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To fulfill the biological activities in living organisms, proteins are endowed with dynamics, robustness
and adaptability. The three properties co-exist because they allow global changes in structure to arise
from local perturbations (dynamics). Robustness refers to the ability of the protein to incur such
changes without suffering loss of function; adaptability is the emergence of a new biological activity.
Since loss of function may jeopardize the survival of the organism and lead to disease, adaptability may
occur through the combination of two local perturbations that together rescue the initial function. The
review highlights the relevancy of computational network analysis to understand how a local change

produces global changes.

Introduction

The folding of a protein (Box 1) and its biological activity depend on the dynamics of the atomic
interactions between the amino acids of the protein. Every amino acid interacts with every other amino
acid, through interactions that weaken with distance. To create a simplified picture for tractability, we
define 'a chemical link' as at least one atom of residue i being closer than 5 A to an atom of residue j
(Box 1). Above that distance, there is no “chemical” link. Thus a protein can be represented as a network
(Box 1) of interacting amino acids.

Proteins present ample dynamics, well-illustrated by protein allostery where a perturbation at one site
(binding) affects another (active) site which is distant both in the sequence and in space [1,2]. The
question is: how do two sites distant within the protein communicate? This issue involves understanding
how a local perturbation (e.g. amino acid mutation, ligand binding) produces the dynamics that leads to
global effects, i.e. manifest far beyond the site of the perturbation. The science of networks has
produced numerous methods to tackle this question because networks mediate communications from

local to global scale. Some applications of such methods to protein dynamics are briefly described in the
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first part of the review. Yet, the mechanisms underlying local-to-global changes in proteins still escape
us and the transfer of “technology” remains a difficult exercise. To motivate it, the second part of the

review prospectively visits other real networks.

Amino acid networks (Box 1)

Evidence of local-to-global changes in proteins

Local perturbations of proteins may produce global changes that result in (i) robustness (maintenance of
the function), (ii) diseases (harmful loss of the function) or (iii) adaptability (new/combined/recovered
function) (Fig. 1). The latter often involves a combination of two local perturbations. Protein evolution
and diseases related to protein changes are examples [3-8].

p53 is a transcription factor (DNA binding protein) regulating cell death, acting thus as a tumor
suppressor by preventing cancers. In most tumors robust, lethal or adapted local perturbations are
found in p53 [9,10]. It is therefore a suitable prototype to consider local-to-global changes in proteins.
Such changes in p53 have been observed using molecular dynamic (MD) simulations and computational
network analysis [8]. Robust, lethal and adaptive mutations found in [8] are Y239N, G245S and G245S-
N239Y, respectively. MD simulations performed on the X-ray structures of wild-type and mutant p53
were analyzed by building networks of amino acids (nodes) linked by Root-Mean-Square Deviation
(RMSD)-distances across the simulation. Clustering methods were applied to group amino acids
according to ARSMD. Roughly, if all amino acids were moving concomitantly there would be one cluster.
The number of clusters (NOC) reports the extent of independent amino acid motions: many clusters
indicate a lack of rigidity and a destabilized protein. The p53 cancerous G245S mutant of p53 has 32
NOCs, against 21 for the wild-type (WT), consistent with a large global change that agrees with the loss
of function of the protein. N239Y has 19 NOCs suggesting small global changes compatible with
maintenance of function. The G2455-N239Y has 15 NOCs, which is less than the WT, indicating global
changes leading to a more rigid conformation, perhaps countering the G245S changes and rescuing
protein function. Network clustering is also used for identifying allosteric sites and protein sectors

evolutionary units of three-dimensional structure [1,2,6,7,11,12].

Mutations that lead to loss of function and cancer are also found in the tetrameric domain of the p53
[13,14]. Topological amino acid networks built from the X-ray structures of wild-type and mutants,
considering amino acid as nodes and distances between the atoms of the amino acids as links, indicated

that amino-acid contacts (referred to as signatures), changed upon mutation [15-17]. Because the



signatures capture contacts beyond chemical ones, these results showed that the local perturbation had
global effects. Graph signatures are also used to predict enzyme promiscuity [18]. Likewise, we reported
changes of links and nodes in the entire p53 network upon a single mutation [19]. Here the links in the
networks are chemical bonds, possibly monitored by different measures (distance, accessible surface
area, etc.) such that different networks can be constructed from the same X-ray structure [20,21]. Note
that topological amino acid networks are called several names in the literature: contact
networks/graphs, protein structure network, residue interaction graphs (RIG) or amino acid networks,

used here.

What about the mechanism underlying local to global communication in proteins?
Assuming the changes are discrete atomic interaction modifications rather than an overall reduction of

the protein dynamics, the next question is how the change on a local site is carried out elsewhere.

Is it a question of finding a path? Classically in networks, shortest paths are measured (e.g. using Floyd
Warshall algorithm, Girvan-Newman algorithm) to identify nodes or links which are central to the
communication in the network (betweenness, closeness, etc.). Such measures are used in protein
allostery [22-29]. They are relevant only to networks whose communication seeks the shortest available

routes (e.g. goods/metabolite transports).

It is also a question of network architecture which designs communication avenues (Fig. 2A). The classic
‘scale-free’ network provides communication through ‘hubs’, nodes with many links [30,31]. Such
networks have a power law degree distribution (Box 1), namely few hubs and a majority of nodes with
few links. By definition, hubs are in contact with many nodes and so every one of them is close to others
through them (small world effect) (Fig. 2A). Under well-defined conditions on the degree distribution,
the mean path length (Box 1) and the clustering coefficient, hubs control the communication within the
network [30]. Since the majority of nodes are poorly connected, perturbation (i.e. the removal of a node
and its links) usually has little effect on the network; however perturbing hubs is particularly damaging
(Fig 2A) [31]. This mirrors the behaviour seen in protein mutation: most amino acid mutations are robust
to loss of function, with the minority being dangerous. Indeed, proteins have been described as small
worlds [24,32,33]. Nevertheless, this description does not provide a natural platform for understanding
adaptability through the combination of two perturbations, which requires that both positions

communicate and that the changes are reversible. In such framework, perturbation over two hubs



would be necessary and the damages of one would need to compensate the damages of the other
instead of cumulating damages.

Moreover, the two hubs would need to communicate, which raises the issue of correlation of degrees: a
measure of the global architecture of networks [34] (Fig. 2A). A network is assortative when nodes
preferentially attach to nodes with similar degree and disassortative when the preference is for nodes of
different degree [35-37]. Knowing the level of assortativity aids prediction of the number of changes
between connecting hubs in an amino acid network [38,39]. In model and real networks, nodes that
regulate the network (driver node) avoid high degree nodes probably to keep the network under control
[40]. Robustness and adaptability in terms of correlation of degrees is a complex problem beyond the
scope of the review; see for example [41-43].

Let us explore amino acid hubs as communication devices in proteins. First, there are few statistics on
amino acid networks that report simultaneous measures of degree distributions, mean path length and
clustering coefficients [33]. Second, amino acid networks have random, exponential or power law
degree distribution [19,21,33,44]. In other networks, hubs have hundred or more times as many
connections as non-hubs; in proteins however the difference in connectedness is much smaller. Out of
twenty-two amino acids only R, W, Y, F and H are frequently observed with a degree above three or
four, arguing against the existence of hubs in proteins, at least if we define them as nodes with a degree
exceeding significantly the average degree [19,21]. Thus, there is no log scale differences in the degree
of amino acids in contrast, for example to a web network, e.g. 300 000 nodes and hubs ranging from
degree 100 to 1000 [45]. Such ratios are impossible in proteins because the contacts between amino
acids are based on Euclidian distances, so the surface of contacts grows with ~ r” (r is the amino acid
radius). A degree ratio of 100 would imply an amino acid with a 10 A radius. Thus amino acid hubs must
have a degree moderately higher than the average network degree, as reported [19,21,33]. Whether

moderate degree hubs can control the communication in proteins is still unknown.

What can be learned from other real networks?

Peer to peer communications [46,47].

However, communications mediated by high versus moderate degree hubs have been studied in other
real networks such as epidemic risk and computer communications (Fig. 2B). Nowadays computer-to-
computer communications are based on peer-to-peer (P2P) or GOSSIP networks where information

circulates step by step from one computer to the next (Fig. 2B). P2P networks have nodes of similar



degree and hubs of moderate degree. The P2P architecture is robust to node failures (i.e. removal of
nodes and links) and would be a satisfactory model of amino acid networks, where most nodes/amino
acids are resistant to mutation. P2P networks are resilient: they use more resources (links) than the
minimum necessary and organize them to have alternative/back-up paths between nodes to avoid
failures [48]. In fact, resilience and combinatorial interactions are common mechanisms for robustness

in biological networks [49-51].

Let us explore P2P communication in amino acid networks. Amino acids communicate via chemical links
between their atoms, which have by our definition a limited spatial reach. It is therefore reasonable to
assume that communication beyond that point involves a step by step mechanism. Quite simply, amino
acid i chemically interacts with amino acids j (distance 1), amino acid j chemically interacts with amino
acids k, which makes a communication path between i and k at distance 2, and this process can be
iterated. We have looked at the changes in the atomic interactions of the p53 tumor suppressor upon
the local perturbations N239Y and N239Y-G245S, respectively. Unweighted and weighted networks are
built from the X-rays structures (Fig. 2C). For the former, two amino acids which have at least one pair
of atoms at a distance below 5 A are defined to have one link; for the latter, the number of links
(weighted degree) between two amino acids is equal to the number of pairs of atoms they have which
are closer than 5 A. The weighted degree measures how strongly two residues are connected while the
unweighted degree simply keeps track of the fact that they are connected. The mutation of Asn®*
(residue i) introduces a new link between residues Pro*” (residue k) and Gly** (residue /) (Fig. 2C). Thus,
this local perturbation leads to changes at distance 3, far beyond the residue’s chemical reach. It also
alters the weighted links between Asn”? and His'’® (residue j) and between His'’”® and Pro*”’. A P2P
mechanism rationalizes the change at distance 3 when considering the changes over the weighted

179

network: the perturbation of Asn”*’ modifies the weighed degree of His'’°, which modifies the weighted

degree of Pro*”’, which modifies the weighted and unweighted degrees of Gly*”. The double mutation

 and Gly**® showing that the two sites of perturbation

creates a chemical link between Asn®
communicate. The weighted graph provides a more reliable geometrical description of the amino acids
which is important to design new paths. A P2P mechanism is one possible alternative to small world

communication to explain how a local perturbation can produce global changes.

Mechanisms underlying local to global changes: quality versus quantity



Very recently financial networks were found to be weaken more by influences between financial
partners than by their degree of connectivity [52]. Feedback centrality, which identifies nodes whose
perturbation affects not only their direct contacts (distance 1) but also the direct contacts of their direct
contacts (distance 2, etc.) in a domino effect, was measured. Basically, the risk of failures depended on
the sphere of influence of the nodes (how far the damages spread in the network) and not of their
degrees [52,53]. This illustrates how the total amount of change (global change) upon a perturbation
does not solely relate to the quantity of links of the disturbed node. Along these lines, we have found
that the in silico mutation of the highest degree node in the network of the cholera toxin B pentamer
interface had a lower impact on the stability of the interface than the mutation of a node of degree one
[54]. Moreover, the changes observed for the N239Y p53 mutant resemble a domino effect. We have
observed a similar domino effect upon the single mutation G334V in the p53 tetramerization domain
[19].

Influence effects are referred to as cascades and are used to measure epidemic risks [55,56]. There are
many flow algorithms, feedback centrality and influential algorithms worth considering. For example,
the Dijkstra algorithm applied on P2P networks allows one to calculate best itineraries or fastest
internet routing [57,58]. Influential algorithms are developed essentially to analyze social behavior from
human decisions to flocks of birds, but may also apply to protein-protein interaction networks [59]. In
particular Hegselmann-Krause’s and French-de Groot’s models look at how a node is influenced by and
influences its direct contacts [60-63].

Besides influences, what other changes can be expected upon an amino acid mutation? Altogether, a
mutation can either add or remove nodes/links, or conserve the wild-type connectivity. The real
problem is to anticipate the consequences of the local change. Again, this question arises in other real
networks and can be discussed in terms of quality and quantity of changes [64]. In social sciences, it is
known that weak ties between two nodes of two different communities otherwise unconnected
introduce a risk in the network (Fig 2A) [65-67]. This is typically a low quantity/high quality change.
Likewise in proteins, weak ties, if any, can be expected to create at least structural changes upon
mutation. In fact, the N239Y-G245S p53 mutant is a good example of how little (low quantity) changes
can prevent large impact. Now the high quantity of links also creates risk, such as for the p53
tetramerization and the financial networks, whose high connectivity promotes fragility because of the
domino effect [19] [52]. In contrast, amino acid networks of protein interfaces, issued from “healthy”

proteins (Box 1) are disconnected/sparse [19].



This warns us that there is no stricto sensu correlation between connectivity, density of contacts and
robustness or lack of robustness. The consequences of changes depend on whether they provide or

remove ‘back-up’ interactions [50,68].

The complex relationship between connectivity and robustness/sensitivity to changes, observed in
networks, is mirrored in proteins [69]. Schematically, proteins with high (globular) and low (disordered)

density of contacts are stable enough to exist.

Conclusion: A combination of network measures is essential to capture changes underlying local to
global changes in proteins: local measures on the nodes and links as well as influential/flow measures
along the paths of communication (architecture and diffusion). Complex networks are often systems
whose properties are not just the sum of the properties of their individual components they are
nonlinear systems. This also applies to amino acid networks and proteins. This concept is explored

further in the review [70] on the complexity of systemic risk in networks.



Box 1. Definitions

Protein: a chain of amino acids covalently linked, whose unique sequence encodes the shape and the
function of the protein. Amino acids are also called residues.

Protein folding: acquisition of the protein’s three-dimensional shape, also called fold or conformation.
Network: a network represents interactions between elements. The elements of the network are the
nodes, also called vertices, and the interactions between two distinct nodes are the links, also called
edges. A network is particularly well suited to model complex systems in which many elements interact
with many others.

Amino acid networks: network built using amino acid as nodes and interactions between amino acid as
links.

Robustness: the property of a system allowing it to maintain its functions despite external and internal
perturbations.

Local perturbation: the change of a single node, e.g. a single amino acid mutation.

Degree: the number of links of a node.

Path length: the number of links, called distance, one passes through travelling from one node to
another.

Cascade effect: an avalanche or a domino effect, in which one change produces other changes which in
turn produce other changes etc.

Healthy proteins: proteins which do not undergo shape or functional changes that lead to a disease or

reduced lifespan.



Figure legend

Figure 1. Complexity and dynamics of proteins. To cope with local perturbations, proteins rely on
dynamics as outlined here. For the sake of clarity, a protein is schematized by simple shapes made of
balls and sticks representing its amino acids and their links, respectively. In the central black box, the
protein has a shape S; suitable to a function F;. The local perturbation 1 (p1, blue lightning) on one
amino acid modifies the shape S; enough to prevent the protein from functioning (blue arrows). Such a
global change is lethal and underlies the development of some diseases. The local perturbation 2 (p2,
red lightning) on an amino acid at a different position, also modifies the shape S; but in such a way that
the protein maintains its function (red arrows). This is referred to as robustness to change, the local
perturbation p2 being neutral. The combination of the two local perturbations pl and p2 creates a
global change (purple arrows) that is a solution of the protein to adapt either by taking a new function F,
or by combining two functions F; and F, or by rescuing the function F; and preventing p1 lethal changes.

The mechanism common to these dynamics is that a global change is triggered by a local perturbation.

Figure 2. Network architecture. A. Theoretical networks. The nodes and links are represented by circles
and lines, respectively. Left panel. Network with high degree hubs connected to one another
(assortative network). Red circles are hubs and dotted lines are weak ties. The lightning represents
perturbation. The potential paths of changes subsequent to the perturbation are indicated by black and
green arrows. The spread of perturbation to a node of degree one (green arrow) is weaker than to a hub
(black arrows) because the hub has many links. Right panel. Network with moderate degree hubs
connected to lower degree nodes (dissassortativity). Paths of changes upon local perturbation appear
less obvious in such architecture. B. Computer networks. Schematics illustrate a served based network
(left panel) and a Peer-to-Peer network (right panel). In the former, the communications between
computers rely on a “hub” central computer. C. Real networks: from local to global changes in the
tumor suppressor p53. The wild-type tumor suppressor p53 and two mutated versions (N239Y and
N239Y-G245S) are taken as examples to illustrate the mechanism of changes upon a local perturbation.
The top panels represent a close up of the X-ray crystallography structures of the proteins, focusing
around the site of the mutations. The wild-type (yellow), N239Y (blue) and N239Y-G245S (green) PDBs
are 1TSR, 1UOL and 2J1Y, respectively. The side chains of the amino acids are shown with their type and
position along the protein sequence. Atomic distances are indicated in Angstrom and highlighted by

black lines. Continuous and dotted lines are for distances below and above 5 A, respectively. Changes in



the atomic distances upon mutation are indicated in red as well as the mutation. The middle panels are
unweighted network representations of the respective atomic close ups of wild-type, N239Y and N239Y-
G245S. Nodes and links are represented by black dots and lines. A link between two amino acids
signifies that the amino acids have at least one pair of atoms at a distance below 5 A (unweighted

2% His'”® Pro'”” and GIy245 are nodes j, j, k and /, respectively. The bottom panels

graph). Residues Asn
are weighted network representations of the respective atomic close ups of wild-type, N239Y and
N239Y-G245S. In the weighted networks, the number of links between two amino acids equals the
number of pairs of atoms at distances below 5 A they share. The weight is indicated on the link. The

local perturbation (i.e. mutation) is illustrated by a lightning bolt.

Figure 3. Double site perturbations and protein adaptability. One possible solution to adaptability
through the combination of two local perturbations is explained by a straightforward example, using a
simple rigid shape maintained by a set of links (sticks) between atoms (balls). A first local perturbation
on one site (lightning) removes one link (red stick). The shape relaxes; the protein becomes dynamic and
flexible, able to explore new shapes. A second local perturbation on a distinct site introduces a new link
(red stick), and vyields a new rigid shape. This mechanism applies as much to more complex
shape/system (e.g. snow coat/snow flake). Likewise, if the sticks are secondary structure elements and
the balls are amino acids. We have used this roadmap to explore the transition from a fully folded

protein to a protein fiber [71].

Acknowledgements. We are very thankful to Pablo Jensen, Nicolas Schabanel, Paul Sorba and Sylvie
Ricard-Blum for critical reading of the manuscript. Thanks to Chris Wymant for his criticisms and for
correcting the English. Financial support of the Federation of Research MSIF (Modelization,

Simulations and Interaction Fundamentals) is gratefully acknowledged.

References

1. De Ruvo M, Giuliani A, Paci P, Santoni D, Di Paola L: Shedding light on protein-ligand binding by graph
theory: the topological nature of allostery. Biophys Chem 2012, 165-166:21-29.

2. Feher VA, Durrant JD, Van Wart AT, Amaro RE: Computational approaches to mapping allosteric
pathways. Curr Opin Struct Biol 2014, 25:98-103.

10



3. Ortlund EA, Bridgham JT, Redinbo MR, Thornton JW: Crystal structure of an ancient protein:
evolution by conformational epistasis. Science 2007, 317:1544-1548.

4, Salverda ML, Dellus E, Gorter FA, Debets AJ, van der Oost J, Hoekstra RF, Tawfik DS, de Visser JA:
Initial mutations direct alternative pathways of protein evolution. PLoS Genet 2011,
7:¢1001321.

5. Wellner A, Gurevich MR, Tawfik DS: Mechanisms of protein sequence divergence and
incompatibility. PLoS genetics 2013, 9:e1003665.

ee 6. MclLaughlin RN, Jr., Poelwijk FJ, Raman A, Gosal WS, Ranganathan R: The spatial architecture of
protein function and adaptation. Nature 2012, 491:138-142.

In previous papers, the authors have established that proteins evolved by designing sparse networks of

co-evolved amino acids (termed sectors) comprising the essence of the 3D-structure and function. In the
present paper, they systematically mutate every single residue of a PDZ domain one by one and report
that only the mutation of sector amino acids leads to functional distress. Additionally, double mutations
of amino acid sectors yield functional evolvability. This remarkable work sets up the bases to understand
the complex nature of protein: robustness, dynamics and adaptability.

7. Suel GM, Lockless SW, Wall MA, Ranganathan R: Evolutionarily conserved networks of residues
mediate allosteric communication in proteins. Nat Struct Biol 2003, 10:59-69.

8. Demir O, Baronio R, Salehi F, Wassman CD, Hall L, Hatfield GW, Chamberlin R, Kaiser P, Lathrop RH,
Amaro RE: Ensemble-based computational approach discriminates functional activity of p53
cancer and rescue mutants. PLoS Comput Biol 2011, 7:e1002238.

9. Cho Y, Gorina S, Jeffrey PD, Pavletich NP: Crystal structure of a p53 tumor suppressor-DNA complex:
understanding tumorigenic mutations. Science 1994, 265:346-355.

10. Joerger AC, Fersht AR: The tumor suppressor p53: from structures to drug discovery. Cold Spring
Harb Perspect Biol 2010, 2:a000919.

11. Reynolds KA, MclLaughlin RN, Ranganathan R: Hot spots for allosteric regulation on protein
surfaces. Cell 2011, 147:1564-1575.

12. Baussand J, Carbone A: A combinatorial approach to detect coevolved amino acid networks in
protein families of variable divergence. PLoS Comput Biol 2009, 5:e1000488.

13. Kamada R, Nomura T, Anderson CW, Sakaguchi K: Cancer-associated p53 tetramerization domain
mutants: quantitative analysis reveals a low threshold for tumor suppressor inactivation. J Biol
Chem 2011, 286:252-258.

14. Higashimoto Y, Asanomi Y, Takakusagi S, Lewis MS, Uosaki K, Durell SR, Anderson CW, Appella E,
Sakaguchi K: Unfolding, aggregation, and amyloid formation by the tetramerization domain
from mutant p53 associated with lung cancer. Biochemistry 2006, 45:1608-1619.

15. Pires DE, de Melo-Minardi RC, da Silveira CH, Campos FF, Meira W, Jr.: aCSM: noise-free graph-
based signatures to large-scale receptor-based ligand prediction. Bioinformatics 2013, 29:855-
861.

16. Pires DE, de Melo-Minardi RC, dos Santos MA, da Silveira CH, Santoro MM, Meira W, Jr.: Cutoff
Scanning Matrix (CSM): structural classification and function prediction by protein inter-
residue distance patterns. BMC Genomics 2011, 12 Suppl 4:512.

e 17. Pires DE, Ascher DB, Blundell TL: mCSM: predicting the effects of mutations in proteins using
graph-based signatures. Bioinformatics 2014, 30:335-342.

The authors propose a robust graph measure that captures the overall changes in the atomic

interactions upon a mutation. Importantly, the measure does not introduce a geometrical bias.

11



18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.
35.

36.

37.

38.

39.

40.

Carbonell P, Faulon J-L: Molecular signatures-based prediction of enzyme promiscuity.
Bioinformatics 2010, 26:2012-2019.

Feverati G, Achoch M, Vuillon L, Lesieur C: Intermolecular B-Strand Networks Avoid Hub Residues
and Favor Low Interconnectedness: A Potential Protection Mechanism against Chain
Dissociation upon Mutation. P/oS one 2014, 9:e94745.

Lesieur C: The Assembly of Protein Oligomers: Old Stories and New Perspectives with Graph
Theory. In Oligomerization of Chemical and Biological Compounds. Edited by (Ed.) DCL: INTECH,;
2014.10.5772/58576

Brinda KV, Vishveshwara S: A network representation of protein structures: implications for
protein stability. Biophys J 2005, 89:4159-4170.

Van Wart AT, Durrant J, Votapka L, Amaro RE: Weighted Implementation of Suboptimal Paths
(WISP): An Optimized Algorithm and Tool for Dynamical Network Analysis. / Chem Theory
Comput 2014, 10:511-517.

van den Bedem H, Bhabha G, Yang K, Wright PE, Fraser JS: Automated identification of functional
dynamic contact networks from X-ray crystallography. Nature methods 2013, 10:896-902.

del Sol A, Fujihashi H, Amoros D, Nussinov R: Residues crucial for maintaining short paths in
network communication mediate signaling in proteins. Mol Syst Biol 2006, 2:2006 0019.

Vanwart AT, Eargle J, Luthey-Schulten Z, Amaro RE: Exploring residue component contributions to
dynamical network models of allostery. J Chem Theory Comput 2012, 8:2949-2961.

Pandini A, Fornili A, Fraternali F, Kleinjung J: Detection of allosteric signal transmission by
information-theoretic analysis of protein dynamics. The FASEB Journal 2012, 26:868-881.

Amitai G, Shemesh A, Sitbon E, Shklar M, Netanely D, Venger |, Pietrokovski S: Network analysis of
protein structures identifies functional residues. J Mo/ Biol 2004, 344:1135-1146.

Bhattacharyya M, Vishveshwara S: Probing the allosteric mechanism in pyrrolysyl-tRNA synthetase
using energy-weighted network formalism. Biochemistry 2011, 50:6225-6236.

Sethi A, Eargle J, Black AA, Luthey-Schulten Z: Dynamical networks in tRNA:protein complexes. Proc
Natl Acad Sci U S A 2009, 106:6620-6625.

Barabasi AL, Oltvai ZN: Network biology: understanding the cell's functional organization. Nat Rev
Genet 2004, 5:101-113.

Albert R, Jeong H, Barabasi AL: Error and attack tolerance of complex networks. Nature 2000,
406:378-382.

Vendruscolo M, Dokholyan NV, 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, 65:061910.

Atilgan AR, Akan P, Baysal C: Small-world communication of residues and significance for protein
dynamics. Biophysical journal 2004, 86:85-91.

Newman M: Networks: an introduction: Oxford University Press; 2010.

Bollen J, Gongalves B, Ruan G, Mao H: Happiness is assortative in online social networks. Artificial
life 2011, 17:237-251.

Newman ME: Assortative mixing in networks. Physical review letters 2002, 89:208701.

Kim WK, Marcotte EM: Age-dependent evolution of the yeast protein interaction network suggests
a limited role of gene duplication and divergence. PLoS computational biology 2008,
4:21000232.

Zhou D, Stanley HE, D’Agostino G, Scala A: Assortativity decreases the robustness of
interdependent networks. Physical Review E 2012, 86:066103.

Rong Z, Li X, Wang X: Roles of mixing patterns in cooperation on a scale-free networked game.
Physical Review E 2007, 76:027101.

Liu YY, Slotine JJ, Barabasi AL: Controllability of complex networks. Nature 2011, 473:167-173.

12



41

42

. Bagler G, Sinha S: Assortative mixing in Protein Contact Networks and protein folding kinetics.
Bioinformatics 2007, 23:1760-1767.

. Piraveenan M, Prokopenko M, Zomaya aAY: Proc. of the Alife XIl Conference, Odense, Denmark,
2010 329

Classifying Complex Networks using Unbiased Local Assortativity. In Proc. of the Alife XIl Conf; Odense,

43

44,

45.
46.

47.

48.

49.

50.

51.
52.

53.

54,

55.

56.

57.

58.

59.

60.

61.
62.

Denmark,Edited by Fellermann H, Dorr M, Hanczy MM, Laursen LL, Sarah Maurer DM, Monnard
P-A, Stgy K, Rasmussen S: 2010:329-336.

. Pechenick DA, Payne JL, Moore JH: Phenotypic robustness and the assortativity signature of human
transcription factor networks. PLoS Comput Biol 2014, 10:e1003780.

Greene LH, Higman VA: Uncovering network systems within protein structures. J Mol Biol 2003,
334:781-791.

Barabasi AL, Albert R: Emergence of scaling in random networks. Science 1999, 286:509-512.

Meloni S, Perra N, Arenas A, Gdmez S, Moreno Y, Vespignani A: Modeling human mobility responses
to the large-scale spreading of infectious diseases. Scientific reports 2011, 1.

Wang C, Li B: Peer-to-peer overlay networks: A survey. Department of Computer Science, The Hong
Kong University of Science and Technology 2003.

Boyd S, Ghosh A, Prabhakar B, Shah D: Gossip algorithms: Design, analysis and applications. In
INFOCOM 2005. 24th Annual Joint Conference of the IEEE Computer and Communications
Societies. Proceedings IEEE: IEEE: 2005:1653-1664.

Wagner A: Mutational robustness accelerates the origin of novel RNA phenotypes through
phenotypic plasticity. Biophys J 2014, 106:955-965.

Wagner A: The role of robustness in phenotypic adaptation and innovation. Proc Biol Sci 2012,
279:1249-1258.

Kitano H: Biological robustness. Nature Reviews Genetics 2004, 5:826-837.

Battiston S, Puliga M, Kaushik R, Tasca P, Caldarelli G: DebtRank: too central to fail? Financial
networks, the FED and systemic risk. Sci Rep 2012, 2:541.

Nicosia V, Criado R, Romance M, Russo G, Latora V: Controlling centrality in complex networks. Sci
Rep 2012, 2:218.

Achoch M, Feverati G, Vuillon L, Salamatian K, Lesieur C: Protein subunit association: NOT a social
network. In TABIS; Belgrade, Serbia: Institute of Physics, Belgrade: In press.

Prakash BA, Chakrabarti D, Valler NC, Faloutsos M, Faloutsos C: Threshold conditions for arbitrary
cascade models on arbitrary networks. Knowledge and information systems 2012, 33:549-575.

Del Sol A, Balling R, Hood L, Galas D: Diseases as network perturbations. Current Opinion in
Biotechnology 2010, 21:566-571.

Goldberg AV, Harrelson C: Computing the shortest path: A search meets graph theory. In
Proceedings of the sixteenth annual ACM-SIAM symposium on Discrete algorithms: Society for
Industrial and Applied Mathematics: 2005:156-165.

Dijkstra EW: A note on two problems in connexion with graphs. Numerische mathematik 1959,
1:269-271.

Chazelle B: Natural algorithms and influence systems. Communications of the ACM 2012, 55:101-
110.

DeGroot MH: Reaching a consensus. Journal of the American Statistical Association 1974, 69:118-
121.

French Jr JR: A formal theory of social power. Psychological review 1956, 63:181.
Hegselmann R, Krause U: Opinion dynamics and bounded confidence models, analysis, and
simulation. Journal of Artificial Societies and Social Simulation 2002, 5.

13



63. Gomez Rodriguez M, Leskovec J, Krause A: Inferring networks of diffusion and influence. In
Proceedings of the 16th ACM SIGKDD international conference on Knowledge discovery and data
mining: ACM: 2010:1019-1028.

ee 64, Shirado H, Fu F, Fowler JH, Christakis NA: Quality versus quantity of social ties in experimental
cooperative networks. Nat Commun 2013, 4:2814.

The authors analyze the peers’ influence on the cooperative behavior of human. In particular, they

measure the rate of forming and breaking ties and report that best cooperativity follows the Goldilocks
principle, namely not too many ties/links, not too little, giving rise to a network not connected, not too
disconnected. Such characteristic curiously recalls the sparse networks of co-evolved residues, termed
sectors described by Ranganathan et al (ref 6).

65. Giles J: Computational social science: Making the links. Nature 2012, 488:448-450.

66. Granovetter MS: The strength of weak ties. American journal of sociology 1973:1360-1380.

67. Ma X, Gao L: Discovering protein complexes in protein interaction networks via exploring the weak
ties effect. BMC systems biology 2012, 6:S6.

ee 68. Payne JL, Wagner A: The robustness and evolvability of transcription factor binding sites.
Science 2014, 343:875-877.

The authors report a statistical analysis of genetic networks and how combinatory provides alternative

solutions for resisting sequence variation and simultaneously broadening the diversity of recognition
patterns.

ee 69, Toth-Petroczy A, Tawfik DS: The robustness and innovability of protein folds. Curr Opin Struct
Biol 2014, 26C:131-138.
The authors discuss the relation between fold, function and innovability and highlight a variety of

relations which underlies the multiple mechanisms providing robustness and plasticity to a complex
system. The authors propose a polar model in which two distinct parts of the protein are dedicated to
robustness and plasticity, respectively.

ee 70. Helbing D: Globally networked risks and how to respond. Nature 2013, 497:51-59.
The author proposes an accessible and concise overview of risks, namely "perilous" changes, in

networks, among which many are likely to be invariant in any type of complex networks. He also
emphasizes the internal risk due to the dynamics of the system, in absence of any outside perturbation.
This is certainly a crucial point in proteins as well. Temporal networks are essential to take the atomic
interaction dynamics into account for supplying proteins robustness and plasticity to changes.

e 71. Lesieur C, Vuillon L: From tilings to fibers: bio-mathematical aspects of fold plasticity. In
Oligomerization from chemical to biological compounds. Edited by (Ed.) DCL: INTECH; 2014.
10.5772/58577.

The authors propose a new approach based on tiling to explore protein conformational changes. The
transition from protein oligomers to protein fibers is analyzed but the method apply more generally. The

14



important result is that little local changes are necessary to trigger significant global conformational
changes.

15



Figure 1

Adapted

A

Va pl and p2
.Q combined Rescue Evolved
w perturbations
A\ 4

Functions 1
and/or 2

<

N Perturbation 2

lethal

Robust

AN

Figure 1



Served Based NetworllPeer to Peer Network

L Nor

®

@® Wild-type

N239Y

G245S5+
N239Y

Figure 2



Figure 3

Dynamical and evolvable
Rigid and adapted
e R e T gy

—— e R s —



