynamics
in pyProGA, as PyMOL is not particularly suited for analysing molecular dynamics trajecto-
ries, and, as mentioned before, the static models have applications in their own right.

It was discovered that these models are more than useful tools to find interesting clusters of
amino acids or communication pathways [32]. Estrada [33] discovered that there was some
generality in hierarchy of the network and organisation of residues, see also [34]. As the PRNs
were getting more widespread recognition, a natural desire to standardise their creation
emerged. Viloria et al. [35] attempted to define an optimal cut-off distance between residues to
form sensible contact based PRNs. It should be noted that the majority of the models were
based on some distance criteria (either closest atoms, centre of mass or Ca distances). The
work of Vijayabaskar et al. [36] introduced PRNs based on pair interaction energies (PIE)
between the residues. The PIEs in that work were from parametrised force field pair potentials
(as used in molecular dynamics). One of our works [37] attempted to explore differences
between PRNs based on distance (D-PRN) criteria and those based on interaction energies
(PIE-PRN). We found that in D-PRNs the node hierarchy, i.e. ranking by some centrality mea-
sure, tends to be more sensitive to cut-off criteria. Similar behaviour can be observed in case of
community structure. Recently, Yao et al. [38] sought to establish a more concise framework
for using D- and PIE-PRNs. They have found that certain structure equivalence of these two
models is observed, when the distance cut-off between the closest non-hydrogen atoms in two
residues is some 4.5A and the energy cut-off is about kT, k being the Boltzmann constant, T
the temperature.

Practical applications for PRNs were also found. Haratipour et al. [39] characterised some
typical structural unit via quantitative analysis of PRNs such as centrality calculation etc.
Capriotti et al. [40] examined protein stability upon single point mutations. We shed some
light on community structure in PRNs and the relation to protein-peptide binding analysis
[37]. Estrada [41] recently published a topological analysis of the SARS CoV-2 protease MP™
using a residue network model. Not long ago the binding of nucleic acids to proteins was
examined by Miao and Westhof [42]. It should be noted that while we saw these practical
applications, most of them were carried out by researchers in the field of protein residue net-
works, i.e. mostly using original “in-house” code. This presents an obstacle, to some degree,
for a “trickle down” effect by which also non-experts in PRN research could use these methods
and algorithms in their labs, albeit there is some current progress at this front as well. Aydinkal
et al. [43] developed the ProSNEx web server. The NAPS web tool by Chakrabarty and Parekh
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[44] is currently available. Felline et al. [45] offered their webPSN v2.0 web server including
their elastic network model for normal mode analysis [46]. RING 2.0 [47] is another web-
server capable of identifying different kinds of covalent and non-covalent interactions in PDB
structures. The tool by Yan et al. [48] is dedicated to find different kinds of functional residues.
xPyder by Pasi et al. [49] is a plugin for PYMOL 1.5. We recommend also the work by Shcher-
binin and Veselovsky [50] to look for an extensive overview in this field.

The reasons for us to develop pyProGA—python Protein Graph Analyser are multifarious.
Most importantly, the fact that pyProGA is a PYMOL [51] plugin is in our view a significant
plus. The PyMOL package is widely used in molecular research [52] and thus enjoys a large
degree of familiarity in the chemical community. Additionally, PyMOL offers a plethora of dif-
ferent visualization options enabling us to utilise them for display of the PRNs themselves or
the results of various analyses. We also view the open source nature of PyMOL and pyProGA
as advantageous, as it facilitates modular extension of its’ contents. Hence, we hope to have
created a platform that may be adopted in other research groups to build upon. We have
included basic network analytic algorithms for node and edge centralities, network partition,
etc. We include the possibility to calculate the residue folding degree [53, 54]. Strong accent
was given to a user-friendly interface with accent to powerful protein-protein interaction ana-
lytical techniques, sensible visualization of results, visualization of the networks themselves
and good documentation in the manual. A detailed introduction of graph theory with its ter-
minology and use in network science is beyond the scope of this paper. Nonetheless, we
attempts to provide such introduction with explanations in the accompanying manual.
PyProGA was designed to be used on both D-PRN and PIE-PRN protein models, where the
PIE-PRNSs can be based on either Fragment Molecular Orbital (FMO) results [55] or force-
field PIEs. The same network analysis can be performed on all types of PRNs, facilitating direct
comparison of results, which is unique.

Methods

The Methods section will describe the structure and functionality of pyProGA. Fig 1 is a sum-
marisation of this. In the Discussion part we will provide some use examples. We are not
going to deal with technicalities such as the installation process or step-by-step examples,
which are detailed in the manual. Nonetheless, this is the basic software framework used for

typical workflow for PRN analysis in pyProGA ——»

”YES/T GRAPHS NETW. ANAL. NETW. VISUAL.
~ FMO <> PIE-PRN - centralities - mtleract(ljvgdplct)ts "
/(.inp, .out)\ - partitions - @it structure
I : - highlighted partition

P o - shortest path .
B D-PRN (+ figure)

\ - Netw. Differ. Anal.
:| - binding energy
FF /> PIE-PRN(FF) - SVD analysis NETW. EXPORT
- 3d-SPIE analysis .gexf, .graphml

Ay - detail of ego graph

+ subsystem PRNs

S

Fig 1. Basic overview of pyProGA functionality. Input requirements are on the left, data structure in the centre and various
analytical and output options are shown. The subsystem analysis requires the same kind of files to be loaded for the monomers
as was for the super-system (dimer).

https://doi.org/10.1371/journal.pone.0255167.g001
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developing pyProGA; it was written in Python 3.7 using the PyQt 5 GUI toolkit which works
well and is recommended with PyMOL 2.4 (current distribution version).

Input and data structures

In order to use this plugin a minimum requirement is to load a .pdb file of the molecular sys-
tem that will be studied. We use the Bio.PDB parser [56] to accomplish this. From this we can
directly proceed to create a distance based residue network, D-PRN. In this case each residue
as defined in the .pdb file is one node in the network. In order to create a pair interaction
energy based network (PIE-PRN), we must additionally supply either an output from an
Gamess FMO (Fragment Molecular Orbital) calculation or an Amber .prmtop file.

Gamess [57, 58] is a quantum chemistry package including the FMO method [59, 60].
There are various orders of approximation in FMO [61], however, for our purpose the two-
body approximation is sufficient, as we are mostly interested in the pair interactions, some-
times called Inter Fragment Interaction Energies (IFIEs). For objectivity sake we note that
there are other programs facilitating FMO calculations, most notably Abinit MP [62] and
PAICS [63]. pyProGA is currently not able to parse their outputs. Nevertheless, we are open to
include such support if demand arises, albeit direct cooperation with the developers will prob-
ably be necessary to assure bug-free functionality. In case of PIE-PRNs from FMO calculations
the nodes correspond to FMO fragments. These, in general, are not equal to amino acid resi-
dues as per PDB standards (the C,O atoms assignment is shifted by one to the neighbouring
residue). This is because fractioning at the peptide bond led to accuracy issues in FMO [64].
For covalently non-bonded and non amino acid residues the correspondence between frag-
ments and residues can exist. Very recent research [65] promises correction of this minor
drawback when density fitted tight binding (DFTB) is used in FMO. Additionally, we recom-
mend the use of some solvation model with FMO [66, 67]. The use of PIEDA (PIE Decomposi-
tion Analysis) is supported in pyProGA [68-70]. We recommend the Facio toolkit (available
from http://zzzfelis.sakura.ne.jp/index.html) [71] to work with FMO fragments.

For PIE-PRN models based on PIE values coming from force field (FF) data one must sup-
ply a Amber .prmtop file [72]. For simplicity, let’s designate these as PIE-PRN(FF). As of now
we do not support other formats of parsing FF parameters to pyProGA. At this point we
should emphasize that we need the FF parameters only to calculate the PIEs in the structure as
is in the .pdb file. We do not need any MD trajectory nor any other files related to other spe-
cific MD software.

The main data structure/object in pyProGA holding the network topology plus some addi-
tional data is a graph G. A graph is a collection of a set of vertices and edges, G = (V, £). The
graph object is as standardised by the NetworkX (v. 2.5) python module [73]. A undirected
graph is most suited for our PRN models. The graph G is created when the user sets the edge
acceptance criteria. In case of D-PRNs it is the cut-off value Ry, for the centre of mass distance
of two residues/nodes, i, j, in the structure. For any PIE-PRN the primary and only mandatory
criterion is the PIE cut-off value Ejiy,. Ry is a secondary optional criterion. Finer specification
of PIE energy terms is possible; E, i.e. the total pair interaction energy is available for any
PIE-PRN. If PIEDA was used, then any of its terms can be chosen. One has to bear in mind
that not all PIEDA terms necessarily acquire negative values, which is a consequence of the
physical definition of these terms. For PIE-PRN(FF) one can use, in addition to Ei, also the
electrostatic or the van der Waals component. The user sets how the edge weight relates to
the energy (for PIE-PRNs) or distance (for D-PRNs). In general, the default options that
w;; ~ |E|”" or w;; =~ R;;are advised, see [37]. The edge importance is always the inverse of the

edge weight.
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Simple network analysis

pyProGA enables the user to analyse the PRNs in terms of node and edge centralities. We rely
on the NetworkX modules, except for the weighted efficiency centrality [74] for which we use
our own code [75], together with the evaluation of the weighted global and local efficiencies
[76]. For now, we include several well known centralities; closeness centrality, betweenness
centrality, degree centrality and the current flow betweenness centrality. In addition, we define
the total energy centrality C;*". It is a variation of the degree centrality, where we sum total
energy terms E for all edges &, adjacent/connected to the node k in G. A node with low

(more negative) C, is considered to be “strongly bound” in G—an interpretation often used
for FMO based studies [77, 78].

The results can be viewed in several forms. PyProGA creates a new PyMOL object after cal-
culating any of the centralities (one object for each centrality type and network type). A colour
gradient is applied to the atoms corresponding to the nodes (residues) to indicate the magni-
tude of the centralities. This facilitates quick visual inspection of results. In addition, a bar plot
of the centralities per node can be examined in an additional window. The bar plot is clickable,
hence centrality values for a particular node are easy to acquire. A histogram is also always
depicted. All the plots can be further manipulated by standard Matplotlib functions. Finally,
the results are saved in text format as well.

In addition to centralities, graph partitions can be evaluated as well. As of now, we support
the calculation of spectral clustering [6, 79] and modularity based communities via the Lou-
vain algorithm [80]. Also here a new PyMOL object is created to show the colour-defined par-
titions. Also, each of the partitions can be highlighted individually. Text files with results are
saved.

Finally, pyProGA enables the search for the shortest path connecting any pair of nodes.
This function can be useful in specific cases.

The edge properties, such as energy E;; and its components if PIEDA was used, node dis-

tance R;;, and several other, can be viewed in an interactive 2D map.

ij>

Network analysis of supramolecular systems

In this section we are going to discuss the analysis of supramolecular systems, which the user
deliberately sets up for this purpose. By a supramolecular system we understand any system of
at least two molecules. For our purpose we are going to limit ourselves to systems, which may
be thought of as dimers, i.e. containing subsystems A and B. In such case we create additional
graphs/networks G4 g) representing the monomers. They may be e.g. both proteins forming a
protein complex or one a protein and second a ligand. To create G4 5y one must load the same
kind of input as for the dimer graph G, see Fig 1.

Recalling that a graph is a collection of a set of vertices and edges, G = (V, ), then, in gen-
eral for two graphs G’ and G”, their union is defined as G UG : (V' U V', £ U £'). Hence, we
can formally write that G = G4 U G U Gppy. Therefore when the user defines the graphs G, (),
both sub-graphs of G, we can define the bipartite graph Gppr. This graph describes the topology
of the interactions in the protein-protein interface (PPI). Having this formalism allows for fur-
ther investigation of the PPI interactions. The straight-forward step is to save a figure of Gppy
in pyProGA.

FMO binding energy. Fedorov and Kitaura [81] have proposed a way how to divide the
total (supramolecular) interaction energy into contributions of each fragment as used in the
FMO calculation. Such energy is then called the binding energy and it is not the same as a sim-
ple sum of the PIEs for each node like C;*". We can think of it as a measure of how much each
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fragment in one monomer, A or B, contributes to the binding of the second monomer. The
assignment of the binding energies can be done either symmetrically to fragments in both A
and B or asymmetrically to either A or B. In this way one can examine dominant fragments
contributing to the stabilization of the dimer. This method itself is not based on a typical net-
work analysis, yet we find it very useful, hence it is included in pyProGA. The results are, as
usually, saved in a text file and displayed in the PyYMOL window where the residues are col-
oured by a colour map scale reflecting the magnitude of the binding energy. Clickable Matplo-
tlib bar plots and histograms are drawn on demand.

3D SPIE. Lim et al. [82] have proposed the 3D Scattered PIE as a useful way to investigate
PPI interfaces. In essence it is a 3D scatter plot where the Gpp; nodes from monomer A and B
are on the two independent axes, and the data points in the third direction represent the mag-
nitude of the interaction energy. We can add a colour palette to differentiate the repulsive and
attractive interactions. pyProGA enables the creation of such plots for any of the energy com-
ponents used for the construction of the graph.

SVD analysis of PPI. Tanaka et al. [78, 83] have shown how the singular value decompo-
sition (SVD) technique can be used to investigate protein-protein interfaces. The authors
describe their analysis as “network-like”. In fact, we can argue that it is a network analysis, con-
sidering that they use a specific part of the weighted adjacency matrix. Specifically, they use the
block(s) corresponding to the PPI interactions, see the yellow rectangles in Fig 2. From the
SVD procedure they identify dominant motifs in the PP interface, similarly to a principal com-
ponent (PC) analysis. This way, one can asses the importance of individual nodes/residues
and/or clusters of nodes. This technique is implemented in pyProGA. Moreover, we provide
an adapted version of it, where we subject the full adjacency matrix of the Gpp; to the SVD
algorithm. There is no inherent advantage to this, except that in specific cases one can deal
with smaller matrices and hence the interpretation can be somewhat more straightforward. To
see the difference, let us consider this example; the original method by Tanaka et al. [78] deals
with a matrix of the size N x Np if we assume N, and N nodes in monomers A and B, respec-
tively. If the proteins are large, then this matrix will be large as well and contain nodes that do
not contribute to the PPI in any way. In such case it may prove efficient to use the square
matrix Appy, as this is a representation of Gpp;, which contains only Npp; nodes constituting
the PPI, see Fig 2. In general, the matrix M subjected to SVD will be of shape n x m, where n
and m may or may not equal, depending on which matrix is analysed.

M = ULV (1)

M(V) — Zo’iui X V;k (2)
i=1

The SVD method allows to rewrite the matrix M in terms of three special matrices as in Eq 1.
Therein U € R, ¥ € R* and V* € R*"™, where k = min(n, m). The columns of U,

{u;_y. &}, are called left singular vectors of M and the rows of V¥, {v’_, ,}, (also columns of V)
are the right singular vectors. The vectors {u;} are orthogonal and so are the vectors {v}}. The
matrix X is a diagonal matrix, and its diagonal elements o; _ ;__ x are called the singular values.
Typically, they are ordered in such way that o; > 0;,. This allows to approximate M to a r-th
degree as in Eq 2 via the sum of the outer (dyadic) products of the r leading vectors of U and
V*. Since the lengths of u; and v; are n and m, respectively, the matrix M©® will be of shape

n x m, as is M. For r = k we get Eq 1, ergo M=% = M. A way to judge the relative degree to
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123456738
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Fig 2. Subunits of the network. The PRN of the supersystem consisting of monomers A and B and the protein-protein interface (PPI): G =
G4 U Gg U Gppr. G4 and G contain all nodes and edges within protein A and B, respectively. a) Gpp; contains vertices from both
monomers, but only those vertices, which have at least one edge connecting it to a vertex from the other monomer. The edges in Gpp; are
only those which connect the subgraphs G, and Gg (dashed lines) and no edges within the subgraphs G4, Gg. Hence, Gppy is a bipartite
graph. Part b) shows how blocks in the adjacency matrix A correspond to parts of G and the adjacency matrix Appy of Gppy (circles
indicating edges in Gppy).

https://doi.org/10.1371/journal.pone.0255167.9002

which M) approximates M is by the factor / defined as

f(r) = 22:1 Uz‘/ Zf:l 0; ;f(r:k) =1 (3)

The way how this method is included in pyProGA allows for a simple choice of whether we
intent to look at attractive, repulsive or both types of PPI interactions. The original authors
seem not to entertain these possibilities and we assume that they analysed both types at once.
Additionally, we may choose whether we look at motifs in the monomer A or B. Within each
i-th motif (see Eq 2) we look at the dominant nodes, and we automatically see their strongest
interacting partners (connected nodes) from the other monomer.
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Network Differential Analysis (NDA). We have briefly outlined how one can use com-
mon centrality algorithms to rank the nodes in a PRN. If ve have also graphs for the mono-
mers, we can examine how the edges connecting them affect the centrality ranking of each
node. We do this by calculating the node centralities Cy in G, the PRN of the complex, as well
as in graphs G, and Gg. The difference of the centralities can indicate which nodes gain higher
rank when edges forming the PPI are present. In pyProGA we call it Network Differential
Analysis (NDA). However, this procedure would lead us to compare centralities between
graphs of different size (number of nodes). Consequently, since centrality measures are often
not directly transferable/comparable between different graphs, the ranking may not be always
reliable. To overcome this issue we define the centrality difference as

AC, = G(G) = C(Gyp) (4)

This is the default way to calculate NDA centrality in pyProGA. The graph G4 has all nodes
of G and only the edges present in the graph Gpp; are missing.

Results

We use the de novo synthesized TIM barrel protein [84] (PDB ID: 5BVL) to demonstrate
selected features of pyProGA. The structure in the pdb file is four-fold symmetrical and has
missing residue number 17. This is just behind the first helix. We took advantage of this as it
enables us to treat this system formally as a complex of one helix (monomer A) with the
remainder of the protein (monomer B). All data to reproduce this test are provided with the
distribution of pyProGA. Please do read the S1 File for much more in-depth comments.

We load the whole system AB via the pyProGA interface and apply the edge acceptance cri-
terion Eyo, < —1kcal mol ™" to all types of bonds (incl. peptide) with the remaining settings kept
at default. In the first step we calculate the total energy centrality C;** and the efficiency cen-
trality C:" in the dimer PRN G, see S4a and S5a Figs in S1 File. We see that these are rather
inconclusive if we are interested in how the monomers A and B interact. Therefore we load the
monomer data into pyProGA and construct the monomer PRNs G4 and Gg (same rules as for
G apply). This allows us to calculate the centrality differences AC;* and AC:" according to Eq
4, see Fig 3 and S4b and S5b Figs in S1 File. S6 and S7 Figs in S1 File show the centralities
depicted as bar plots for each node/residuum which make it easy to identify high-scoring
nodes. The residues Lys2 and Asp29 can be readily picked out as important for the binding of
the two monomers. Similarly, albeit with somewhat lower centrality score, residues Lys169
and Glul5 are seen as important. In general, we can conclude that both AC;* and AC" are
useful in identifying key nodes with respect to the dimer stabilization. There are some differ-
ences, mainly because the efficiency centrality score accounts also for how central given resi-
dues are within the monomers, es exemplified on Asp3 from monomer A in S7 Fig in S1 File.
The fact that Asp3 is covalently bound (very low edge weight) to Lys2 also adds to its higher
AC rank.

In the next step we employ the SVD method to investigate the attractive interactions in the
bipartite PPI graph Gppr. The particular implementation in pyProGA facilitates us to investi-
gate either Gpp; containing only attractive, only repulsive or both kinds of interactions. In any
case, the matrix, which is subjected to the SVD method, contains the corresponding E,; ener-
gies. The results in Fig 4 reflect this. We see that the first/dominant principal coordinates (PC)
found by the algorithm (a.k.a. motifs) do correlate strongly to the magnitude of the interaction
energy. If we define a measure f” of convergence of the matrix approximation, see Eqs 3 and
2, then the first two PCs accounts for about 40% of all terms in the sum. The first four PCs
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Glul5s

Fig 3. Network Differential Analysis (NDA). The protein structure coloured to represent the magnitude of the
centrality for each residuum. The PyMOL colour palette rainbow is used (red colour for high centrality, blue for low
values). In a) AC;*" is shown and in b) we show AC;" results. Selected high scoring residues are labelled.

https://doi.org/10.1371/journal.pone.0255167.9003
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Fig 4. PPI analysis in pyProGA. a) The attractive Gpp;. Green monomer A, blue B. Thickness of edge corresponds to interaction strength, colour to
character; red for prevailing electrostatic, blue for dispersion, see [85]. b) First four most dominant principal coordinates (interaction motifs in the PPI) as
identified by the SVD analysis of Gppy. Colour coded assignment of residues to PC. Factor f is defined by Eq 3. ¢) 3D-SPIE plot helps to identify strongest

attractive and repulsive interactions between monomers A and B. More details in S1 File.

https://doi.org/10.1371/journal.pone.0255167.9004
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make up to 64% and capture all the dominant PIEs as seen in Fig 4a (for details see also S8-
S10 Figs in S1 File).

In general, we can conclude that the results from the SVD method correlate well with the
prediction from the AC;" analysis. Minor discrepancies from the AC™ can be observed. These
are explained by the fact that the methods centred purely on E,; do not account for the net-
work character of the PRN model, see S5 Fig in S1 File for detailed explanation.

Lastly, we look at the community structure of our PIE-PRN model. The concept of finding
communities is to identify groups of vertices, which, broadly speaking, are more densely con-
nected than the average edge density in the whole graph. The implicit assumption is that such
communities (partitions in general) form components of the graph within which nodes “have
something in common”, see [80]. Our analysis revealed fourteen communities in G, see S11
Figin S1 File. Quickly it becomes evident that the community structure does, to a large degree,
reveal secondary structure elements such as helices etc. This was found also previously, e.g.
[37], and is not surprising, as secondary structure is formed due to relatively strong interac-
tions, often with a characteristic motif like in helices. However, the correspondence of a com-
munity to a secondary structure is not absolute and in several occasions residues from distinct
secondary structure elements belong to one community. This enables us to focus attention to
interactions responsible for tertiary structure. pyProGA has several ways in which the network
partitions can be visualized, see S11 Fig in S1 File.

Finally, we note that pyProGA can write graphs in .gexf and .graphml format for further
freedom in visualising your results in other programs, e.g. Gephi which was used to prepare
S12 Fig in S1 File [86].

Most of the methods implemented in pyProGA were published elsewhere (see the Intro-
duction and Methods sections). The purpose of this paper in not to reevaluate their correct-
ness. The network differential analysis (NDA) is new in this respect, hence we validated its
predictions against the results of the other methods. We see that they largely agree. Nonethe-
less, in order to provide comparison to experimental data, we add a short discussion of an sys-
tem that will be subjected to a separate more in depth study in the future. The system is the
protein complex of the human cytomegalovirus protein UL141 with the TRAIL-R2 receptor
protein (death receptor DR5) [87]. The authors of that work have performed mutations of the
protein at specific sites to asses the effect of such mutation on the stability of the protein com-
plex, from which one can in hindsight asses the importance of the native amino acid in the
binding. In some cases they mutated isolated amino acids and in some cases groups of amino
acids. We calculated FMO/DFTB PIEs (just like for the TIM barrel protein) and performed the
NDA algorithm to obtain the differential centralities AC:™. The NDA predictions and the sum-
mary of the experimental conclusions are presented in Fig 5. On the first glance, we can tell
that several of the residues the mutation of which causes loss of stability of the protein complex
can be picked out by the AC:™ results. Notably Glu151, Arg133 attain high scores and the
mutation of these amino acids seems to prevent the complex formation. However, a simple
quantitative relationship cannot be drawn from this data, e.g. the combined mutation of
Tyr103/Asn134 disrupts the binding as well, yet these residues score lower than e.g. Asp109,
the mutation of which (together with Glu78) causes only a 10-fold lower binding rate. But still,
all the residues which are predicted by SPR as important for the complex stability attain rela-
tively high score in our NDA analysis. In contrast, the residues which have lower effect on the
binding stability (Pro150, Met152, Lys155) attain also low AC: values. Combined mutations
like the one of Val167/Trp173/Val179 are harder to relate to the AC;" values. Nonetheless on
the qualitative level the NDA predictions are very nicely relatable to the experimental data.
One must bear in mind that in this preliminary study no dynamic effects were considered.
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Fig 5. NDA predictions and experimental data. The NDA AC:" scores for the residues in the UL141.. .TRAIL-R2 complex based on an FMO/DFTB
calculation. The top panel shows the scores of residues in both proteins (the border is depicted by the dashed line) and the bottom is a detailed plot for the
residues of the TRAIL-R2 protein. The table contains experimental SPR (surface plasmon resonance) data published elsewhere [87]. Specific site mutations
in the TRAIL-R2 protein to alanine (so called alanine scan), resulted in altered stability of the complex. The NDA bars corresponding to the residues that
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https://doi.org/10.1371/journal.pone.0255167.9005

Also, the SPR protocol cannot determine whether the loss in binding affinity is solely due to
the loss of interactions of the mutated amino acid or other effects. Most notably, the structure
of the mutated protein may be quite different from the native geometry. Our analysis at this
point considers only the native complex structure. We hope to elucidate the effects of dynam-
ics in a future work.

Conclusion

This paper introduces pyProGA as a tool for analysis of static protein residue networks. The
use example exhibits a subset of its capabilities, yet we believe the investigation of protein-pro-
tein interfaces is amongst it strongest features. The usefulness of this software is not limited to
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protein-protein interactions. Interactions of proteins with other kinds of ligands, such as
nucleic acids, oligosaccharides etc. can be studied equally well. The results achieved by various
approaches, be it network differential analysis of AC; and AC;, the FMO binding analysis
(see S13 Fig in S1 File) and the identified principal components via the SVD method are to a
large degree self consistent. It seems that the relationship of high and low AC:" score to experi-
mental data can be established at a qualitative level even from static models.

There are several ways how to inspect the results visually directly in pyProGA windows
and/or in the PyMOL main window. This should provide sufficient flexibility for achieving a
close-to-optimal solution for users. In addition, most of the results are also written in text for-
mat, which gives even more freedom for alternate modes of representation. As to the depiction
of the network(s), we provide 3D models which can be overlaid with any of the objects in
PyMOL and the option to save the graph (with node and edge attributes) to standard formats
(.gexf, .graphml). We hope to have created a useful tool, which will open the way for PRN
models to reach a wider part of the proteomics community.

Supporting information

S1 File. The file contains additional figures with extended captions.
(PDF)

Author Contributions
Conceptualization: Vladimir Sladek, Vladimir Sladek.
Data curation: Vladimir Sladek, Yuta Yamamoto, Ryuhei Harada, Mitsuo Shoji.

Formal analysis: Yuta Yamamoto, Ryuhei Harada, Mitsuo Shoji, Yasuteru Shigeta, Vladimir
Sladek.

Funding acquisition: Vladimir Sladek.
Investigation: Yasuteru Shigeta.
Methodology: Vladimir Sladek.

Project administration: Yasuteru Shigeta.
Software: Vladimir Sladek.

Supervision: Ryuhei Harada.

Validation: Vladimir Sladek.
Visualization: Vladimir Sladek.

Writing - original draft: Vladimir Sladek.

Writing - review & editing: Yuta Yamamoto, Ryuhei Harada, Mitsuo Shoji, Yasuteru Shigeta,
Vladimir Sladek.

References

1. DiPaola L, Ruvo MD, Paci P, Santoni D, Giuliani A. Protein Contact Networks: An Emerging Paradigm
in Chemistry. Chem Rev. 2013; 113:1598-1613. https://doi.org/10.1021/cr3002356

2. Schoenrock A, Burnside D, Moteshareie H, Pitre S, Hooshyar M, Green JR, et al. Evolution of protein-
protein interaction networks in yeast. PLoS One. 2017; 12:e0171920. https://doi.org/10.1371/journal.
pone.0171920 PMID: 28248977

PLOS ONE | https://doi.org/10.1371/journal.pone.0255167  July 30, 2021 13/17


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0255167.s001
https://doi.org/10.1021/cr3002356
https://doi.org/10.1371/journal.pone.0171920
https://doi.org/10.1371/journal.pone.0171920
http://www.ncbi.nlm.nih.gov/pubmed/28248977
https://doi.org/10.1371/journal.pone.0255167

PLOS ONE

pyProGA—PIlugin for PRN analysis

10.

11.

12

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

JinY, Turaev D, Weinmaier T, Rattei T, Makse HA. The Evolutionary Dynamics of Protein-Protein Inter-
action Networks Inferred from the Reconstruction of Ancient Networks. PLoS One. 2013; 8:e58134.
https://doi.org/10.1371/journal.pone.0058134

Woo HM, Jeong H, Yoon BJ. NAPAbench 2: A network synthesis algorithm for generating realistic pro-
tein-protein interaction (PPI) network families. PLoS One; 15:€0227598. https://doi.org/10.1371/journal.
pone.0227598

Ghavasieh A, Nicolini C, De Domenico M. Statistical physics of complex information dynamics. Phys
Rev E. 2020; 102:052304. https://doi.org/10.1103/PhysRevE.102.052304

Kannan N, Vishveshwara S. Identification of side-chain clusters in protein structures by a graph spectral
method. J Mol Biol. 1999; 292(2):441-464. https://doi.org/10.1006/jmbi.1999.3058

Greene LH, Higman VA. Uncovering Network Systems Within Protein Structures. J Mol Biol. 2003; 334
(4):781-791. https://doi.org/10.1016/j.jmb.2003.08.06 1

Watts DJ, Strogatz SH. Collective dynamics of small-world networks. Nature. 1998; 393:440-442.
https://doi.org/10.1038/30918

Vendruscolo M, Dokholyan N, Paci E, Karplus M. Small-world view of the amino acids that play a key
role in protein folding. Phys Rev E Stat Nonlin Soft Matter Phys. 2002; 65(6 Pt 1):061910. https:/doi.
org/10.1103/physreve.65.061910

Atilgan AR, Akan P, Baysal C. Small-World Communication of Residues and Significance for Protein
Dynamics. Biophys J. 2004; 86(1):85-91. https://doi.org/10.1016/S0006-3495(04)74086-2

Yeates TO, Beeby M. Proteins in a Small World. Science. 2006; 314(5807):1882—1883. https://doi.org/
10.1126/science.1137400

Taylor NR. Small world network strategies for studying protein structures and binding. Comput Struct
Biotechnol J. 2013; 5:6201302006. https://doi.org/10.5936/csbj.201302006

Ribeiro AAST, Ortiz V. Determination of Signaling Pathways in Proteins through Network Theory:
Importance of the Topology. J Chem Theory Comput. 2014; 10(4):1762—1769. https://doi.org/10.1021/
ct400977r

del Sol A, Fujihashi H, O’'Meara P. Topology of small-world networks of protein-protein complex struc-
tures. Bioinformatics. 2005; 21(8):1311-1315. https://doi.org/10.1093/bioinformatics/bti167

Liang Z, Verkhivker GM, Hu G. Integration of network models and evolutionary analysis into high-
throughput modeling of protein dynamics and allosteric regulation: theory, tools and applications. Brief-
ings Bioinf. 2020; 21(3):815-835. https://doi.org/10.1093/bib/bbz029

Guarnera E, Tan ZW, Zheng Z, Berezovsky IN. AlloSigMA: allosteric signaling and mutation analysis
server. Bioinformatics. 2017; 33(24):3996—-3998. https://doi.org/10.1093/bioinformatics/btx430

Higman VA, Greene LH. Elucidation of conserved long-range interaction networks in proteins and their
significance in determining protein topology. Physica A. 2006; 368:595-606. https://doi.org/10.1016/j.
physa.2006.01.062

Leitner DM. Energy Flow in Proteins. Annu Rev Phys Chem. 2008; 59:233-259. https://doi.org/10.
1146/annurev.physchem.59.032607.093606

Ishikura T, lwata Y, Hatano T, Yamato T. Energy exchange network of inter-residue interactions within
a thermally fluctuating protein molecule: A computational study. J Comput Chem. 2015; 36(22):1709—
1718. https://doi.org/10.1002/jcc.23989

Leitner DM, Yamato T. Recent developments in the computational study of protein structural and vibra-
tional energy dynamics. Biophys Rev. 2020; 12:317-322. https://doi.org/10.1007/s12551-020-00661-0

Ota K, Yamato T. Energy Exchange Network Model Demonstrates Protein Allosteric Transition: An
Application to an Oxygen Sensor Protein. J Phys Chem B. 2019; 123(4):768-775. https://doi.org/10.
1021/acs.jpcb.8b10489

Yin'Y, Maisuradze GG, Liwo A, Scheraga HA. Hidden Protein Folding Pathways in Free-Energy Land-
scapes Uncovered by Network Analysis. J Chem Theory Comput. 2012; 8(4):1176—1189. https://doi.
org/10.1021/ct200806n

VanWart AT, Eargle J, Luthey-Schulten Z, Amaro RE. Exploring Residue Component Contributions to
Dynamical Network Models of Allostery. J Chem Theory Comput. 2012; 8(8):2949-2961. https://doi.
org/10.1021/ct300377a

Khor S. Comparing local search paths with global search paths on protein residue networks: allosteric
communication. J Complex Networks. 2016; p. cnw020. https://doi.org/10.1093/comnet/cnw020

Li Q, Luo R, Chen HF. Dynamical important residue network (DIRN): network inference via conforma-
tional change. Bioinformatics. 2019; 35(22):4664—4670. https://doi.org/10.1093/bioinformatics/btz298

Yao XQ, Hamelberg D. Detecting Functional Dynamics in Proteins with Comparative Perturbed-Ensem-
bles Analysis. Acc Chem Res. 2019; 52(12):3455—-3464. https://doi.org/10.1021/acs.accounts.9b00485

PLOS ONE | https://doi.org/10.1371/journal.pone.0255167  July 30, 2021 14/17


https://doi.org/10.1371/journal.pone.0058134
https://doi.org/10.1371/journal.pone.0227598
https://doi.org/10.1371/journal.pone.0227598
https://doi.org/10.1103/PhysRevE.102.052304
https://doi.org/10.1006/jmbi.1999.3058
https://doi.org/10.1016/j.jmb.2003.08.061
https://doi.org/10.1038/30918
https://doi.org/10.1103/physreve.65.061910
https://doi.org/10.1103/physreve.65.061910
https://doi.org/10.1016/S0006-3495(04)74086-2
https://doi.org/10.1126/science.1137400
https://doi.org/10.1126/science.1137400
https://doi.org/10.5936/csbj.201302006
https://doi.org/10.1021/ct400977r
https://doi.org/10.1021/ct400977r
https://doi.org/10.1093/bioinformatics/bti167
https://doi.org/10.1093/bib/bbz029
https://doi.org/10.1093/bioinformatics/btx430
https://doi.org/10.1016/j.physa.2006.01.062
https://doi.org/10.1016/j.physa.2006.01.062
https://doi.org/10.1146/annurev.physchem.59.032607.093606
https://doi.org/10.1146/annurev.physchem.59.032607.093606
https://doi.org/10.1002/jcc.23989
https://doi.org/10.1007/s12551-020-00661-0
https://doi.org/10.1021/acs.jpcb.8b10489
https://doi.org/10.1021/acs.jpcb.8b10489
https://doi.org/10.1021/ct200806n
https://doi.org/10.1021/ct200806n
https://doi.org/10.1021/ct300377a
https://doi.org/10.1021/ct300377a
https://doi.org/10.1093/comnet/cnw020
https://doi.org/10.1093/bioinformatics/btz298
https://doi.org/10.1021/acs.accounts.9b00485
https://doi.org/10.1371/journal.pone.0255167

PLOS ONE

pyProGA—PIlugin for PRN analysis

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

44.

45.

46.

47.

48.

Doshi U, Holliday MJ, Eisenmesser EZ, Hamelberg D. Dynamical network of residue-residue contacts
reveals coupled allosteric effects in recognition, catalysis, and mutation. Proc Natl Acad Sci. 2016;
113(17):4735-4740. https://doi.org/10.1073/pnas.1523573113

Raval A, Ghahramani Z, Wild DL. A Bayesian network model for protein fold and remote homologue
recognition. Bioinformatics. 2002; 18(6):788—801. https://doi.org/10.1093/bioinformatics/18.6.788

Khor S. Folding with a protein’s native shortcut network. Proteins: Struct, Funct, Bioinf. 2018;
86(9):924-934. https://doi.org/10.1002/prot.25524

Serginoglu O, Ozbek P. gRINN: a tool for calculation of residue interaction energies and protein energy
network analysis of molecular dynamics simulations. Nucleic Acids Res. 2018; 46(W1):W554-W562.
https://doi.org/10.1093/nar/gky381

Contreras-Riquelme S, antonio Garate J, Perez-Acle T, Martin AJM. RIP-MD: a tool to study residue
interaction networks in protein molecular dynamics. PeerJ; 6:€5998. https://doi.org/10.7717/peer;.
5998

Ghosh A, Vishveshwara S. A study of communication pathways in methionyl- tRNA synthetase by
molecular dynamics simulations and structure network analysis. Proc Nat Acad Sci. 2007; 104
(40):15711-15716. https://doi.org/10.1073/pnas.0704459104

Estrada E. Universality in Protein Residue Networks. Biophys J. 2010; 98(5):890—900. https://doi.org/
10.1016/}.bpj.2009.11.017

Khor S. Protein residue networks from a local search perspective. J Complex Networks. 2015; 4
(2):245-278. https://doi.org/10.1093/comnet/cnv014

Viloria JS, Allega MF, Lambrughi M, Papaleo E. An optimal distance cutoff for contact-based Protein
Structure Networks using side-chain centers of mass. Sci Rep. 2017; 7:2838-2848. https://doi.org/10.
1038/s41598-017-01498-6

Vijayabaskar MS, Vishveshwara S. Interaction Energy Based Protein Structure Networks. Biophys J.
2010; 99(11):3704-3715. https://doi.org/10.1016/j.bp}.2010.08.079

Sladek V, Tokiwa H, Hitoshi S, Yasuteru S. Protein Residue Networks from Energetic and Geometric
Data: Are They Identical? J Chem Theory Comput. 2018; 14(12):6623-6631.

Yao XQ, Momin M, Hamelberg D. Establishing a Framework of Using Residue-Residue Interactions in
Protein Difference Network Analysis. J Chem Inf Model. 2019; 59(7):3222-3228. https://doi.org/10.
1021/acs.jcim.9b00320

Haratipour Z, Aldabagh H, Li Y, Greene LH. Network Connectivity, Centrality and Fragmentation in the
Greek-Key Protein Topology. The Protein Journal. 2019; 38:497-505. https://doi.org/10.1007/s10930-
019-09850-7

Capriotti E, Fariselli P, Casadio R. A neural-network-based method for predicting protein stability
changes upon single point mutations. Bioinformatics. 2004; 20:i63—i68. https://doi.org/10.1093/
bioinformatics/bth928

Estrada E. Topological analysis of SARS CoV-2 main protease. Chaos. 2020; 30(6):061102. https://doi.
org/10.1063/5.0013029

Miao Z, Westhof E. Prediction of nucleic acid binding probability in proteins: a neighboring residue net-
work based score. Nucleic Acids Res. 2015; 43(11):5340-5351. https://doi.org/10.1093/nar/gkv446

Aydinkal RM, Sercinoglu O, Ozbek P. ProSNEXx: a web-based application for exploration and analysis
of protein structures using network formalism. Nucleic Acids Res. 2019; 47(W1):W471-W476. https://
doi.org/10.1093/nar/gkz390

Chakrabarty B, Parekh N. NAPS: Network Analysis of Protein Structures. Nucleic Acids Res. 2016; 44
(W1):W375-W382. https://doi.org/10.1093/nar/gkw383

Felline A, Seeber M, Fanelli F. webPSN v2.0: a webserver to infer fingerprints of structural communica-
tion in biomacromolecules. Nucleic Acids Res. 2020; 48(W1):W94-W103. https://doi.org/10.1093/nar/
gkaa397

Raimondi F, Felline A, Seeber M, Mariani S, Fanelli F. A Mixed Protein Structure Network and Elastic
Network Model Approach to Predict the Structural Communication in Biomolecular Systems: The PDZ2
Domain from Tyrosine Phosphatase 1E As a Case Study. J Chem Theory Comput. 2013; 9(5):2504—
2518. https://doi.org/10.1021/ct400096f

Piovesan D, Minervini G, Tosatto SCE. The RING 2.0 web server for high quality residue interaction net-
works. Nucleic Acids Res. 2016; 44:W367-W374. https://doi.org/10.1093/nar/gkw315

Yan W, Hu G, Liang Z, Zhou J, Yang Y, Chen J, et al. Node-Weighted Amino Acid Network Strategy
for Characterization and Identification of Protein Functional Residues. J Chem Inf Model. 2018;
58(9):2024-2032. https://doi.org/10.1021/acs.jcim.8b00146 PMID: 30107728

PLOS ONE | https://doi.org/10.1371/journal.pone.0255167  July 30, 2021 15/17


https://doi.org/10.1073/pnas.1523573113
https://doi.org/10.1093/bioinformatics/18.6.788
https://doi.org/10.1002/prot.25524
https://doi.org/10.1093/nar/gky381
https://doi.org/10.7717/peerj.5998
https://doi.org/10.7717/peerj.5998
https://doi.org/10.1073/pnas.0704459104
https://doi.org/10.1016/j.bpj.2009.11.017
https://doi.org/10.1016/j.bpj.2009.11.017
https://doi.org/10.1093/comnet/cnv014
https://doi.org/10.1038/s41598-017-01498-6
https://doi.org/10.1038/s41598-017-01498-6
https://doi.org/10.1016/j.bpj.2010.08.079
https://doi.org/10.1021/acs.jcim.9b00320
https://doi.org/10.1021/acs.jcim.9b00320
https://doi.org/10.1007/s10930-019-09850-7
https://doi.org/10.1007/s10930-019-09850-7
https://doi.org/10.1093/bioinformatics/bth928
https://doi.org/10.1093/bioinformatics/bth928
https://doi.org/10.1063/5.0013029
https://doi.org/10.1063/5.0013029
https://doi.org/10.1093/nar/gkv446
https://doi.org/10.1093/nar/gkz390
https://doi.org/10.1093/nar/gkz390
https://doi.org/10.1093/nar/gkw383
https://doi.org/10.1093/nar/gkaa397
https://doi.org/10.1093/nar/gkaa397
https://doi.org/10.1021/ct400096f
https://doi.org/10.1093/nar/gkw315
https://doi.org/10.1021/acs.jcim.8b00146
http://www.ncbi.nlm.nih.gov/pubmed/30107728
https://doi.org/10.1371/journal.pone.0255167

PLOS ONE

pyProGA—PIlugin for PRN analysis

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

Pasi M, Tiberti M, Arrigoni A, Papaleo E. xPyder: A PyMOL Plugin To Analyze Coupled Residues and
Their Networks in Protein Structures. J Chem Inf Model. 2012; 52(7):1865—1874. https://doi.org/10.
1021/ci300213c¢

Shcherbinin D, Veselovsky A. In: Mohan C, editor. Analysis of Protein Structures Using Residue Inter-
action Networks. vol. 27 of Challenges and Advances in Computational Chemistry and Physics.
Springer; 2019.

Schrodinger LLC. The PyMOL Molecular Graphics System, Version 2.4; 2020.

Yuan S, Chan HCS, Hu Z. Using PyMOL as a platform for computational drug design. WIREs Computa-
tional Molecular Science. 2017; 7(2):e1298. https://doi.org/10.1002/wcms.1298

Estrada E. Characterization of the amino acid contribution to the folding degree of proteins. Proteins.
2004; 54(4):727-737. https://doi.org/10.1002/prot. 10609

Sladek V, Harada R, Shigeta Y. Protein Dynamics and the Folding Degree. J Chem Inf Model. 2020;
60(3):1559-1567. https://doi.org/10.1021/acs.jcim.9b00942

Dimitri Fedorov G, Kitaura K. The Fragnemt Molecular Orbital Method—Practical Applications to Large
Molecular Systems. CRC Press, Taylor and Francis Group; 2009.

Hamelryck T, Manderick B. PDB file parser and structure class implemented in Python. Bioinformatics.
2003; 19(17):2308-2310. https://doi.org/10.1093/bioinformatics/btg299

Schmidt MW, Baldridge KK, Boatz JA, Elbert ST, Gordon MS, Jensen JH, et al. General atomic and
molecular electronic structure system. J Comp Chem. 1993; 14(11):1347—-1363. https://doi.org/10.
1002/jcc.540141112

Gordon MS, Schmidt MW. Theory and Applications of Computational Chemistry. Dykstra CE, Frenking
G, Kim KS, Scuseria GE, editors. Elsevier; 2005.

Gordon MS, Fedorov DG, Pruitt SR, Slipchenko LV. Fragmentation Methods: A Route to Accurate Cal-
culations on Large Systems. Chem Rev. 2012; 112(1):632—-672. https://doi.org/10.1021/cr200093]

Fedorov DG. The fragment molecular orbital method: theoretical development, implementation in
GAMESS, and applications. WIRES. 2017; 7(6):e1322. https://doi.org/10.1002/wcms. 1322

Nakano T, Mochizuki Y, Yamashita K, Watanabe C, Fukuzawa K, Segawa K, et al. Development of the
four-body corrected fragment molecular orbital (FMO4) method. Chem Phys Lett. 2012; 523:128-133.
https://doi.org/10.1016/j.cplett.2011.12.004

Tanaka S, Mochizuki Y, Komeiji Y, Okiyama Y, Fukuzawa K. Electron-correlated fragment-molecular-
orbital calculations for biomolecular and nano systems. Phys Chem Chem Phys. 2014; 16:10310—
10344. https://doi.org/10.1039/C4CP00316K

Ishikawa T, Ishikura T, Kuwata K. Theoretical study of the prion protein based on the fragment molecu-
lar orbital method. J Comput Chem. 2009; 30(16):2594—2601. https://doi.org/10.1002/jcc.21265

Fedorov DG. In: Heifetz A, editor. Analyzing Interactions with the Fragment Molecular Orbital Method.
Methods in Molecular Biology. Humana, New York, NY; 2020. Available from: https://doi.org/10.1007/
978-1-0716-0282-9_4.

Fedorov DG. Partition Analysis for Density-Functional Tight-Binding. J Phys Chem A. 2020;
124(49):10346—-10358. https://doi.org/10.1021/acs.jpca.0c08204

Fedorov DG, Kitaura K, Li H, Jensen JH, Gordon MS. The polarizable continuum model (PCM) inter-
faced with the fragment molecular orbital method (FMO). J Comput Chem. 2006; 27(8):976-985.
https://doi.org/10.1002/jcc.20406

Fedorov DG. Solvent Screening in Zwitterions Analyzed with the Fragment Molecular Orbital Method. J
Chem Theory Comput. 2019; 15(10):5404-5416. https://doi.org/10.1021/acs.jctc.9b00715

Fedorov DG, Kitaura K. Pair interaction energy decomposition analysis. J Comp Chem. 2007;
28(1):222—-237. https://doi.org/10.1002/jcc.20496

Fedorov DG, Nagata T, Kitaura K. Exploring chemistry with the fragment molecular orbital method.
Phys Chem Chem Phys. 2012; 14:7562—7577. https://doi.org/10.1039/c2cp23784a

Green MC, Fedorov DG, Kitaura K, Francisco JS, Slipchenko LV. Open-shell pair interaction energy
decomposition analysis (PIEDA): Formulation and application to the hydrogen abstraction in tripeptides.
J Chem Phys. 2013; 138(7):074111. https://doi.org/10.1063/1.4790616

Suenaga M. Facio: New Computational Chemistry Environment for PC GAMESS. J Comp Chem
Japan. 2005; 4(1):25-32. https://doi.org/10.2477/jccj.4.25

Case DA, Babin V, Berryman JT, Betz RM, Cai Q, Cerutti DS, et al. AMBER 14. University of California,
San Francisco; 2014.

Hagberg AA, Schult DA, Swart PJ. Exploring Network Structure, Dynamics, and Function using Net-
workX. Proc SciPy. 2008; p. 11-16.

PLOS ONE | https://doi.org/10.1371/journal.pone.0255167  July 30, 2021 16/17


https://doi.org/10.1021/ci300213c
https://doi.org/10.1021/ci300213c
https://doi.org/10.1002/wcms.1298
https://doi.org/10.1002/prot.10609
https://doi.org/10.1021/acs.jcim.9b00942
https://doi.org/10.1093/bioinformatics/btg299
https://doi.org/10.1002/jcc.540141112
https://doi.org/10.1002/jcc.540141112
https://doi.org/10.1021/cr200093j
https://doi.org/10.1002/wcms.1322
https://doi.org/10.1016/j.cplett.2011.12.004
https://doi.org/10.1039/C4CP00316K
https://doi.org/10.1002/jcc.21265
https://doi.org/10.1007/978-1-0716-0282-9_4
https://doi.org/10.1007/978-1-0716-0282-9_4
https://doi.org/10.1021/acs.jpca.0c08204
https://doi.org/10.1002/jcc.20406
https://doi.org/10.1021/acs.jctc.9b00715
https://doi.org/10.1002/jcc.20496
https://doi.org/10.1039/c2cp23784a
https://doi.org/10.1063/1.4790616
https://doi.org/10.2477/jccj.4.25
https://doi.org/10.1371/journal.pone.0255167

PLOS ONE

pyProGA—PIlugin for PRN analysis

74.

75.

76.

77.

78.

79.
80.

81.

82.

83.

84.

85.

86.

87.

Wang S, Du Y, Deng Y. A new measure of identifying influential nodes: Efficiency centrality. Commun
Nonlinear Sci Numer Simulat. 2017; 47:151-163. https://doi.org/10.1016/j.cnsns.2016.11.008

Sladek V. A note on the interpretation of the efficiency centrality. Commun Nonlinear Sci Numer Simu-
lat. 2018; 61:225-229. https://doi.org/10.1016/j.cnsns.2018.02.012

Latora V, Marchiori M. Efficient Behavior of Small-World Networks. Phys Rev Lett. 2001; 87:198701.
https://doi.org/10.1103/PhysRevLett.87.198701

Yamamoto Y, Takei K, Aruimozhiraja S, Sladek V, Matsuo N, Han Si, et al. Molecular association model
of PPARa and its new specific and efficient ligand, pemafibrate: Structural basis for SPPARMa. Bio-
chem Biophys Res Commun. 2018; 499(2):239-245. https://doi.org/10.1016/j.bbrc.2018.03.135 PMID:
29567478

Tanaka S, Watanabe C, Honma T, Fukuzawa K, Ohishi K, Maruyama T. Identification of correlated
inter-residue interactions in protein complex based on the fragment molecular orbital method. J Mol
Graphics Modell. 2020; 100:107650. https://doi.org/10.1016/j.jmgm.2020.107650

Fiedler M. Algebraic connectivity of graphs. Czechoslovak Math J. 1973; 23(98):298-305.

Blondel VD, Guillaume JL, Lambiotte R, Lefebvre E. Fast unfolding of communities in large networks. J
Stat Mech: Theory Exp. 2008; p. P10008. https://doi.org/10.1088/1742-5468/2008/10/P10008

Fedorov DG, Kitaura K. Subsystem Analysis for the Fragment Molecular Orbital Method and Its Applica-
tion to Protein-Ligand Binding in Solution. J Phys Chem A. 2016; 120(14):2218-2231. https://doi.org/
10.1021/acs.jpca.6b00163

Lim H, Chun J, Jin X, Kim J, Yoon JH, No KT. Investigation of protein-protein interactions and hot spot
region between PD-1 and PD-L1 by fragment molecular orbital method. Sci Rep. 2019;(9):16727.

Maruyama K, Sheng Y, Watanabe H, Fukuzawa K, Tanaka S. Application of singular value decomposi-
tion to the inter-fragment interaction energy analysis for ligand screening. Comput Theor Chem. 2018;
1132:23-34. https://doi.org/10.1016/j.comptc.2018.04.001

Huang PS, Feldmeier K, Parmeggiani F, Velasco DAF, Hocker B, Baker D. De novo design of a four-
fold symmetric TIM-barrel protein with atomic-level accuracy. Nat Chem Biol. 2016; 12:29-34. https://
doi.org/10.1038/nchembio. 1966

Heifetz A, Sladek V, Townsend-Nicholson A, Fedorov DG. In: Heifetz A, editor. Characterizing Protein-
Protein Interactions with the Fragment Molecular Orbital Method. Methods in Molecular Biology.
Humana, New York, NY; 2020.

Bastian M, Heymann S, Jacomy M. Gephi: An Open Source Software for Exploring and Manipulating
Networks. Gephi, WebAtlas; 2009.

Nemcovicova |, Benedict CA, Zajonc DM. Structure of Human Cytomegalovirus UL141 Binding to
TRAIL-R2 Reveals Novel, Non-canonical Death Receptor Interactions. PLOS Pathogens. 2013;
9(3):1-14. https://doi.org/10.1371/journal.ppat.1003224

PLOS ONE | https://doi.org/10.1371/journal.pone.0255167  July 30, 2021 17/17


https://doi.org/10.1016/j.cnsns.2016.11.008
https://doi.org/10.1016/j.cnsns.2018.02.012
https://doi.org/10.1103/PhysRevLett.87.198701
https://doi.org/10.1016/j.bbrc.2018.03.135
http://www.ncbi.nlm.nih.gov/pubmed/29567478
https://doi.org/10.1016/j.jmgm.2020.107650
https://doi.org/10.1088/1742-5468/2008/10/P10008
https://doi.org/10.1021/acs.jpca.6b00163
https://doi.org/10.1021/acs.jpca.6b00163
https://doi.org/10.1016/j.comptc.2018.04.001
https://doi.org/10.1038/nchembio.1966
https://doi.org/10.1038/nchembio.1966
https://doi.org/10.1371/journal.ppat.1003224
https://doi.org/10.1371/journal.pone.0255167

