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Protein–protein interaction (PPI) networks represent complex intra-cellular protein interactions, and the presence or absence of such interactions can lead to biological changes in an
organism. Recent network-based approaches have shown that a phenotype’s PPI network’s
resilience to environmental perturbations is related to its placement in the tree of life; though
we still do not know how or why certain intra-cellular factors can bring about this resilience.
Here, we explore the inﬂuence of gene expression and network properties on PPI networks’
resilience. We use publicly available data of PPIs for E. coli, S. cerevisiae, and H. sapiens, where
we compute changes in network resilience as new nodes (proteins) are added to the networks under three node addition mechanisms—random, degree-based, and gene-expressionbased attachments. By calculating the resilience of the resulting networks, we estimate the
effectiveness of these node addition mechanisms. We demonstrate that adding nodes with
gene-expression-based preferential attachment (as opposed to random or degree-based)
preserves and can increase the original resilience of PPI network in all three species,
regardless of gene expression distribution or network structure. These ﬁndings introduce a
general notion of prospective resilience, which highlights the key role of network structures in
understanding the evolvability of phenotypic traits.
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volution by natural selection acts upon already existing
genetic material. Alterations like genetic mutations can
cause deleterious effects and are commonly selected
against1. However, emergence of evolutionary novelty is needed
for traits to evolve as the environment is constantly changing.
Thus, an evolutionary balancing act is needed to acquire beneﬁcial novelty and simultaneously avoid deleterious traits.
The evolutionary trajectory by which novel features may be
incorporated into already existing molecular systems is not well
understood. An extensive amount of research has been dedicated
to our understanding of protein sequence evolution, and what
may enable adaptation without disrupting already present biological functions. The functional divergence of genomes has been
explored by studying gene duplication2–4, de novo gene
emergence5–10, open reading frame extension11–13, and sequence
properties14,15, i.e., GC-content16 and codon usage17–19. While
there has been much focus on addressing wherefrom and how
novel sequence features emerge (e.g., gene duplication, de novo
gene emergence), limited attention has been given to how novelty
may become integrated into the cellular apparatus from a
systems-level perspective and what systems-level processes facilitate the incorporation of novel interactions.
Research of essential genes suggests that classiﬁcation of gene
essentiality is context dependant and quantitative rather than a
static and qualitative feature20. In fact, what determines gene
essentiality and gene dosage-sensitivity has been suggested to be
dependant on genetic and cellular context, and in part reﬂected in
biological networks20–22. Whether a novel protein is deleterious
or beneﬁcial depends not only on its own sequence features, but
also the environmental context of available interaction
partners23–26. It is, therefore, fundamental to understand how a
protein interacts with its proteomic surrounding.
Here, we examine the resilience of protein–protein interaction
(PPI) networks as the network changes. Biological resilience is a
measure of how tolerant a system is to perturbations27. This
notion of resilience is related to the system’s redundancy28; biological redundancy refers to two or more components performing
equivalent functions in a given biological system, such that
deactivation of one of them has negligible consequences on the
performance of the biological phenotype. Previous research has
shown that biological redundancy has a positive association to
network connectivity29,30 and may enable biological resilience by
increased tolerance to perturbations in PPI networks31. Here, a
perturbation is deﬁned as an alteration; either adding or removing a protein of a given network. Adding or removing a protein in
a PPI network will alter the connectivity and therefore also the
network resilience.
“Network resilience”, as deﬁned by Zitnik et al.31, describes the
extent to which random node isolation deteriorates network
structure (node isolation here being where all links are stripped
from the node, leaving it isolated from the rest of the network, see
Fig. 1a). Assuming that tolerance for novelty is linked to network
resilience, we aim to analyse which features affect resilience and
enable successful integration of novel proteins into PPI networks.
Essentially, we are asking to what extent biology may be shaped
by, or is making use of, the general properties of statistical network science relating to attachment mechanisms in the development of “resilient” protein interaction networks. To this end,
we use network science to computationally explore how novel
proteins may become integrated in PPIs. Speciﬁcally, we introduce and apply a novel network measure referred to as the prospective resilience. This involves introducing new proteins to a
network based on different attachment rules and measuring the
resulting network’s resilience compared to baseline. By measuring
the change in network resilience following the addition of new
nodes to the network, we are able to infer how robust a given
2

network structure is to incorporating novel proteins. We examine
the prospective resilience of PPI networks under three different
mechanisms for attaching novel proteins to the network. These
mechanisms include a random-attachment strategy, a degreebased attachment strategy common in the generation of many
scale-free networks, and a biologically inspired gene expressionbased attachment strategy, as it has been suggested that protein
evolution and network topology are interlinked with protein
abundance (gene expression)32–36.
Here, we analyze PPI networks with available data with respect
to gene expression, PPIs and network structure (see Fig. 2). We
examine the PPI networks of DNA repair, mismatch repair, DNA
replication, and the ribosome. We make use of publicly available
data (SNAP37 and KEGG38 databases), which are annotated and
experimentally veriﬁed, for three organisms: Escherichia coli
(prokaryote), Saccharomyces cerevisiae (unicellular eukaryote)
and Homo sapiens (multicellular eukaryote). We found that the
prospective resilience of many of these networks is greater when
node addition was based on the gene expression compared to the
other node attachment strategies.
Results
Network resilience and prospective resilience. In biological
terms, individual nodes represent individual proteins of the PPI
network, and we infer the biological resilience by inferring network resilience. The network resilience, R, is an information
theoretic measure that describes the extent to which random node
isolation deteriorates network structure31. This deterioration is
determined by the growing number of connected components in
the network as links are removed. Recall, that a connected
component in a network is a subset of nodes for which any two
nodes are connected by at least one path and two nodes are in
different connected components if no path exists between them in
the network. It is computed iteratively, involving the incremental
isolation of (i.e., removal of all links to) more and more nodes in
the network. In biological terms, links represent protein interactions, and the removal of links represents the removal of an
interaction between two proteins, yielding isolated and noninteracting proteins. The number of nodes isolated is the fraction
f ¼ ab of all nodes in the network (rounded to the nearest number
of nodes), where b is the total number of iterations and a
increases from 0 to b in steps of 1, i.e., if b = 100, we isolate 0%,
1%, 2%, ... 100% of the nodes. At each iteration, a modiﬁed
Shannon diversity measure,
H msh ðGÞ ¼ 

X
1
∑ px log px
log ðNÞ x¼1

ð1Þ

is computed for the resulting network, where px ¼ jcNx j, cx is a
connected component of the network, and N is the number of
nodes; px, therefore, is the probability that a randomly-selected
node is in the connected component cx. As f increases from 0 to 1,
the network becomes more and more disconnected until f = 1, at
which point the resulting network, Gf = 1, is a collection of N
isolated nodes (Fig. 1a, b). Consequently, the Shannon diversity of
these component size distributions increases with f (Fig. 1c). The
ﬁnal value for resilience is then calculated as a discrete approximation of the area under this curve:
H msh ðGf ¼a=b Þ
b
a¼0
b

RðGÞ ¼ 1  ∑

ð2Þ

where Hmsh(Gf) is the modiﬁed Shannon diversity of the network
after f fraction of nodes have been disconnected. In Supplementary Note S1, we break down the typical behavior of this resilience
measure. Particularly, we show that dense Erdős-Rényi networks
are more resilient than sparse ones (Supplementary Fig. S1),
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Fig. 1 Change in the Shannon diversity and network resilience. A visual intuition is provided to depict how network structure is associated with a
particular resilience value. a Network resilience is calculated by iteratively isolating fractions of nodes in the network, f, eventually leaving N isolated nodes.
b Following every iteration, the Shannon diversity of the component size distribution is calculated, in this case starting at f = 0 (one connected component),
and increasing until every node is disconnected, f = 1. c Increasing the fraction of nodes that have been isolated creates a curve of increasing entropy
values, which is used to compute the network resilience, as in Eq. (2). d An example of the prospective resilience of the network shown in (a). New nodes are
iteratively added to the original network, with m links attached randomly or preferentially based on the degree of nodes in the network.

which conforms to the intuition that a complete network is the
most resilient network, with a value R(G) = 0.5. Note that this
measure was previously deﬁned as ranging from 0.0 to 1.031, but
we show that the theoretical maximum is in fact 0.5 (see Supplementary Note S1).
Here, we introduce a novel adaptation of this resilience
measure, which we refer to as the prospective resilience (PR). The
intuition behind this measure is to ask to what extent the
resilience of a given network changes following the addition of
new nodes into the network structure. In a biological context, this
models how a network responds to the introduction of new
proteins. Building on common modeling techniques for studying
network growth processes, the prospective resilience is obtained
by repeatedly adding new nodes to the network and calculating
the updated resilience of the resulting network. This yields a
vector of resilience values, {Rt+1(G), Rt+2(G), . . . , Rτ(G)}, corresponding to the resilience of the network after the addition of
each of the τ new nodes to the network:

τ
PRτ ðGÞ ¼ Rt ðGÞ t¼1
ð3Þ
Given that the prospective resilience is computed by adding
nodes to a network, the mechanism by which nodes are added
becomes an important consideration. In general, node attachment

mechanisms assign a probability that each incoming node, vt+1,
attaches its m disconnected links (often referred to as “dangling”
links) to nodes already in the network, vi ∈ V. This could be based
on random attachment, where each node, vi, has a uniform
probability pi ¼ N1 of becoming connected to the incoming node,
vt+1. Similarly, a new node can add its m links preferentially
based on the degree (number of neighbors) of the nodes in the
network, pi ∝ ki, where ki is the degree of node vi. This means that
ki
,
the probability that vi will receive an incoming link is pi ¼ 2E
where E is the total number of links in the network. Figs. 3a–d
show examples of different attachment mechanisms and how the
different mechanisms change the structural properties of the
original network (Fig. 3e–g).
From the biological perspective, we posited that a novel protein
entering a system is inevitably more likely to interact with
proteins that are more abundant in that system. This abundance
can be determined by the protein’s gene expression39,40. To this
end, we compare the random and degree-based attachment
mechanisms with attachment based on gene expression. This is
implemented exactly as for degree-based attachment; the
probability that node vi receives an incoming link is proportional
to vi’s gene expression (i.e., the gene expression of node vi divided
by the sum of the gene expressions of all nodes). New nodes
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Fig. 2 Ribosomal networks. These species have ribosomal interaction networks that span a range of different network structures. Node colors depict
detected communities in the networks. Nodes of a given color are more likely to connect to other nodes of that color. Node size is proportional to gene
expression. a S. cerevisiae ribosomal network. b E. coli ribsomoal network. c H. sapiens ribosomal network. d–f Gene expression distribution of ribosomal
networks for S. cerevisiae, E. coli, and H. sapiens respectively. g–i Gene expression (in transcripts per million, TPM) plotted against node degree for (S.
cerevisiae, E. coli, H. sapiens), respectively. To accentuate clusters of nodes that share degree and gene expression attributes, the points in these plots share
the same color as their corresponding nodes in (a–c). Node size is not included here to improve clarity.

(novel proteins) will not have a known gene expression, and as
such, we assign them the average gene expression of the network.
Through this attachment rule, we explicitly couple insights from
network science to the biological properties of protein networks.
Protein–protein interaction networks. In this work, we explore
the notion of prospective resilience in biological systems. To do
so, we focus on PPI networks from three species: S. cerevisiae, E.
coli, and H. sapiens. In this section, we introduce the procedure
for generating these PPI networks.
Each protein in a species’ PPI network is represented by a
node. The links between nodes were then established wherever
there was evidence of PPIs in that species, based on data from the
SNAP database37,31. We identiﬁed proteins belonging to
respective PPI networks from data in ref. 38 and constructed
the ribosomal protein networks based on data from the SNAP
database37, which is a selected subset of the STRING database41.
SNAP consists of physical PPIs that are curated by experimental
veriﬁcation. Note, the links in these networks are unweighted,
4

indicating that either a PPI has been established between two
proteins or has not, with no indication of strength of interaction
included.
Expression for S. cerevisiae came from NCBI GEO42,43, H.
sapiens from EMBL-EBI Expression Atlas44,45, and E. coli K12
from NCBI GEO42,46. See “Data sources” section for a detailed
description on how the networks were constructed and how their
associated gene expression data was collected. Visualisations of
these networks are shown in Fig. 2a–c, and several network
properties reported in Table 1. In Figs. 2d–f, distributions of gene
expression for each network are plotted as histograms and against
node degree. The distributions for all three species had heavy
tails, with small numbers of highly expressed proteins and a bulk
of proteins with relatively low expression. Across the three
networks included here, we see that nodes with similar gene
expression and degree tend to cluster together, however the
correlation between degree and gene expression itself varies
between species (Fig. 2g–i, with Spearman rank correlation
coefﬁcients included).
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Fig. 3 The effect of attachment mechanism on network structure. A visual depiction of the effect of adding nodes under different attachment
mechanisms. In each example, 10 nodes are added, connecting their m = 4 links to nodes in the original network (indicated by the black nodes). Node size
corresponds to its likelihood of gaining new links. a Example network, before node addition. b Example of uniform attachment. c Example of (simulated)
gene expression preferential attachment. d Example of degree-based preferential attachment. e–g Depicts the change in the original network’s degree
distribution after the addition of 10 nodes, under each attachment mechanism (uniform, gene expression, and degree based). The white bars are
transparent to show overlap. While these histograms highlight the change in a single network property (degree, k), one can imagine a number of structural
changes occurring following the addition of new nodes, depending on the attachment mechanism.

Table 1 Basic network measures.
Network property

S. cerevisiae

E. coli

H. sapiens

Network size
Density
Average degree
Resilience
Modularity

145
0.284
40.82
0.438
0.182

55
0.929
50.18
0.435
0.0013

105
0.471
48.93
0.444
0.363

Network size is number of nodes/proteins. Network density is the fraction of the actual amount
of edges over the possible amount of edges. Average degree is the average number of edges per
node. Resilience and modularity are described in further detail in section “Network modularity”
and Supplementary Note S1.

Prospective resilience in protein–protein interaction networks. We
computed prospective resilience under a number of different
scenarios in order to determine the conditions under which
networks would have the highest prospective resilience (i.e.,
which attachment mechanism is the most effective for maximizing the network’s prospective resilience). In each condition,
we calculate the prospective resilience by adding 20 new nodes to
each network. We varied the number of new links, m, that each
new node added to the network (m = 4, 8, and 16). Each simulation was repeated 100 times and the means and standard
deviations were recorded from these runs. The resilience was
calculated with a rate of node isolation, b = 50 (see “Network
resilience and prospective resilience” section).
The results comparing the prospective resilience across the
three species and attachment mechanisms are shown in Figs. 4a–c
and in Supplementary Figs. S3j–l, S4j–l, and S5j–l, for the
ribosomal network, the DNA replication network, mismatch

repair network, and the protein export network, respectively. We
consistently found that the most effective mechanism for adding
new nodes to the networks was the attachment rule based on the
gene expression of nodes in the original network. See Supplementary Note S3 for supplementary results.
Degree-based and random attachment were on average less
effective at increasing the resilience of these networks (though
there is a slight improvement in S. cerevisiae in the case of
random attachment, a trend that disappears as more nodes are
added). In general, a higher positive slope indicated that the
attachment rule (along with the number of links that each new
node enters the network with) generated higher prospective
resilience. For information about the statistical differences
between the slopes of each curve in Fig. 4, see “Statistics of
prospective resilience and modularity” section and Supplementary Note S2. Note, it is observable that the conﬁdence intervals
for the gene-expression mechanism tended to be tighter than for
random attachment and degree distribution. One straightforward
explanation for this is that the heavy tail of the gene expression
distribution (as compared to degree distribution and uniform
distribution associated with random attachment) would create
more similar patterns of attachment for newly added nodes in the
network, i.e., in each iteration being more likely to attach to the
same high gene expression nodes, thus more predictable results in
the prospective resilience analysis.
In order to put these results in a better context, we performed a
survey of resilience in random networks as the inference of network
resilience has been under-explored for random networks. In
Supplementary Note S1.1, we include several explanatory simulations that offer a more comprehensive intuition about how this
measure behaves in networks. We highlight two main behaviors of

COMMUNICATIONS BIOLOGY | (2021)4:1352 | https://doi.org/10.1038/s42003-021-02867-8 | www.nature.com/commsbio

5

ARTICLE
a

COMMUNICATIONS BIOLOGY | https://doi.org/10.1038/s42003-021-02867-8

b

c

Fig. 4 Prospective resilience of three ribosomal networks. As more nodes are added (horizontal axes), the resilience of the resulting network changes
(vertical axes). The color of each curve corresponds to the number of new links that each new node enters the network with, and the line style
(solid, dashed, or dotted) corresponds to the three different node attachment mechanisms. a Prospective resilience of S. cerevisiae ribosomal network.
b Prospective resilience of E. coli ribosomal network. c Prospective resilience of H. sapiens ribosomal network. Ribbons around each curve correspond to
their 95% conﬁdence intervals.

this measure: its dependence on the network density and the degree
heterogeneity of the network. We illustrated this further in the
context of Erdős-Rényi networks and preferential attachment
networks (Supplementary Notes S1.1 and S1.2).
Based on our analyses of random networks, adding more links
(therefore making the resulting network more dense) increased the
prospective resilience in each of the three networks. This is shown
by the different colored lines in Fig. 4, as well as in Supplementary
Figs. S3–S5. This holds regardless of the method of attachment. In
other words, given that links in these networks correspond to
interactions between proteins, our results suggest that a network’s
resilience is more likely to increase if novel proteins are highly
interactive and particularly if they are highly interactive with highly
expressed proteins that are already present in the network. Through
these results with random networks, as well as our additional
analyses on several PPI networks (Supplementary Figs. S3–S5), our
ﬁndings suggest that there is a key role that the interplay between
network structure and gene expression has for determining a
network’s structural resilience. As the results regarding resilience
appear independent of what PPI network one analyses, we chose to
focus on just one PPI network for the remaining analyses
(modularity and noise) as representative for all of them; the
ribosomal PPI network. The ribosome is the biggest of these PPI
networks, in addition of being curated by extensive previous
research47–50, giving it the strongest statistical power and reliability.

where m is the number of edges, Aij is the element of the adjacency matrix in row i and column j, ki is the degree of i, ci is the
module assigned to node i, and δ(x, y) is the Kronecker delta
function which is 1 if x = y and 0 otherwise.
In general, we refer to networks as being modular when they
consist of densely-connected clusters of nodes that connect more
to each other than to the rest of the network. We chose to analyse
modularity due to observations of strong modular structures in all
of the networks, especially in the case of H. sapiens (Fig. 2c).
Additionally, we note that the three networks have very different
initial levels of modularity (Table 1).
Here, we examine whether we observe similar results to those
in section “Prospective resilience in protein–protein interaction
networks“ if we instead look at the change in the networks’
modularity following the introduction of new nodes. To do this,
we computed the modularity of the network after each addition
of new nodes. Full details of the analysis are found in section
“Network modularity”. We found that the behavior of prospective modularity did not resemble the observed trends for
prospective resilience (Fig. 5). In fact, node addition affected
the prospective modularity of each network differently, with no
discernible pattern between the different networks. As such,
modularity was ruled out as an explanatory measure for network
resilience. In conclusion, the modular structure of the networks
included here did not drive their prospective resilience.

Resilience and modularity. We found that the gene expressionbased attachment mechanism was most effective at maximizing
the prospective resilience of the three networks included here.
This ﬁnding does not immediately account for the extent to
which this could have been due to higher-order, structural (i.e.,
not necessarily biological) properties of the network measured by
classical network metrics. Particularly, the networks showed
observably strong community structure, a property that can be
measured by some metric for modularity. We, therefore, tested
whether the observed results could be explained more straightforwardly by modularity using the common modularity metric
proposed by Newman and Girvan51:


ki kj
1
ð4Þ
∑ Aij 
δðci ; cj Þ;
Q¼
2m i;j
2m

Noise and protein networks. We previously observed that gene
expression was moderately correlated with node degree while
gene expression-based attachment performed better than degreebased attachment. Here, we examine how decoupling of gene
expression from the network topology affects the prospective
resilience of the network. In other words, we probe to what extent
the performance of gene expression-based attachment is inﬂuenced by the distribution (i.e., Figs. 2d–f) of gene expression
values and its potential to create novel network structure, rather
than any relationship between the gene expression values and the
PPI network’s existing topology. To do this, we randomly shufﬂed
the gene expression values across the network and re-ran the
prospective resilience simulations. We did this for different
amounts of shufﬂing. For example, at 20% shufﬂing, the gene
expression values for a randomly chosen 20% of the proteins
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Fig. 5 Prospective modularity of three ribosomal networks. As a comparison measure, we also examine how the modularity of the network changes
following the addition of new nodes. The color scheme and line styles are the same as in Fig. 4. a Prospective modularity of S. cerevisiae ribosomal network.
b Prospective modularity of E. coli ribosomal network. c Prospective modularity of H. sapiens ribosomal network. Crucially, we do not ﬁnd any evidence that
the prospective resilience results observed in Fig. 4 are being driven by the change in the networks' community structures, as the plots here show highly
divergent patterns, suggesting that there is a more distinct mechanism underlying prospective resilience.

a

c

b

Fig. 6 Prospective resilience and randomized gene expression. We examine if speciﬁc gene expression is driving the high prospective resilience of the
expression-based attachment rule or if merely attaching nodes based on a shufﬂed gene expression distribution could bring about these results. Each new
node joins with m = 5 for S. cerevisiae and E. coli, and m = 6 for H. sapiens. These values were selected so that the slope of the prospective resilience would
be closest to 0.0 when the gene expression was not shufﬂed (0% shufﬂed). See Table 2 for how the correlation between a node’s degree and its gene
expression changes as noise increases. a Prospective resilience of S. cerevisiae ribosomal network. b Prospective resilience of E. coli ribosomal network.
c Prospective resilience of H. sapiens ribosomal network. Notably, we ﬁnd that the prospective resilience of the networks increases simply by increasing the
fraction of nodes with shufﬂed gene expressions.

(network nodes) were subject to a random permutation, while the
remaining 80% of proteins retained their original gene expression.
At 100% noise the gene expression values were randomly
assigned to nodes across the network.
We observe, in each of the three networks, that elevated shufﬂing
of gene expression increased prospective resilience (Figs. 6a–c). In
other words, biological noise simulated as random distribution of
expression, increases prospective resilience. It makes sense that
some noise would increase the prospective resilience; resilience
increases as networks becomes more dense, and shufﬂing the gene
expression values may increase the chance that a given low-degree
node receives a link from an incoming node. However, increasing
noise always increased the prospective resilience. This can be
explained by the fact that the simulations reported here do not
consider the biological limitations that a real protein interaction

network would face (e.g., gene dosage imbalance); our simulations
only address the resilience of the network structures.
Therefore, we conclude that the effect of the uneven
distribution of gene expression (and its limited association with
degree) on the preferential attachment mechanism promotes new
hubs (higher degree nodes) of connectivity in the network, which
increases the network’s prospective resilience. The greater the
novelty in the network structure created by this mechanism (i.e.,
the less correlation between degree and gene expression) the
greater the network’s prospective resilience (Table 2).
Discussion
This study used new network scientiﬁc methods to undertake a
systems approach to understanding how novelty is incorporated
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Table 2 Spearman rank correlation, ρ, between the degree and gene expression of a network at different levels of noise.
S. cerevisia

E. coli

H. sapiens

Noise

ρ

p-value

ρ

p-value

ρ

p-value

0.0%
20.0%
40.0%
60.0%
80.0%
100.0%

0.55
0.44
0.33
0.22
0.11
−0.0

1.06e−16
1.03e−10
2.18e−06
1.84e−03
1.22e−01
5.17e−01

0.27
0.23
0.16
0.11
0.06
−0.0

4.47e−02
4.47e−02
1.72e−01
3.07e−01
4.04e−01
4.78e−01

0.75
0.61
0.45
0.31
0.15
-0.0

2.78e−20
4.04e−12
1.23e−06
1.47e−03
1.21e−01
4.95e−01

The table displays the correlation after Noise % has been introduced to the network. The Spearman correlation was run over the mean from 1000 iterations.

into protein–protein interaction (PPI) networks. We accomplished this by adapting a measure of network resilience to
characterize the prospective resilience of multiple PPI networks.
We found that the prospective resilience of the many of the
networks examined was greatest when node addition was based
on the gene expression of the proteins in the original networks.
This suggests that the distributed levels of gene expression among
proteins facilitates or enables the system of interacting proteins to
receive and incorporate new proteins. It also suggests an
important correspondence between the structure and biological
properties of protein networks.
We also undertook a survey of how network resilience behaves
in random and preferential attachment networks, and highlighted
its dependence on the density and degree heterogeneity of the
network (see Supplementary Note S1). These simulations contextualize the analyses that we performed for ribosomal networks
and provide a platform for further use of the metric in a more
theoretical sense.
We compared the prospective resilience to a meso-scale network structural measure (which we refer to as the prospective
modularity) to determine if the observed increases in resilience
were due to the more widely studied property of community
structure51. No clear trend between prospective resilience and
prospective modularity was found between the networks (Fig. 5).
This supports the hypothesis that there remains a crucial role of
gene expression speciﬁcally in the resilience of a PPI network.
In a biological setting, network resilience infers biological
redundancy. We assume that novel proteins can be integrated
into existing PPI networks if they do not cause the network to
become disconnected, and instead add to the network redundancy. We ﬁnd that likelihood of a novel protein being integrated
is dependent on the existing topology of PPI and internal connectivity, but also gene expression. The results of our node
attachment analysis imply that novel proteins are able to be
integrated if they (i) are interactive with many existing proteins,
or (ii) primarily interact with proteins that are more abundant
(inferred by gene expression)52.
We also found that shufﬂing gene expression tends to further
increase resilience. The heavy tails of the gene expression distributions may indicate that (i) the most important factor for
increasing resilience is the creation of new hubs of connectivity
(new nodes strongly connecting to a few existing nodes), and (ii)
these new hubs are more effective in increasing resilience if created randomly in the network and not correlated with the already
established topology. Interestingly, a heavy-tailed (log-normal)
factor of attachment has been recently demonstrated as an
accurate explanation of the degree distributions across various
complex networks53, lending credence to the idea of gene
expression as (at least part of) such an explanatory mechanism in
PPI networks. If gene expression inﬂuences the evolution of the
PPI networks, then it necessarily needs to have an amount of
correlation with the existing degree distribution of the network.
8

Thus, even though we observe that the completely randomised
gene expression across the network yields a more resilient network, given enough time, the network connectivity would evolve
to correlate with the new gene expression values of the corresponding proteins. Then, more noise would be required to
increase the network resilience.
In an evolutionary trajectory of a PPI network, we would thus
expect to see a trade-off between the topological inﬂuence of gene
expression (i.e., correlation between gene expression and protein
node degree) and the emergence of novelty through biological
noise (i.e., weakened correlation between node degree and gene
expression). Arguably, this is reﬂected in the weak to moderately
strong correlations found in Fig. 2g–i. This conforms to classic
theoretical notions of the usefulness of noise in biological
systems54,55. In light of research in population genetics, species
with small effective population size are observed to undergo a
higher mutation rate due to imperfect selective constraint1. In
fact, it has been suggested that weakly deleterious mutations
induce secondary selection for stabilizing protein–protein interactions and that biological complexity is a side-effect of nonadaptive processes21,56. Accordingly, species with small effective
population size (e.g., multicellular eukaryotes) should have a
higher interactome resilience and complexity due to higher
exposure to noise, whereas species with large effective population
size (e.g., bacteria) should have a smaller and less resilient
interactome. This was observed by Zitnik et al.31 who studied
resilience of species interactomes; vertebrae and other multicellular eukaryotes display a higher interactome resilience than
unicellular eukaryotes and bacteria do31. However, whether
interactome resilience is a feature selected for per se rather than a
consequence of induced biological noise is ambiguous57,58. Further research is needed to establish to what degree noise is a
contributing factor to PPI network resilience. Ultimately, resilience is not the only factor to consider in PPI network evolution,
but it is informative of how well the PPI network may tolerate
perturbations (e.g., mutations).
Our ﬁndings suggest that novel proteins might enter PPI networks and interact broadly as generalists. Previous research
suggests how many proteins, i.e., enzymes, begin as generalists
with many interacting partners, and later evolve more specialized
interactions52,59, whereas ribosomal proteins may have evolved
toward multiple functions while primarily acting as stabilizers of
rRNA60. Indeed, our results seem to corroborate the “constructive
neutral evolution”61, in that new nodes added to the network may
not initially affect the resilience but over time contribute to the
network’s complexity. Under this interpretation, novel proteins
may be initially conserved in the network, simply by being tolerated and adding to the network resilience, as suggested in
research on de novo genes62.
A recent phylogenetic inference of the evolutionary trajectory
of the ribosomal PPI network—from bacteria to eukarya—found
that novel interactions reinforced existing links or connected
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previously unconnected nodes60. The study did not report on
network density, but suggested evidence toward increased network connectivity over evolutionary time contingent on emerging
C-terminal sequence extensions next to globular domains. Previous research of protein evolution found protein substitutions to
be contingent on prior epistatic substitutions, next to other
sequence factors63,64. Taken together, it is worthwhile to explore
the role of contingency, network resilience, noise, and gene
expression combined when analysing the evolutionary trajectories
of PPI networks.
Subsequent and systematic analyses of the prospective resilience of other species’ ribosomal networks (not to mention gene
pathway networks, metabolic networks, etc.) will allow
researchers to form more precise hypotheses about other possible
mechanisms—especially ones relating gene expression, pairwise
protein interactions and overall PPI network topology—which
might be driving the results we observe and delineate here. In
addition, it would be useful to explore how prospective resilience
changes under other biologically-informed methods for introducing proteins into PPI networks, as well as networks with
weighted connections between proteins. For example, the network connections used here indicate presence or absence of
interaction, but there are circumstances where the measured
interaction strength between proteins could be used to deﬁne
weighted network connections. Novel proteins, e.g., duplicates of
existing proteins, may have their attachment probabilities formed
based on the interaction strength that the original protein has
with other proteins. Additionally, as is the case in ribosomal
complexes, proteins also interact with mRNA or other molecules
not typically included in PPI data. Ultimately, we view this work
as a ﬁrst step toward understanding the stability of a network’s
resilience to novel information and as such, we examined
unweighted networks to highlight the importance of the presence
or absence of connections in a network. Prospective resilience is a
measure that can describe networks in general; it is particularly
meaningful in the study of biological systems, but since complex
systems are often described as recapitulating common properties
across different domains, this network measure can be used in
any system that undergoes and incorporates novel information.
Methods
Data sources. We make use of publicly available data of protein interaction
networks from Zitnik et al. Full interactomes were obtained from their website
(SNAP) for 3 model organisms: Saccharomyces cerevisiae, Homo sapiens, and
Escherichia coli str. K1237. According to the documentation about the SNAP
dataset, “In this study, however, we speciﬁcally focus on physical interactions and
thus we exclude functional (indirect) associations from the analysis. We combine
the following protein–protein interaction data: (a) Experimentally supported
interactions... and (b) Human expert-curated interactions.”31,37.
We additionally gathered gene expression data for each of the species studied.
Expression data for S. cerevisiae came from the wildtype data accessible on the
NCBI GEO database (accession: GSE52119)42,43. The GTEx Consortium45
collected H. sapiens gene expression data for various tissues, which was accessed via
the EMBL-EBI Expression Atlas44. We utilized expression reported in the spleen as
it was the tissue where most of the genes in the ribosomal network were expressed.
Gene expression for S. cerevisiae and H. sapiens was reported in transcripts per
million (TPM) by original sources. Wildtype gene expression data for Escherichia
coli str. K12 substr. MG1655 (NCBI:txid511145) was obtained from the NCBI GEO
database (accession: GSE48829)42,46. Meysman et al. originally reported expression
as count data; we converted from counts to transcripts per million (TPM) with
custom R scripts and gene lengths for Escherichia coli str. K12 retrieved from
UniProt65 in June 2019. To convert to TPM, we ﬁrst divided the read counts by the
length of each gene (in kilobases) to get reads per kilobase (RPK). The sum of all
RPK values was divided by one million to produce a scaling factor, which was then
multiplied by each protein’s RPK to produce their expression in TPM.
Network resilience. A network, G, consists of N nodes, V = {v1, v2, …, vN}, connected by M links, E = {(vi, vj): vi, vj ∈ V}. The resilience of a network is based on an
information theoretic analysis of the distribution of the sizes of connected components in G31. A connected component may be deﬁned as follows. If there exists a
path of links between two nodes, vi and vj, in G, then they are in the same

connected component, cx, of G. Otherwise vi and vj are in separate components, cx
and cy, say, of G. If vi has no links, and thus no paths from itself to any other node
in G, then vi is an isolated component of G. From this, we see that G is composed of
X disjoint connected components, fcx gXx¼1 , of varying sizes such that ∑Xx¼1 jcx j ¼ N.
We can then confer a notion of probability to each component proportional to its
size, px = ∣cx∣/N, such that if we chose a node at random from G it would have
probability px of coming from component cx. Resilience is then measured through a
modiﬁed Shannon diversity of the connected component size distribution in the
presence of node isolation31, as follows:
HðGf Þ ¼ 

X
1
∑ p log px
log ðNÞ x¼1 x

ð5Þ

This value is minimal, H(Gf) = 0, when the network consists of a single
connected component where paths exist between all node pairs, since log 1 ¼ 0,
and maximal, H(Gf) = 1, when the network consists only of isolated components
—HðGÞ ¼ log ðN 1 Þ=log N ¼ 1. Through simulating the removal of a fraction of
randomly-selected nodes, f, in a given network by removing all links to those nodes
and leaving them as isolated components, we are left with a new network, Gf. Then
the entropy of the connected component distribution will increase with increasing
f. With an increasing fraction of randomly isolated nodes, f, the entropy of the
number of connected components will increase until f = 1.0, at which point there
are N disconnected nodes (isolated components), reducing the network to the
maximal case of H, as previously noted. We show an example of this process, as f
increases, for an arbitrary simulated network (Figs. 1a–d). The resilience, R(G) of a
network, G, is then deﬁned as follows:
1

HðGf Þ

f ¼0

rf

RðGÞ ¼ 1  ∑

where rf is the rate of node isolation such that f 2

ð6Þ

n

0
rf

o
r
; r1 ; r2 ; :::; rf . In this work,
f

f

f

we default to a value of rf = 100, which means that the calculation of a network’s
resilience involves iteratively isolating 0%, 1%, 2%, ..., 100% of the nodes in the
network. For each value of f, we simulate the node isolation process 20 times.
Structural modularity measure
Network modularity. Networks are often analyzed by their community structure—
that is, to what extent do nodes in a network connect to other similar nodes,
whether in their structural properties or speciﬁc attributes51,66–68. There are a
number of different ways to detect community structure in networks, from algorithmic optimization to statistical/inferential to dynamical approaches66,69,70 (e.g.,
the color of the nodes in the networks in Fig. 2a–c was determined by one such
approach68). Regardless of the community detection approach, each method outputs a partition that maps each node to a given community. The modularity of a
given partition is a number that scores the extent to which it captures nodes’
tendencies to connect to other nodes in their same community at the expense of
nodes in other communities51. While imperfect, this measure endows us with a
powerful intuition for assessing higher-order network properties; namely, a network with high modularity partitions is likely to have obvious clusters of nodes,
structurally separated from other parts of the network.
Prospective modularity. Here, we use the notion of modularity in an attempt to give
possible explanations for the network mechanisms behind the observed trends in
the prospective resilience of the ribosomal networks studied in this work. In particular, we deﬁne prospective modularity in the same vein as our prospective
resilience measure to compare how node addition impacts resilience and modularity. The prospective modularity (PM) of a network is deﬁned as the change in
modularity following the addition of new nodes to a network (note the precise
similarities between this measure and the prospective resilience). The addition of a
new node, vt+1 with m disconnected links, to a network, Gt, at time, t + 1 will likely
change the modularity of the network. More speciﬁcally, by re-running a community detection algorithm on the resulting network, Gt+1, and calculating the
modularity of the resulting partition, we can observe the stability of this partition
over time and ask whether the modularity will increase or decrease. Further, by
varying the node-addition mechanism (adding nodes randomly, preferentially
based on degree, or preferentially based on gene expression), we can observe the
different effects that network structure and gene expression has on the prospective
modularity of a given network.
Statistics of prospective resilience and modularity. In order to determine the
extent to which the curves in Fig. 4 differ from one another, we perform a series of
statistical tests. The curves represent the average of 10 independent simulations for
each condition. We utilize all existing simulation data here. For each value of m in
each species, we perform an ANCOVA for each pair of attachment methods. We do
a Bonferri-correction to correct for multiple testing and obtain a signiﬁcance cutoff
at p = 0.0166. Additionally, we calculate Cohen’s d from the F-statistic presented by
the ANCOVA. The p-values and effect size (Cohen’s d) for each comparison are
presented in Supplementary Table S1. Almost all of these slope comparisons are
statistically signiﬁcant. We do the same pairwise ANCOVA and effect size comparisons for the curves in Fig. 5 and report the outputs in Supplementary Table S2.
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For S. cerevisiae, E. coli, and H. sapiens, the majority of slopes are signiﬁcantly
different and show signiﬁcant differences for larger values of m.
Reporting summary. Further information on research design is available in the Nature
Research Reporting Summary linked to this article.

Data availability
The data used in this work are available at https://github.com/jkbren/presilience71 and in
Supplementary Data 1. Supplementary Data 1 is a .json ﬁle that includes data for
reproducing Figs. 4–6. Network data for recreating Fig. 2 is found at https://github.com/
jkbren/presilience, and is stored as .graphml ﬁles in the /data folder; G_eco.graphml is
the E. coli network, G_hsa.graphml is the Homo sapiens network, and G_sce.graphml is
the S. cerevisiae network. Figs. 1 and 3 are generated from simulations, which can also be
found at https://github.com/jkbren/presilience.

Code availability
Software and reproducibility materials—including Python code with examples—can be
found at https://github.com/jkbren/presilience71.

Received: 9 November 2020; Accepted: 3 November 2021;

References
1.
2.

3.
4.
5.
6.

7.
8.
9.

10.

11.

12.

13.
14.
15.

16.
17.

18.
19.

20.

10

Lynch, M. The cellular, developmental and population-genetic determinants
of mutation-rate evolution. Genetics 180, 933–943 (2008).
Ohno, S. Evolution is condemned to rely upon variations of the same theme:
the one ancestral sequence for genes and spacers. Perspect. Biol. Med. 25,
559–572 (1982).
Ohno, S., Wolf, U. & Atkin, N. B. Evolution from ﬁsh to mammals by gene
duplication. Hereditas 59, 169–187 (1968).
Wolfe, K. H. & Shields, D. C. Molecular evidence for an ancient duplication of
the entire yeast genome. Nature 387, 708–713 (1997).
Carvunis, A.-R. et al. Proto-genes and de novo gene birth. Nature 487,
370–374 (2012).
Reinhardt, J. A. et al. De novo ORFs in Drosophila are important to
organismal ﬁtness and evolved rapidly from previously non-coding sequences.
PLoS Genet. 9, e1003860 (2013).
Levy, A. How evolution builds genes from scratch. Nature 574, 314–316
(2019).
Van Oss, S. B. & Carvunis, A.-R. De novo gene birth. PLoS Genet. 15,
e1008160 (2019).
Begun, D. J., Lindfors, H. A., Kern, A. D. & Jones, C. D. Evidence for de Novo
evolution of testis-expressed genes in the Drosophila yakuba/Drosophila erecta
Clade. Genetics 176, 1131–1137 (2007).
Wilson, B. A., Foy, S. G., Neme, R. & Masel, J. Young genes are highly
disordered as predicted by the preadaptation hypothesis of de novo gene birth.
Nat. Ecol. Evol. 1, 0146 (2017).
Klasberg, S., Bitard-Feildel, T., Callebaut, I. & Bornberg-Bauer, E. Origins and
structural properties of novel and de novo protein domains during insect
evolution. FEBS J. 285, 2605–2625 (2018).
Bornberg-Bauer, E., Schmitz, J. & Heberlein, M. Emergence of de novo
proteins from ‘dark genomic matter’ by ‘grow slow and moult’. Biochemical
Soc. Trans. 43, 867–873 (2015).
Toll-Riera, M. & Albà, M. M. Emergence of novel domains in proteins. BMC
Evol. Biol. 13, 47 (2013).
Abrusán, G. Integration of new genes into cellular networks, and their
structural maturation. Genetics 195, 1407–1417 (2013).
Toll-Riera, M., Radó-Trilla, N., Martys, F. & Albà, M. M. Role of lowcomplexity sequences in the formation of novel protein coding sequences.
Mol. Biol. Evol. 29, 883–886 (2012).
Huttener, R. et al. GC content of vertebrate exome landscapes reveal areas of
accelerated protein evolution. BMC Evol. Biol. 19, 144 (2019).
Teufel, A. I., Ritchie, A. M., Wilke, C. O. & Liberles, D. A. Using the mutationselection framework to characterize selection on protein sequences. Genes
(Basel) 9, 409 (2018).
Komar, A. A. The Yin and Yang of codon usage. Hum. Mol. Genet. 25,
R77–R85 (2016).
de Oliveira, J. L. et al. Inferring adaptive codon preference to understand
sources of selection shaping codon usage bias. Mol. Biol. Evol. 38, 3247–3266
(2021).
Rancati, G., Moffat, J., Typas, A. & Pavelka, N. Emerging and evolving
concepts in gene essentiality. Nat. Rev. Genet. 19, 34 (2018).

21. Cody, J. D. The consequences of abnormal gene dosage: lessons from
chromosome 18. Trends Genet. 36, 764–776 (2020).
22. Teufel, A. I., Liu, L.-Z. & Liberles, D. A. Models for gene duplication when
dosage balance works as a transition state to subsequent neo-or subfunctionalization. BMC Evol. Biol. 16, 1–8 (2016).
23. Chen, S. et al. An interactome perturbation framework prioritizes damaging
missense mutations for developmental disorders. Nat. Genet. 50, 1032–40
(2018).
24. Fragoza, R. et al. Extensive disruption of protein interactions by genetic
variants across the allele frequency spectrum in human populations. Nat.
Commun. 10, 4141 (2019).
25. Ogbunugafor, C. B., Wylie, C. S., Diakite, I., Weinreich, D. M. & Hartl, D. L.
Adaptive landscape by environment interactions dictate evolutionary dynamics
in models of drug resistance. PLoS Comput. Biol. 12, e1004710 (2016).
26. Weinreich, D. M., Delaney, N. F., DePristo, M. A. & Hartl, D. L. Darwinian
evolution can follow only very few mutational paths to ﬁtter proteins. Science
312, 111–114 (2006).
27. Wagner, A. Robustness and evolvability: A paradox resolved. Proc. R. Soc. B:
Biol. Sci. 275, 91–100 (2007).
28. Liu, C. et al. Computational network biology: data, models, and applications.
Phys. Rep. 846, 1–66 (2020).
29. Kafri, R., Dahan, O., Levy, J. & Pilpel, Y. Preferential protection of protein
interaction network hubs in yeast: Evolved functionality of genetic
redundancy. Proc. Natl Acad. Sci. USA 105, 1243–1248 (2008).
30. Klein, B. & Hoel, E. The emergence of informative higher scales in complex
networks. Complexity https://doi.org/10.1155/2020/8932526 (2020).
31. Zitnik, M., Sosič, R., Feldman, M. W. & Leskovec, J. Evolution of resilience in
protein interactomes across the tree of life. Proc. Natl Acad. Sci. USA 116,
4426–4433 (2019).
32. Drummond, D. A., Bloom, J. D., Adami, C., Wilke, C. O. & Arnold, F. H. Why
highly expressed proteins evolve slowly. Proc. Natl Acad. Sci. USA 102,
14338–14343 (2005).
33. Drummond, D. A. & Wilke, C. O. Mistranslation-induced protein misfolding
as a dominant constraint on coding-sequence evolution. Cell 134, 341–352
(2008).
34. Razban, R. M. Protein melting temperature cannot fully assess whether
protein folding free energy underlies the universal abundance-evolutionary
rate correlation seen in proteins. Mol. Biol. Evol. 36, 1955–1963 (2019).
35. Plata, G. & Vitkup, D. Protein stability and avoidance of toxic misfolding do
not explain the sequence constraints of highly expressed proteins. Mol. Biol.
Evol. 35, 700–703 (2017).
36. Heo, M., Maslov, S. & Shakhnovich, E. Topology of protein interaction
network shapes protein abundances and strengths of their functional and
nonspeciﬁc interactions. Proc. Natl Acad. Sci. USA 108, 4258–4263 (2011).
37. Leskovec, J. & Krevl, A. SNAP datasets: Stanford large network dataset
collection. http://snap.stanford.edu/tree-of-life/ (2014).
38. Kanehisa, M., Sato, Y., Furumichi, M., Morishima, K. & Tanabe, M. New
approach for understanding genome variations in KEGG. Nucleic Acids Res.
47, D590–D595 (2018).
39. Wilhelm, M. et al. Mass-spectrometry-based draft of the human proteome.
Nature 509, 582 (2014).
40. Edfors, F. et al. Gene-speciﬁc correlation of RNA and protein levels in human
cells and tissues. Mol. Syst. Biol. 12, 883 (2016).
41. Szklarczyk, D. et al. STRING v11: protein-protein association networks with
increased coverage, supporting functional discovery in genome-wide
experimental datasets. Nucleic Acids Res. 47, D607–D613 (2019).
42. Edgar, R., Domrachev, M. & Lash, A. E. Gene Expression Omnibus: NCBI
gene expression and hybridization array data repository. Nucleic Acids Res. 30,
207–210 (2002).
43. Spealman, P. et al. Conserved non-AUG uORFs revealed by a novel regression
analysis of ribosome proﬁling data. Genome Res. 28, 214–222 (2018).
44. Petryszak, R. et al. Expression Atlas update—an integrated database of gene
and protein expression in humans, animals and plants. Nucleic Acids Res. 44,
D746–D752 (2016).
45. Consortium, G. The Genotype-Tissue Expression (GTEx) pilot analysis:
multitissue gene regulation in humans. Science 348, 648–660 (2015).
46. Meysman, P. et al. COLOMBOS v2.0: an ever expanding collection of bacterial
expression compendia. Nucleic Acids Res. 42, D649–D653 (2013).
47. Klinge, S., Voigts-Hoffmann, F., Marc, L. & Ban, N. Atomic structures of the
eukaryotic ribosome. Trends Biochem. Sci. 37, 189–198 (2012).
48. Melnikov, S. et al. One core, two shells: bacterial and eukaryotic ribosomes.
Nat. Struct. Mol. Biol. 19, 560–567 (2012).
49. Wilson, D. N. & Doudna Cate, J. H. The structure and function of the
eukaryotic ribosome. Cold Spring Harb. Perspect. Biol. 4, a011536 (2012).
50. Peña, C., Hurt, E. & Panse, V. G. Eukaryotic ribosome assembly, transport and
quality control. Nat. Struct. Mol. Biol. 24, 689–699 (2017).
51. Newman, M. E. & Girvan, M. Finding and evaluating community structure in
networks. Phys. Rev. E 69, 1–15 (2004).

COMMUNICATIONS BIOLOGY | (2021)4:1352 | https://doi.org/10.1038/s42003-021-02867-8 | www.nature.com/commsbio

COMMUNICATIONS BIOLOGY | https://doi.org/10.1038/s42003-021-02867-8

52. Jensen, R. A. Enzyme recruitment in evolution of new function. Annu. Rev.
Microbiol. 30, 409–425 (1976).
53. Smith, K. Explaining the emergence of complex networks through log-normal
ﬁtness in a Euclidean node similarity space. Sci. Rep. 11, 1976 (2021).
54. Eldar, A. & Elowitz, M. B. Functional roles for noise in genetic circuits. Nature
467, 167 (2010).
55. Eling, N., Morgan, M. D. & Marioni, J. C. Challenges in measuring and
understanding biological noise. Nat. Rev. Genet. 20, 536–548 (2019).
56. Lynch, M. The frailty of adaptive hypotheses for the origins of organismal
complexity. Proc. Natl Acad. Sci. USA 104 Suppl 1, 8597–8604 (2007).
57. Barroso, G. V., Puzovic, N. & Dutheil, J. Y. The evolution of gene-speciﬁc
transcriptional noise is driven by selection at the pathway level. Genetics 208,
173–189 (2018).
58. Ciliberti, S., Martin, O. C. & Wagner, A. Robustness can evolve gradually in
complex regulatory gene networks with varying topology. PLoS Comput. Biol.
3, e15 (2007).
59. Nam, H. et al. Network context and selection in the evolution to enzyme
speciﬁcity. Science 337, 1101–1104 (2012).
60. Timsit, Y., Sergeant-Perthuis, G. & Bennequin, D. Evolution of ribosomal
protein network architectures. Sci. Rep. 11, 625 (2021).
61. Muñoz-Gómez, S. A., Bilolikar, G., Wideman, J. G. & Geiler-Samerotte, K.
Constructive neutral evolution 20 years later. J. Mol. Evol. 89, 172–182 (2021).
62. Bornberg-Bauer, E. & Heames, B. Becoming a de novo gene. Nat. Ecol. Evol. 3,
524–525 (2019).
63. Starr, T. N., Flynn, J. M., Mishra, P., Bolon, D. N. & Thornton, J. W. Pervasive
contingency and entrenchment in a billion years of Hsp90 evolution. Proc.
Natl Acad. Sci. USA 115, 4453–4458 (2018).
64. Pollock, D. D., Thiltgen, G. & Goldstein, R. A. Amino acid coevolution
induces an evolutionary Stokes shift. Proc. Natl Acad. Sci. USA 109,
E1352–E1359 (2012).
65. Consortium, T. U. UniProt: a worldwide hub of protein knowledge. Nucleic
Acids Res. 47, D506–D515 (2019).
66. Fortunato, S. & Hric, D. Community detection in networks: a user guide. Phys.
Rep. 659, 1–44 (2016).
67. Lancichinetti, A. & Fortunato, S. Community detection algorithms: a
comparative analysis. Phys. Rev. E 80, 1–11 (2009).
68. Girvan, M. & Newman, M. E. Community structure in social and biological
networks. Proc. Natl Acad. Sci. SA 99, 7821–6 (2002).
69. Schaub, M. T., Delvenne, J.-C., Rosvall, M. & Lambiotte, R. The many facets of
community detection in complex networks. Appl. Netw. Sci. 2, 4 (2017).
70. Delvenne, J.-C., Yaliraki, S. N. & Barahona, M. Stability of graph communities
across time scales. Proc. Natl Acad. Sci. USA 107, 12755–12760 (2010).
71. Klein, B. jkbren/presilience: presilience, Version v1.0. 2021. https://doi.org/
10.5281/zenodo.5507368 (2021).

Acknowledgements
This work was conceived at and supported by the Santa Fe Institute (SFI) Complex
Systems Summer School (CSSS). The authors thank Douglas Reckamp for his contribution to early discussions about networks and novelty. B.K. acknowledges the support
of a grant from the John Templeton Foundation (61780). The opinions expressed in this

ARTICLE

publication are those of the author(s) and do not necessarily reﬂect the views of the John
Templeton Foundation. A.S. acknowledges support from NSF award DGE-1632976.
M.M.J. acknowledges support from NIH training grant 1T32LM012414-01A1. K.M.S.
acknowledges support from Health Data Research UK, an initiative funded by UK
Research and Innovation Councils, National Institute for Health Research (England) and
the UK devolved administrations, and leading medical research charities. A.I.T. is supported by the SFI. A.S.K. acknowledges support from the Independent Research Fund
Denmark (DFF-4181-00490), and support from Studienstiftung des deutschen Volkes
(DE) at the time this project was initially conceived.

Author contributions
A.S.K. conceived the project with B.K.; data were retrieved by A.S.K. and M.M.J.; B.K.,
L.H., K.M.S., M.M.J., A.S., L.S., A.I.T., and A.S.K. contributed to the writing; B.K., L.H.,
K.M.S., M.M.J., A.S., L.S., A.I.T., and A.S.K. contributed to the analyses in this work.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary information The online version contains supplementary material
available at https://doi.org/10.1038/s42003-021-02867-8.
Correspondence and requests for materials should be addressed to Brennan Klein, Keith
M. Smith or April S. Kleppe.
Peer review information Communications Biology thanks Gregorio Alanis-Lobato,
Michele Bellingeri and Youri Timsit for their contribution to the peer review of this
work. Primary Handling Editor: Brooke LaFlamme.
Reprints and permission information is available at http://www.nature.com/reprints
Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional afﬁliations.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as long as you give
appropriate credit to the original author(s) and the source, provide a link to the Creative
Commons license, and indicate if changes were made. The images or other third party
material in this article are included in the article’s Creative Commons license, unless
indicated otherwise in a credit line to the material. If material is not included in the
article’s Creative Commons license and your intended use is not permitted by statutory
regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this license, visit http://creativecommons.org/
licenses/by/4.0/.
© The Author(s) 2021

COMMUNICATIONS BIOLOGY | (2021)4:1352 | https://doi.org/10.1038/s42003-021-02867-8 | www.nature.com/commsbio

11

